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Abstract

Explainable Artificial Intelligence (XAI) is an area of AI that aims to make AI systems human-

understandable by explaining their functions, knowledge and actions. However, it is difficult

to define and quantify how well people actually understand machine explanations. This thesis

investigates an operational approach to define and analyse the effects of machine explanations

on human comprehension. We explore AI-human interactions where people are taught by AI.

An AI “teacher” presents machine explanations and human “students” are evaluated on how

accurately they can apply the taught knowledge on new materials. Notably, we show that

explanations provided by AI can quantifiably boost human task performance and lead to the

re-discovery of efficient computational algorithms by non-experts.

We present an assessment framework Eex to empirically quantify 1) both the beneficial and

harmful effects of machine explanations and 2) the impacts of machine-human teaching cur-

ricula. This framework can evaluate machine explanations regardless of their representations.

To demonstrate this framework, we examine explanations generated from logic theories learned

via a Machine Learning approach called Inductive Logic Programming (ILP). These logic the-

ories are computational logic statements learned by ILP systems from training examples. We

describe a preliminary theoretical work that characterises the properties of logic theories and

curricula for enhancing human task performance. We show that learning from a machine-

learned logic theory that is informatively compact and less cognitively demanding improves

human task performance. We also observe that teaching by building on simpler concepts bene-

fits human task performance. When concepts with increasing complexity are explained, human

novices can develop efficient computational algorithms.
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Chapter 1

Introduction

1.1 Motivation

Artificial Intelligence (AI) is the science and engineering of intelligent computer programs [175].

AI is relevant to a wide variety of intellectual tasks [259]. In particular, Machine Learning (ML)

focuses on developing computer programs whose performance of some tasks can be improved

through experience [198]. Exciting results have been achieved by ML in many domains. For

instance, machine learning systems have proven themselves capable of outperforming the best

human players in highly complicated games [126, 277]. Machine-learned models [35, 304] have

been demonstrated to be capable of processing complex natural language texts. Various clinical

studies have shown that machine-learned models possess the potential to improve healthcare on

various levels [79, 292]. Machine learning approaches have also become increasingly prevalent

for supporting discoveries in scientific research and engineering [144, 316].

However, most machine learning systems are too opaque for humans to understand. The

inability to transfer learned knowledge to humans has led to concerns about the risks of em-

ploying black-box machine learning [1, 111, 257]. For AI technologies to participate in today’s

society, their communication capabilities must be cautiously inspected [94]. Explainable Ar-

tificial Intelligence (XAI) [112] attempts to address these concerns by studying AI systems

that enable human understanding and provide explanations of their outputs, structures, deci-

sions and functions. Currently, many core definitions are ambiguous and not quantifiable [160].

1
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Figure 1.1: Explanations of machine-learned output that can make people more competent are
beneficial.

Whereas standard evaluation metrics exist to evaluate the performance of a predictive model,

no standardised evaluation strategy for machine explanations exists in XAI [222]. In particular,

interpretations of human understanding of machine explanations are often based on subjective

views [96, 191]. A critical question that needs to be answered is, how can one quantitatively

evaluate the human understanding of an AI system’s explanations?

This thesis answers this question based on prior work in machine learning comprehensibility.

As a notion key to AI [106], comprehensibility denotes a system’s ability to represent knowledge

in a human-understandable format [15]. However, it is often associated with the complexity of

machine-learned models due to quantification challenges of human comprehension [111]. Ultra-

strong Machine Learning (USML) [186] by Donald Michie is a distinct notion that emphasises

the machine-learned model to be symbolic and the ability of the system to teach humans to

improve their performance. By relating human comprehension of symbolic representation to

human out-of-sample predictive accuracy [268], USML was demonstrated, for the first time,

using logic programs and Inductive Logic Programming methods [215]. Logic programs are

sets of sentences in the language of Symbolic Logic [102]. Logic programs can implement

logic mechanisms of human reasoning [121, 130, 152] and can represent knowledge structurally

analogous to human concept hierarchy [14, 44, 223]. Inductive Logic Programming (ILP) [205]

is a machine learning method that learns hypotheses expressed as logic programs from training

examples. These hypotheses, called machine-learned logic theories, are often assumed to be

human-understandable.
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Importantly, we contribute by demonstrating that explanations generated from automatically

induced logic theories can help people become measurably better [3] (Figure 1.1) and more inno-

vative at performing tasks [2]. Domains such as manufacturing [220], education [55], healthcare

[79] and science [144, 316] have increasing demands for AI that can help improve human com-

petence in complex tasks. This thesis presents an empirical approach to evaluate machine

explanations with the potential to facilitate high-performance human-AI collaborations. We

identify and characterise some cases where machine explanations do not improve or even de-

grade human task performance [3, 2]. This thesis includes parts from two publications [3, 2].

We introduce a new framework Eex [3, 2] to quantitatively assess the explanatory effects of

machine explanations on human comprehension. Explanations by AI have diverse represen-

tations [192, 222]. Prior work on comprehensibility and USML in [215, 268] only account for

logic programs. The Eex framework does not have this limitation. To account for all repre-

sentations, we categorise a machine explanation as the output produced by any machine. Eex

is representation-independent and is based on human predictive accuracy so it can be tailored

for different tasks. In contrast to the comprehensibility definition in [268], our Eex framework

considers the harmfulness of machine explanations. It distinguishes human learning from ma-

chine explanations, where humans learn to predict the output of a function from explanations

generated by a computer system, and human learning from training examples, where humans

learn to predict the function’s output from input and output pairs of the function.

Additionally, we extend prior work [215, 268] by studying the effect of machine explanations

on human comprehension in AI-human interactions. Human learning is considered incremental

[37, 318, 103]. Humans can learn by building connections from a new context to prior knowledge

[14, 87]. The ability to transfer and reshape past knowledge is considered a strength of human

intelligence [231, 235], but explanations between humans and AI are often not interactive in

XAI [191]. Motivated by the teaching aspect in USML, we model comprehensibility evaluations

as sequential teaching curricula (STCs). In an STC, blocks of teaching materials such as

explanations and domains of training examples are dependent on each other and are sequentially

ordered. Research [216] shows humans tend to better reference concepts positioned towards the

beginning and the end of a series. This is known as the serial-position effect. We pay particular

attention to the order of concepts in a sequential teaching curriculum and consider a curriculum
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Figure 1.2: Overview of the comprehensibility evaluation. Given a machine learner that
takes training examples from an oracle, explanations of these examples are generated from
the machine-learned output. A benchmark score is first established using a short intelligence
test or some equivalent test before human subjects are taught to answer questions. Human
subjects have access to the same set of training examples from the oracle and are presented
with generated explanations according to these examples. Their comprehension of explanations
is evaluated in performance tests based on their predictive accuracy of unseen test examples.

incremental when concepts to be taught require solutions of increasing time complexity. Eex

offers new perspectives that advance prior work on USML and assessment of comprehensibility.

We have developed a preliminary theory on human comprehension of a logic program. We

hypothesise two theoretical constraints of comprehending a logic program [3] based on the pro-

gram’s 1) descriptive complexity and 2) execution stack requirements for knowledge application.

Our theory is related to Donald Michie’s Human Window [182]. Michie speculated that com-

putational representations best facilitate human understanding when they have an appropriate

balance of descriptive size and executional cost. Representations that are descriptively complex

or executional costly are unlikely to accommodate human memory or mental execution. For

a range of machine representations, bounds on their descriptive and executional complexity

suitable for human memory and computation represent a “window”. We postulate a cogni-

tive window exists for a logic program: explaining a machine-learned logic program improves

human comprehension if it can be cognitively executed and has low descriptive complexity.
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The maintenance cost of storing sub-goals when executing a logic program is estimated by our

proposed cognitive cost Cog. In addition, we hypothesise that a sequential teaching curriculum

can enhance human comprehension of a concept if it teaches other suitable concepts that reduce

the complexity of searching for a plausible solution. Our theory has been supported by our

empirical results [2, 3]. Section 2.8 further explains Michie’s Human Window.

Recursion plays a key role in human understanding of concepts and semantics of language [116].

Efficient human operations often involve grouping goals and actions and reapplying them [14].

A variant of ILP, Meta-Interpretive Learning (MIL) [214], can be used to learn recursive logic

programs, invent programs that represent new concepts [208] and reuse previously learned pro-

grams [158]. These traits make MIL an ideal machine learning approach to demonstrate the Eex

framework. To apply the Eex framework, we have designed curricula to teach textual explana-

tions and visualisations to humans (Figure 1.2). Each curriculum contains “comprehensibility

tests” to examine human learners’ predictive accuracy after being exposed to teaching materials

such as training examples or machine explanations. Human task performance aided by ma-

chine explanations is measured after a brief studying period. It is contrasted with a controlled

curriculum where people study only training examples.

We perform empirical trials in the context of simple games and sorting. Both are fundamental

topics in AI and Computer Science [65, 259]. Games provide dynamic environments where

human inferential abilities can be analysed at different levels [228]. Developing efficient sorting

approaches requires deliberate reasoning [311] and the ability of humans to combine previously

learned concepts can be investigated in sorting. We purposely design experimental materials

with elements from real-world settings to sufficiently challenge human learners. We demon-

strate the Eex to assess the effects of explaining logic programs on human comprehension in

these complex situations. Logic programs are often assumed comprehensible while computa-

tionally complex or memory-demanding computational representations do not necessarily allow

human comprehension [182]. Contrary to most XAI results which only highlight the positive

effects [257, 287], we use the Eex framework and cognitive window to study both the benefi-

cial and harmful explanatory effects. In the context of computational algorithm teaching, we

demonstrate human knowledge re-discovery - the recognition of known concepts through explo-

rations - as human novices develop efficient sorting algorithms in sequential teaching curricula.
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1.2 Thesis statement

We aim to answer how the explanations generated from machine-learned logic programs and the

teaching order of concepts affect human task performance. Therefore, we examine the following

thesis statement.

Thesis Changes in human comprehension are quantitatively identifiable and affected by

both explanations of machine-learned hypotheses and the presentation order of target

concepts.

We consider a non-trivial task as a specific objective that requires a sequence of actions to

perform and would need considerable reasoning and training experience of a normal human

novice to achieve high-level performance. Games and sorting are non-trivial tasks [228, 311], so

we examine the thesis statement in these contexts. First, we focus on quantitatively measuring

the beneficial and harmful effects of machine explanations on human comprehension.

Sub-thesis 1 For a non-trivial task, improvement and degradation in human comprehension

can be quantitatively identified and are influenced by explanations of machine-

learned hypotheses.

We examine Sub-thesis 1 for a two-player game and sorting in Chapter 4 and 5. In addition,

background knowledge and related experience often facilitate the human acquisition of new

information [37, 14, 87]. Considering the impact of experience on human learning and the

serial-position effect, we explore how human comprehension is affected by different sequential

orders of machine explanations.

Sub-thesis 2 For a non-trivial task, improvement in human comprehension in sequential

curricula can be quantitatively identified and is influenced by the presentation

order of target concepts.

We assess Sub-thesis 2 in Chapter 5 in the context of sorting.
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1.3 Contributions

Contribution 1: Explanatory effects of machine-learned logic theories on human

comprehension (supports Sub-thesis 1)

The definition of comprehensibility [268] is restricted to logic programs only. It makes no

distinctions between human learning from training examples and human learning from machine

explanations. In addition, to our knowledge, no prior empirical framework of comprehensibility

and USML has accounted for the harmfulness of machine explanations. We extend on prior

work [215] and create an explanatory effect framework Eex which is flexible and representation-

independent. We have developed a preliminary theory to account for the limitations of human

reasoning and learning. We present an estimation of the goal maintenance cost Cog and

introduce a hypothesis of a cognitive window on a logic program. In the context of learning

a two-player game, our empirical analysis supports that a machine-learned theory would not

have a beneficial effect on human comprehension when theory complexity is high or execution is

cognitively challenging. This supports our hypothesis of a cognitive window. My contributions

include:

• (Section 3.1.1) The first operational definition of beneficial/harmful explanatory effects

of machine-learned theory on human comprehension as part of the Eex framework.

• (Section 3.2.2) The definition of a cognitive window of a machine-learned theory that af-

fects human comprehension based on the descriptive complexity and an estimated main-

tenance cost Cog of the explained logic theory.

• (Section 4.5) Empircal evidence of a beneficial effect of a machine-learned theory on

human comprehension (supports Sub-thesis 1).

• (Section 4.5) Empircal demonstration of a harmful effect of a machine-learned theory on

human comprehension (supports Sub-thesis 1).

Contribution 2: Effects of a sequential teaching curriculum on human comprehen-

sion (supports Sub-thesis 1 and 2)
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The order of concepts in learning is important to both machine learning and human learning.

Understanding the effects of curriculum order has been essential to machine learning theory

and human problem-solving. However, this subject has not been examined in the context of

comprehensibility and USML. We have extended the Eex framework in [2] to account for the

impacts of sequential teaching on comprehension. In our preliminary theory, we postulate

an improvement of human comprehension by incremental sequential teaching. For learning

computational algorithms, we demonstrate the improvement of human comprehension from

sequential teaching as a result of the reduction in the size of the hypothesis space associated

with the target concept definition. This supports our hypothesis on a sequential teaching

curriculum improvement effect. My contributions are:

• (Section 3.1.2) The first operational definition of the beneficial/harmful effects of a se-

quential teaching curriculum on human comprehension as part of the Eex framework.

• (Section 3.2.3) The definition of sequential teaching’s improvement of human comprehen-

sion based on a reduction in the size of the hypothesis space of the target concept by an

incremental teaching order.

• (Section 5.5) Empircal results that indicate a beneficial effect of learning from sequential

teaching curricula on human comprehension and support sequential teaching improvement

(supports Sub-thesis 2).

• (Section 5.5) Empircal demonstration of the re-discovery of divide-and-conquer algorithms

after human novices learn from concepts with increasing complexity.

• (Section 5.5) Empircal evidence of the optimisation of sorting strategy as a result of

studying in an incremental curriculum with explanations generated from machine-learned

logic rules (supports Sub-thesis 1 and 2).

1.4 Publications

Parts of two papers [2, 3] are included in this thesis. Both papers [2, 3] are published in the

Machine Learning Journal.
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My contributions to the published paper [3] include 1) developing the Eex framework of explana-

tory effects, 2) defining a cognitive cost Cog of machine-learned logic theories, 3) hypothesising

a cognitive window, 4) the modification of an ILP system to learn Noughts and Crosses win-

ning strategy suitable for the empirical trials, 5) the implementation of the experiment interface

with explanations generated from machine-learned logic theories, 6) analysis of empirical data

collected from human participants and 7) writing of the majority of the paper.

In the published paper [2], my contributions are 1) an extension of the Eex framework to account

for sequential teaching curricula, 2) a hypothesis of sequential teaching curriculum improvement

on human comprehension, 3) the implementation to learn logic theories for merging and sorting,

4) the implementation of the experiment interface with explanations generated from machine-

learned logic theories, 5) analysis of empirical data collected from human participants and 6)

writing of the majority of the paper.

1.5 Thesis outline

Chapter 2 discusses relevant research and important background to this thesis. In Chapter 3,

we present the theoretical framework from both papers. In Chapter 4, we examine Sub-thesis

1. In Chapter 5, we assess Sub-thesis 1 and 2. Chapter 6 discusses future work. The

remaining chapters of this thesis are summarised:

Chapter 2 Related work We review the role of explanations in Psychology. We summarise

research in Explainable AI and the evaluation of explanations in AI. We describe

topics in computational complexity and learning theory that are related to this

thesis. We discuss human-AI communication including argumentation systems

and language models. We also explain the theory of Tractable Cognition and

Donald Michie’s work on the Human Window. We introduce the background of

logic reasoning, ILP and MIL.

Chapter 3 Theoretical frameworks We describe our framework Eex based on our papers

[3, 2] . We define the explanatory effects of a machine-learned logic theory and

sequential teaching curricula. We also define a cognitive cost Cog as an estimation
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of the cognitive maintenance complexity. We present our hypotheses on a cognitive

window and a sequential teaching improvement.

Chapter 4 Beneficial and harmful explanatory machine learning We include parts

from our published paper [3]. We describe the empirical framework in terms of

the design, materials and preparation of the experiments. In the context of game

learning, the results of our experiments support our hypothesis of a cognitive

window. We quantitatively demonstrate the beneficial (supports Sub-thesis

1) and harmful (supports Sub-thesis 1) explanatory effects of machine-learned

logic theories on human comprehension using the Eex framework.

Chapter 5 Explanatory machine learning for sequential human teaching Parts from

the published paper [2] are included. We present the empirical framework covering

the design, materials and preparation of the empirical trials that contrast curricula

with different orders and materials. For teaching sorting algorithms, we show quan-

titative results that support the hypothesis of a sequential teaching improvement

on human comprehension (supports Sub-thesis 2). Results also demonstrate

that incremental learning in the presence of machine-learned explanations leads

to adaptation of efficient sorting approaches with better performance (supports

Sub-thesis 1 and 2).

Chapter 6 Conclusions and future work Remarks are made regarding the impacts of

this thesis and limitations of the approach. We reiterate the contributions of this

thesis. We discuss future work on applications of sequential teaching curricula

for joint learning and discovery as well as extensions of Eex and optimisations of

comprehensibility.

1.6 Summary

This thesis targets the lack of empirical definition and understanding of human perspectives

in XAI. We operationally define and analyse the comprehensibility of machine explanations.

Our Eex framework extends an existing line of work on comprehensibility but has broader ap-
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plicability in XAI. We develop a preliminary theory on comprehensibility and it is supported

by empirical results. We claim that changes in human comprehension are quantitatively iden-

tifiable and affected by both explanations of machine-learned hypotheses and the presentation

order of target concepts. Notably, we show that learning with machine-learned explanations

can improve human task performance but can also degrade human task performance. Then,

we demonstrate that learning in incremental order results in higher human task performance

and when explanations are additionally presented, newly developed efficient strategies can be

effectively applied by human novices.



Chapter 2

Related work

We briefly review the literature on the role of explanations from Psychology (Section 2.1).

Then, we summarise work in Explainable AI and distinguish interpretability and comprehensi-

bility (Section 2.2). We review methods that empirically evaluate explanations in AI but focus

on those that include humans (Section 2.3). We discuss various modes of human-AI communi-

cation including those enabled by argumentation systems and language models (Section 2.4).

We touch on the potential of our Eex framework as an objective assessment approach. Con-

cepts in computational complexity theory and computational learning theory relevant to our

theoretical framework and ILP are introduced (Section 2.5 and 2.6). We also review the theory

of Tractable Cognition in Psychology which refers to computational complexity for modelling

human cognition (Section 2.7). We explain Donald Michie’s work and related perspectives on

the Human Window and their relations to this thesis (Section 2.8). At the end of this chapter,

we introduce the background of Logic Programming, ILP and MIL (Section 2.9).

2.1 The role of explanations

Explanations facilitate learning [163] and allow humans to integrate new information into their

existing knowledge [173]. Human learning is incremental [37, 318] and temporally correlated

[85]. Human knowledge attainment is analogical to searching in a pool of solutions guided by

some preference ordering and biases [37]. The working memory [190] is a hypothetical human

12
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information processing device which has a limited capacity to hold information temporarily.

The working memory capacity does not bound implicit cognitive processes that are outside

of conscious awareness [228]. This limit of working memory is hypothesised to be around

7 ± 2 items [190]. The cognitive load [288] refers to the amount of working memory resources

consumed, which directly affects the performance of human problem-solving [45]. Despite the

limitation of working memory, humans can recognise and extract useful knowledge from prior

experience [37, 14, 87]. The hierarchisation of relevant experience or goals, a technique called

“chunking”, has been demonstrated as an efficient approach to transfer past knowledge to the

current task [44, 223] and reduce the load on working memory [14]. Studies [67, 139, 151, 166]

demonstrated that guided human learning has more potential for better learning outcomes

than without guidance. Explanations should not be presented alone with actual problem-

solving contexts. Results [9, 23, 4] show that human learners cannot always make full use of

explanations when problem-solving contexts are missing. Human problem-solving ability can

be improved by hands-on experience enabled by explicit guidance and worked examples [289].

The presentation of training examples along with explanations makes the specific task contexts

available and has been demonstrated to benefit learning [250, 5].

The functionality of explanations is multifaceted and not limited to the transfer of knowledge

[163]. Humans can explain actions in higher cognition tasks via verbalising the rules by which

they apply to produce a given result [267]. The verbalisation of these rules makes them part

of the declarative memory [10, 267] which is the intentional recollection of factual information

and knowledge [296]. An explanation can be viewed as a communicative process [163, 191].

Research [310] shows that even engaging in an explanatory endeavour without arriving at a

correct explanation can improve human learning. As a social process, an explanation involves

two parties, the information transmitter that is responsible for explaining and the receiver of

information [118]. In a sequence of explanations, a transmitter might require further infor-

mation from the recipient to momentarily exchange its role with the recipient [191]. In social

environments, people use explanations to manage social interaction, reconcile contradictions,

change other’s beliefs and influence their actions [169]. People may believe explanations to be

insensible when their beliefs, desires, and intentions are not in agreement. Interaction with the

explainee can serve as a means to develop trust [169].
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An explanation can also be considered as an inference for causes of an event [163]. An expla-

nation as a product is an answer to a “why”, “how” or “what” question [232]. While causal

explanations are not the only type of explanation [105, 146], people still seek associative infor-

mation between observed events, unobserved events and situational changes. People sometimes

do not explain the causes for an event directly, but explain relative to some other event that

did not occur [191]. Explaining the cause of an event relative to some other events that did not

occur is a contrastive explanation. It was argued that all “why” questions ask for contrastive

explanations, even if the reference to the hypothetical event is not made explicit [164]. In

the case of a discrepancy between observations and expected events [119], people tend to seek

explanations [119]. The process of deriving the best explanation for an observed phenomenon

is known as abduction [233]. Abductive reasoning often involves 1) obtaining unexpected ob-

servations, 2) generating potential hypotheses about these observations, 3) determining the

plausibility of the hypotheses based on existing knowledge and 4) selecting the most plausible

hypothesis as the explanation [191, 123]. Abductive reasoning is key to the cognitive process of

explanations [114, 164, 251] and scientific discovery [237]. Research [118] also shows that many

explanations are claim-backing. These explanations aim to justify why a statement or belief

holds and why a decision is good but do not aim to explain the actual decision-making process

[191]. Justifications play the role of cause reporting but also serve as an argument rather than

just an answer to a question.

This distinction between “scientific” and “everyday” explanations is relevant in the context of

AI [191]. Everyday explanations answer why particular facts (events, properties, decisions)

occur [170]. Scientific explanations centre on causal relationships [237]. Explanations in AI

are not all scientific since they do not account for general relationships or scientific laws [191].

These explanations may provide partial causal relationships, for instance, between decisions,

events, trained models or applications [32]. Hence, the characterisation of explanations in AI

is broad [32, 191]. A brief review of a research area that focuses exclusively on explanations

from AI is given in the next section.
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2.2 Explainable artificial intelligence

Attaining human-understandable knowledge representation has always been a central topic in

AI [147]. Early studies on expert systems exploited the information obtained to allow human

understanding. For example, the knowledge of chess can be represented in the form of decision

trees [241] and simplified to accommodate the understanding of human experts [240]. Experts

on infectious diseases can be advised by an interface built from decision rules [276]. These

systems exploit the information obtained from expert knowledge to allow human understanding.

While experts are often the target users of these systems, auxiliary information is often required

by those who are not actively involved in maintaining these systems [60].

Explainable Artificial Intelligence (XAI) focuses on AI systems that enable human understand-

ing and provide explanations of their structures, decisions and functions [112]. A diversity of

motivations and techniques has emerged to explain the decision-making of machine learning

systems [222]. The same key notions in different studies are frequently discordant and studies

often vaguely describe core concepts without providing further specifications [160]. Without op-

erational quantifications, results depend on researchers’ subjective intuitions about what makes

up a “good” explanation and accommodates human understanding [191, 96].

One criticism is that proclaimed results in many studies have little empirical evidence to support

and human understanding of generated explanations has been neglected [1, 191]. Those studies

that included empirical evaluations often do not provide a good account of the context, results

and limitations [13]. Harmful effects of XAI such as potential misinterpretation and misuse of

explanations have been discussed in [257, 287]. For example, partially transparent explanations

may cause more confusion if key decision-making of systems is omitted [257]. Human decision-

making can over-rely on the intelligent system regardless of the accuracy of information provided

by the system [287, 137]. The valuable body of studies in Philosophy, Psychology and Cognitive

Science has not yet been well exploited by XAI researchers [191]. For AI to play a bigger role

in society, there has been increasing emphasis on the social perspective of AI [94, 191].

Owing to the inconsistent references to some of the key terms in XAI, we distinguish between

interpretability and comprehensibility according to [15]. While interpretability usually refers to
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a passive trait of a model for making itself transparent and sensible, comprehensibility describes

a more active ability of a model to present its learned knowledge in human-understandable

representations. This notion of comprehensibility is closely related to Donald Michie’s definition

of Ultra-Strong Machine learning [186] which is distinguished by its trait to teach humans. In

the following subsections, we provide an overview of research that studies these two topics.

2.2.1 Interpretability

Interpretability is a central concept of XAI and relates to the degree of clarity of information

revealed to the user by a system [192]. Decision trees and rules are often assumed to be

inherently interpretable [111]. A system based on a decision tree constructs a tree-like structure

representing the decision-making process. Parts of the decision-making are localised at nodes

of the tree. Users may check if certain conditions are satisfied at tree nodes and follow a branch

of the tree to a specific outcome. The path from the root node to a leaf node can be linearised

as a set of decision rules [241, 95]. A decision rule often consists of a set of if-then conditions.

A decision rule maps an observation to a decision outcome via a sequence of condition checks

[240]. Quantification of conditions can be explicitly represented as in M-of-N rules [218] where

a decision outcome corresponds to the verification of M conditions from a set of N conditions.

Rules can be extracted from opaque neural network models to enhance interpretability [12].

Owing to the efficiency of querying neural networks, rules can be learned from both training

examples and the query results of a neural network model [68, 69]. For discrete attribute values,

a neural network can be converted into a set of rules by first reconstructing the connection of

hidden units in the form of a decision tree [270]. Compared with rules, a decision tree provides

a graphical understanding of the decision hierarchy of a model. A decision rule is composable

as partial knowledge which can be used to build explanations of local or global behaviours [96].

Hence, for an effective understanding of a set of decision rules, the ordering information of the

rules is required. While decision trees and decision rules both enable human understanding

[111], the conversion of a decision tree into a set of rules improves human understanding when

rules are interpreted separately [241].

Another view of interpretability separates the process that generates explanations from the
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decision-making process. Post-hoc interpretability originates from the interpretation of human

behaviours that explanations can have the additional function of justifying decision-making

and intuitions [118, 284]. The processes by which we make decisions and those by which we

provide explanations are distinct [160]. Post-hoc explanations are usually processed from a

machine learning system into, for example, natural language explanations, visualizations or

case-based explanations. Textual and visual explanations provide a qualitative understanding

of the relationship between the features of an input and a model’s output [32]. In the medical

domain, given the image of a tissue sample, visual demonstration and textual information

of the tumour tissue provided by a logic-based system help users to identify the size and

the position of the tumour [266]. The authors in [174] have attempted to justify the rating

decisions of a recommendation system by designing an additional model to provide a textual

explanation of the top words of the topic associated with an item. Visualisation interfaces such

as [290] explain to experts the rationale behind predictions of a binary classification model

by exploring features relevant to predictions in a high-dimensional space. Local explanations

aim to explain a particular prediction of a model by fitting a local and interpretable model

around the prediction [252]. Case-based explanations in [47, 136] involve the proximity of

instances and the learned representation is used as a distance metric to identify instances similar

to the predictions being explained. In exchange for not sacrificing predictive performance,

explanations are generated after the output has already been computed by these systems.

Since most post-hoc interpretations require additional processing that could be misleading and

unfaithful, they should be rigorously evaluated [160, 137].

2.2.2 Comprehensibility

Distinct from the notion of interpretability, comprehensibility emphasises the activeness of the

explanations of a system to transfer its learned knowledge. The importance of comprehensibility

has long been recognised in machine learning of human-oriented knowledge. Michalski [179] sug-

gested that comprehensible machine learning should produce outputs in human-understandable

“chunks” that share similar structure and semantics as those produced by human experts. The

comprehensibility in AI has not been extensively studied and has usually been associated with
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some complexity measure of the machine-learned model [111]. An increase in a model’s com-

plexity is often thought to increase the computational effort of decision-making and reduce

its comprehensibility. For a linear model, its complexity can be identified by the number of

adjustable weights [57]. In addition, the number of representable distributions can be used to

reflect the complexity of a parameterised model [38]. The descriptive complexity of a decision

tree or a single rule can be measured by its depth [312] or width [157]. For decision rules, their

complexity can be described by the average number of rule conditions that were evaluated

[96]. To our knowledge, none of the existing comprehensibility metrics takes into account how

computationally costly it is for humans to simulate a model given some domain instances. In

contrast, we provide a novel framework in Chapter 3 that can assess human comprehension in

sequential human-AI interactions based on human out-of-sample task performance. Via this

framework, we enable operational assessment that can objectively quantify comprehensibility.

Research on the operational definition of comprehensibility can be traced back to the Weak,

Strong and Ultra-Strong Machine Learning criteria [186]. Michie’s definitions aim to pro-

vide operational criteria for both predictive performance and knowledge comprehensibility of

machine-learned models. The Weak Machine Learning criterion focuses on predictive measure-

ments and the machine learner’s ability to improve its performance over increasing data. Today

most machine learning systems are only considered weak machine learning according to Michie’s

criterion. The Strong Machine Learning definition further requires learners to produce a sym-

bolic representation of the learned output. As an extension of the Strong criterion, Ultra-Strong

Machine Learning (USML) [186] emphasises a machine learner’s ability to teach its output to

humans such that their performance over the task is improved substantially compared to their

performance when learning alone. The notion of operational effectiveness is the core of Ultra-

Strong Machine Learning and is closely related to the comprehensibility of machine learning.

The process of machine teaching humans can be thought of as a form of knowledge sharing

which requires knowledge gained by the machine learner to be human-comprehensible. Hence,

the procedure of validating USML is equivalent to the assessment of the comprehensibility of

a machine learning system.
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2.3 Assessment of explanations in AI

While standard evaluations exist for assessing the performance of machine-learned models,

there is no agreed-upon evaluation strategy for XAI [222]. Empirical and definitive tests are

important for providing quantifiable insights from the perspective of the audience [160, 191].

Evaluations without human participants often examine to what degree certain explanation

quality is satisfied [222]. For example, explanation qualities such as correctness [53, 281, 263]

addresses the truthfulness of the explanation compared with the machine-learned model. Con-

sistency [93, 253] checks whether identical inputs have identical explanations. Compactness

[145, 110, 56] assesses the size and redundancy of explanations. Evaluating these qualities is

helpful for researchers and developers to optimise explanations. In this thesis, we concentrate

on empirical evaluations that include humans. We refer readers to [222] for a systematic review

of XAI evaluations without human participants.

Quantitative evaluations that involve human participants remain to be a small proportion [222].

Common criteria include user satisfaction with explanations and the goodness of explanations

evaluated by checklists or surveys [124]. Some studies have asked participants to provide

understandability scores for machine-learned models. Human understanding of classification

models was investigated in the context of data mining [6]. Two experiments were conducted

involving human participants who were asked to rank machine classification models according

to their understandability. An extensive empirical study [128] examined the understandability

of decision trees and rule-based predictive models for classification. Yet, these results are not

definitive due to the subjectivity of user interpretation.

Other methods involve some form of free-text responses accompanying question-answering tasks

to elicit how people understand events, processes and systems [124]. The design of empirical

studies often allows either think-a-loud problem-solving or retrospective explanation. Human

understanding of decision rules was explored via qualitative and quantitative analyses [145]. In

the proposed system, optimisation of rules takes into account example and class coverage, rule

length, and the number of rules. Human subjects were asked to answer questions regarding

the decision boundaries of rules produced by various rule-based systems. Participants were also

requested to write descriptions based on the rules presented to them. The effectiveness of differ-
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ent explanations on human understanding was explored in the context of decision trees [156].

Human participants were shown examples of a system’s operation along with various expla-

nations. After a period of studying, participants answered test questions and were requested

to predict either the input or output of the system. Participants were also asked to report

textually and via Likert-scale questions regarding how well they understood the explanations.

Recent attention has been paid to USML and operational quantification of comprehension

[268, 215]. The determinant of demonstrating USML is an operational notion of human com-

prehension of symbolic machine-learned output. The first operational definition of comprehen-

sibility is given in [268] based on an assessment of out-of-sample human task performance.

Definition 2.1. (Comprehensibility [268]) The comprehensibility of a definition (or program)

D with respect to a human population H is the mean accuracy with which a human population

H after a brief study and without further sight can use D to classify new material sampled

randomly from the definition’s domain.

The first machine learning system satisfying the USML criterion was demonstrated in [215]

based on this definition of comprehensibility. The inspection time of the program, relatedness

to known knowledge and the textual complexity of the program have been demonstrated to be

highly influential factors in human comprehension. Results show an improvement in human out-

of-sample predictive accuracy after learning a logic theory which indicates a beneficial effect on

human skill acquisition. Schmid’s definition can be further clarified since it does not differentiate

human learning from examples and human learning from machine-generated explanations. This

notion of comprehensibility is limited to the presentation of machine-learned output in isolation

despite the progressiveness of human learning. The harmful effects of machine explanations are

also vital for our understanding of machine-human interactions but are not explicitly classified

[257, 287, 137].

2.4 Human-AI communication

One of the earliest accounts of the role of AI in modelling human intelligence was given by Alan

Turing in his description of the “child” machine [295]. It was argued that similar to how a child
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is raised, an appropriate background and some sufficient “education” process that supports

the iterative accumulation of knowledge, are essential for building an intelligent system. This

view of AI systems as human-like learning devices was later broadened by others on the social

impacts of AI. For example, Van Someren stressed the importance of inter-related problem-

solving and communication components of AI [302] while Michie underlined the integrated

role of AI to contribute to both the “stock of software” and the “stock of knowledge” [187].

Recently, attention has been paid to evaluation metrics for human-AI communications [124,

137]. However, very little work focuses on objective assessments of how humans perceive AI

explanations [191]. We highlight research areas that we believe our Eex framework in Chapter

3 can be relevant.

2.4.1 Dialogue systems

Early work on dialogue systems [48, 49] generates conversations based on a set of predefined

decision rules and a corpus of expert explanations. Each decision rule describes a relation

between topics and alternative rules represent different discourse strategies. For instance, a

rule can represent a compare-contrast strategy of a salesman for describing the capability of a

personal computer to a customer, which becomes applicable if the customer knows computers of

a similar manufacturer. Structure-based dialogue rules may not adjust flexibly to the course of

user dialogues. Changing the domain of dialogue also requires extensive revisions to handcraft

new rules. Efforts were made to update user understandings of dialogues [50, 202] as interactive

negotiations instead of “one-shot” question-answer pairs. User intentions are interpreted by

modelling follow-up questions, which are treated as requests for information specifications. Such

feedback allows misunderstandings to be corrected. However, the extent of novel information

and application scenarios is still limited.

Recent development focuses on using machine learning techniques to build dialogue systems

that can adjust according to new knowledge. This is one of the central topics in Natural

Language Processing (NLP). Currently, most approaches utilise neural networks known as

language models. These models rely on the quality and availability of textual data [320, 224].

Training schemes involving human subjects were incorporated to tune machine learning models
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which helps generalise dialogues. Users can iteratively grade system responses [17] or actively

ask questions [154]. While conversation samples and user feedback have been demonstrated

to improve the agent’s dialogue ability [113], language models often do not employ feedback

to the full extent since only limited response data are used after extensive pre-training [320].

Though large language models can engage in interactive conversations, their dialogues are

often hallucinated [20] and unsupported [161]. Their hidden mechanistic structures do not

help establish trust in users [168]. Most metrics either evaluate the goodness of dialogues on

subjective satisfaction scores from users or “ground truths” input-output data [41]. In contrast,

our Eex framework offers to assess comprehensibility objectively and examine real interactions

with human participants.

2.4.2 Explanation-based machine learning

Explanation-Based Learning (EBL) [199] encompasses methods in machine learning that exploit

strong domain knowledge to construct a general explanation of the training examples. The

literature on EBL refers to logic reasoning and human learning. Studies have been motivated

by the ability of humans to generalise a concept from a few examples [90]. Based on background

knowledge, early EBL techniques [199, 260] often provide a deductive proof of a training example

with respect to the target concept. A set of first-order primitives is produced as an explanation

of this specific domain instance. These primitives can be included as additional constraints

[135] or further processed to produce recursive programs [140]. Though EBL systems have

been designed to output explanations, limited empirical evidence has been provided regarding

comprehensibility. While some EBL system supports user interactions, human understanding

of explanations is often assumed without validation. No measure was provided to evaluate

misinterpretation by users. Our Eex framework can address this issue since it objectively

quantifies human comprehension.
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2.4.3 Argumentation-based machine learning

Compared with the aforementioned dialogue systems and EBL, Argumentation-Based Machine

Learning (ABML) [203] focuses on persuasion and claim support [303]. Computational argu-

mentation is supported by diverse theoretical and algorithmic foundations for analysing and

implementing argumentation frameworks [81]. One subset of ABML tends to rely on argumen-

tative techniques that directly model the relationship between a set of evidence for and against

claims with quantitative descriptions of the strength of these arguments [46, 81]. The semantics

of the argumentation framework depends on the quantification of the dialectical strength of ar-

guments [248, 21]. In recommendation systems, ABML is often employed since argumentation

frameworks can differentiate between competing recommendations to help resolve conflicting

suggestions [34, 255]. Post-hoc ABML focuses on mapping non-argumentative models into an

argumentation framework [81]. Argumentative rules can be extracted from sub-symbolic mod-

els as an approximated argumentation framework to explain their output [269, 84]. For logic

programming, a sound and complete mapping can be achieved between logic programs and

argumentation frameworks [256]. Arguments and dialectical relations can be used to describe

a variety of data and knowledge formats in machine-learned models from different domains,

allowing ABML to play an important role in ensuring the interpretability of AI systems [81].

For example, results [247] show users of recommendation systems have diverse demands and

prefer interactive explanations. ABML has an advantage since argumentative explanations can

usually be generated based on the user’s interactive feedback [80, 247]. For ABML to demon-

strate user comprehensibility, operational assessment measures and definitions are prerequisites.

Our Eex framework can allow analysis of user comprehension by quantitatively evaluating how

accurately users can operate after studying argumentative explanations.

2.4.4 Machine teaching

Distinct to different parties engaging via dialogues and explanations, Machine Teaching [321]

focuses on providing an optimal teaching set of training examples to allow maximum learning

efficiency of a learner. Machine Teaching extends the theory of computational learning [108]

and provides an algorithmic procedure for optimising the sample (teaching) complexity which
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refers to the number of training examples needed for a learner to learn a concept [97, 127]. A

machine teaching framework consists of a given model that represents the target knowledge of a

concept to be taught and a model of the student with learning parameters. The student model

is usually a hypothesised computational model of a human. The teaching complexity theory

is exclusively based on computational learning theory often without much empirical support.

In contrast, the incorporation of cognitive models in a teaching setting has gained increasing

traction. In education, machine teaching frameworks have been applied to devise intelligent

tutoring systems to select teaching examples [244, 313]. Sequential approaches [171, 308] to

machine teaching have been explored because humans are often sensitive to ordered items.

Sequential curricula additionally allow the teacher to gain more information over time to allow

the teacher to adjust teaching materials. However, often excessive assumptions about the

teacher’s knowledge are made for deriving theoretical results. The teacher is usually assumed

to have perfect knowledge about the computational model of students such as their learning

rate and their background knowledge [86]. There is a misalignment between theoretical models

and applications which makes machine teaching difficult to apply in real-world teaching settings

[86]. We provide a preliminary theory of cognitive window that bridges computational learning

theory and empirical evaluations involving human participants based on our Eex framework.

2.4.5 Virtual convention modelling

The aforementioned techniques require a human to adapt his or her behaviour to some com-

munication protocol. This differs from common human-human interactions which are very

flexible and instantaneous [194, 195]. In joint problem-solving, recent work in cognitive psy-

chology describes the spontaneous development of implicit communication conventions. The

most recognised approach is based on the Nash equilibrium [221], where each agent makes the

best decision based on the actions of the other agent but is only concerned with its pay-offs. In

contrast, Virtual Bargaining denotes the observation that two parties with the same or different

goals can establish interdependent non-verbal protocols by collaborating [193]. It provides a

cooperative account of the development of communication conventions alternative to the Nash

equilibrium as agents might not only consider their pay-offs [54, 82, 262]. This model depicts
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communications as “coordination games”, in which a sender knows the key information but is

unable to act on it and a receiver can perform the necessary actions but requires additional

information to decide amongst alternatives. Both agents “bargain” based on limited informa-

tion exchanged via some signals, and they decide their actions by imagining themselves from

the other’s perspective. Recent work has been done to simulate this kind of coordination by a

logic-based system, in the context of a simple game of item selection and danger avoidance [40].

Such spontaneous “bargaining” is modelled by logical inference representing the joint reasoning

of agents about game rules and individual game contexts. In particular, logical inference plays

the role of adjusting faults in an established protocol, described as a logic program. Faults are

classified as either made incorrect predictions or missed correct predictions. The ABC system

[155] can repair these faults via the edition of axioms or conditions in the logic rules [66, 98], or

the reformation of the syntax of the rules [39]. To date, implementations of Virtual Bargaining

have not yet quantitatively examined how virtual conventions affect human performance. Our

Eex framework can be applied to test if explanations provided by a collaborative AI agent can

help establish virtual conventions that improve human task performance.

2.4.6 Human-assisted computation

Human-Assisted Computation [272] refers to human-machine interactions where a machine per-

forms certain functions by consulting humans. For example, in software development, when a

program produces an unexpected outcome, a human programmer can become the “explainer”

and provide information about the program’s functionality for corrections to be made to its

computation. There is an increasing emphasis on AI that interacts to keep humans “in the loop”

[131, 264, 191]. The objective is to harness the cognitive ability of humans to aid AI [219]. The

increasing attention to machine learning and AI systems becoming cooperative has also encour-

aged studies to include humans to debug machine learning systems [59, 167]. Relevant to the

scope of this thesis, Algorithmic Debugging [274] studies this approach in the context of logic

programming. It involves an interactive cycle between a debugging algorithm for a program

which has produced an erroneous output and a human who knows the design of the program

and its functionality [43]. A computation tree that leads to the erroneous output is first con-
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structed, followed by the human answers to a series of questions about nodes in the computation

tree to locate the source of error. The debugging algorithm then provides a counter-example

or candidates of a potential missing statement. This approach has been generalised to func-

tional programming [226] and imperative programming [133]. Since our Eex framework requires

explanation to be operable by humans, the collaboration between humans and AI to jointly

program complements our framework. In the case that explanations are human-intelligible but

not human-executable, human-assisted computation can help construct human knowledge in

machine representations. In Chapter 6, we discuss how we can use human-assisted computation

to counteract the requirement of the Eex framework on human executability.

2.4.7 Behavioural cloning

Behavioural Cloning [31] is the inverse of Human-Assisted Computation. It refers to the com-

putational process of using machine learning to reconstruct implicit human knowledge that

is easy to operate but difficult to describe. Skills required for operating in complex task do-

mains are usually sub-cognitive and it is a challenging task even for expert operators to give

a complete description. Piloting [189] and crane operation [297] are examples of such domains

where behavioural cloning systems have been devised. Behavioural Cloning is implemented by

rule-learning systems [188, 189, 297] due to the analogy in conceptual structure between goal-

oriented knowledge and human control strategies [31]. To clone a trace of human behaviour, the

system takes a sequence of human actions as training examples and produces rules that map the

current state of the process to a set of actions for achieving a target goal. The benefit of cloning

is a “clean-up” effect as cloned human experience and knowledge become more consistent and

less error-prone due to human perceptual and executional inconsistency being averaged across

the entire original behavioural trace [188]. Behavioural Cloning is relevant to our experimental

analysis in Chapter 5 where we examine different human problem-solving solutions based on

human action traces. While we have not yet learned from human traces, our analysis allows

us to approximate the closest matches of human solutions to a predefined set of computational

algorithms. In Chapter 6, we consider behavioural cloning of human solutions from empirically

observed action traces to be an interesting extension of our work.
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2.4.8 Explainable AI for game playing

In Chapter 3, we describe how our Eex framework can be used to characterise the beneficiality

and harmfulness of AI explanations on human performance of a two-player game, a Nought-

and-Crosses isomorphism. Learning game strategies is an important topic in Machine Learning

due to the richness of game environments for testing machine learning algorithms [309, 307].

The reinforcement learning system MENACE [180] was designed to learn an optimal strategy

for Noughts and Crosses. Q-Learning [306] and Deep Reinforcement Learning [305] allow AI to

compete in more challenging games such as Atari 2600 games [200] and the game of Go [277].

While these systems defeated the strongest human players, they cannot explain the encoded

knowledge to humans.

Human-understandable game strategies can help humans get better at playing games and

analysing the decisions of machine agents [238]. Early approaches to learning game strate-

gies [273, 239] used the decision tree learner ID3 to classify minimax depth-of-win for positions

in Chess end games. These approaches used carefully selected board attributes as features. The

Chess experts had difficulty understanding the learned decision tree due to its high complexity

[184]. Methods for simplifying decision trees without compromising their accuracy have been

investigated [240] on the basis that simpler models are more comprehensible to humans. An

early ILP system can learn optimal Chess endgame strategies at depth 0 or 1 [18]. An informal

complexity constraint was applied which limits the number of clauses used in any predicate

definition to 7± 2 clauses according to the hypothesised limit of human working memory [190].

Recent approaches such as [314] have aimed to explain the policies of reinforcement learning, but

the learned strategy is implicitly encoded into the continuous parameters of the policy function

which makes their operation opaque to humans. By augmenting training data with high-level

annotated explanations, actions from learned policies can be mapped directly to explanations

[120]. Relational Reinforcement Learning [89] and Deep Relational Reinforcement Learning

[315] incorporate relational biases and logic reasoning over structured representations to ensure

human understandability. In Chapter 4, we have chosen a simple two-player game domain to

demonstrate our Eex framework, but it can be generalised to assess human comprehension of

more complex games.
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2.5 Computational complexity

We introduce computational complexity theory relevant to our theory of cognitive window in

Chapter 3 and empirical study on teaching computational algorithms in Chapter 4 and 5. We

direct readers to [280] for a complete background on computational complexity. The Turing

machine [293] is one of the earliest and most well-known models of computation. The Turing

machine operates on infinite memory tape. A Turing machine can use its tape head to perform

symbol reading, editing and manoeuvre of head position according to a system of machine

instructions. An algorithm is a sequence of operations that manipulates symbols according

to machine instructions [117]. In Turing’s model of computation, a function is computable

by a finite sequence of operations if and only if it is computable by a Turing machine [294].

This model of computation is hypothetical as physical constraints limit the memory capacity

of computers.

One focus of the computation complexity theory is to study the theoretical limitations of this

computation mechanism [280]. Two common evaluation criteria of an algorithm are its space

and time complexity. The time complexity accounts for the number of computation steps

that an algorithm makes as a function of the input size. The space complexity measures the

memory required by an algorithm as a function of the input size. Typically, an analysis of

computational complexity follows an asymptotic approach [280]. For example, the quadratic

function f(n) = 2n2 +5n+3 is asymptotically bounded by g(n) = 5n2, and thus f(n) = O(n2).

An algorithm is efficient in time and space when the number of computation steps and the

memory requirement do not drastically grow as the input size increases. Algorithms often

possess distinguished properties which cause them to behave differently given particular inputs.

A complexity analysis often focuses on the maximum time and space resources used in the

worst-case scenarios. We implement sorting algorithms of different complexity to compare with

human sorting strategies in Chapter 5.

One dimension to evaluate the complexity of input information is its descriptive cost [52].

The Kolmogorov complexity [142] of a string is defined as the length of the shortest program

that outputs the string. For example, using natural language as a descriptive language, the

string of characters “write XAI twice” has a shorter description “XAIXAI” whereas the string
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“ARTIFICIAL” does not have a shorter description. However, no program can compute the

Kolmogorov complexity for infinitely many strings [51]. This is addressed via time-bounded

variants of the Kolmogorov complexity [7, 115] by finding the shortest description in a finite

number of steps. It is important to note that compact representations are not always easy for

humans to understand. From the example, we might find “write XAI twice” to be more sensible

to us. This phenomenon has been accounted for in our cognitive window theory in Chapter 3

and experiment results in Chapter 4.

2.6 Computational learning theory

We summarise key concepts in computational learning theory relevant to our theoretical frame-

work in Chapter 3 and our machine learning approaches in Chapter 4 and 5. Computational

learning theory focuses on designing efficient machine learning algorithms and identifying the

computational complexity of learning [134]. A (machine-learned) hypothesis is the output of

a machine learning algorithm expressed in a language consisting of a set of symbols called the

hypothesis language [26]. The hypothesis space contains all hypotheses that are constructible

from the hypothesis language. The set of hypotheses consistent with training examples is called

the version space [198]. A concept is a boolean function over a set of training examples and a

set of concepts is a concept class. One way to perceive machine learning is to consider it as a

search in the hypothesis space by the machine learner for a hypothesis that best describes the

training examples [198].

The sample complexity of a learning algorithm is a criterion of learning complexity [198]. The

sample complexity corresponds to the number of training examples required by a machine

learner to converge with a high probability to a successful hypothesis [198]. Formally, given

ϵ, δ > 0, the sample complexity nex of a machine learning system L for a concept class C is

the minimum number of training samples needed to converge with high probability 1− δ to a

hypothesis with error at most ϵ over concepts drawn from C. Gold’s work [107] was one of the

earliest attempts to study sample complexity. In Gold’s model, a learning algorithm receives an

infinite sequence of training examples, one example at a time. A class of languages is identifiable

in the limit if the learner correctly identifies the target language in a finite amount of time after



30 Chapter 2. Related work

receiving a certain number of examples. Gold’s model only considers the identification of the

target language without errors, and it does not account for the learning resources required for

convergence to the target language.

The theory of Probably Approximately Correct learning (PAC) [298] considers learning a par-

tially correct hypothesis. The PAC learning model specifies that a learning algorithm PAC-

learns a concept if and only if it learns a hypothesis with probability at least (1− δ) and error

at most ϵ where δ > 0 and ϵ > 0. PAC learning model differs from Gold’s model in that it

provides a lower bound on the learning performance. However, PAC learning does not specify

the number of examples needed for learning a hypothesis. Based on the PAC learning model,

Blumer [28] demonstrated that an increase in the size of the hypothesis space corresponds to an

increase in the number of training examples required by the learning algorithm to PAC-learn

a hypothesis. Formally, for a concept associated with a hypothesis space H, the number of

examples nex required to PAC-learn a concept with error at most ϵ and with probability at

least 1 − δ is nex ≥ 1
ϵ
(ln|H| + ln1

δ
+ ln(c)) (c is a constant). Blumer’s theory highlights the

association between sample complexity and the size of the concerned hypothesis space. For two

hypothesis spaces of different sizes that contain the target hypothesis, searching the smaller hy-

pothesis space will lead to lower sample complexity and higher predictive accuracy with respect

to searching the larger hypothesis space.

Additional information on hypotheses, such as domain-specific background knowledge or priors,

is usually described as a bias as part of the hypothesis language [196]. Defining hypothesis

biases can constrain the hypothesis space to include more correct hypotheses or exclude wrong

hypotheses. Hypotheses that are structurally complex or involve many sub-concepts can be

difficult to learn. This can be derived from the Blumer bound since hypotheses constructible

from a compact language require fewer examples to learn since the associated hypothesis space

is smaller [28]. These results are relevant for understanding the complexity of ILP and MIL

algorithms. We also refer to the Blumer bound in our hypotheses of a cognitive window and

sequential teaching curriculum in Chapter 3. In Chapter 4 and 5, we devise MIL systems to

learn logic programs for game playing and sorting to examine these hypotheses.
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Figure 2.1: The set of functions describing possible cognitive capacities [300]. According to
the P-Cognition thesis [8, 278], the set of functions describing possible cognitive capacities is a
subset of polynomial-time computable functions.

2.7 Theory of tractable cognition

The idea that the information processing of humans can be modelled by the manipulation

of symbols has a long history in both Psychology and Artificial Intelligence [129, 223]. We

discuss the Tractable Cognition thesis as a reference from Psychology to the computational

complexity theory for modelling human cognition. Many psychologists consider the theory of

computational complexity and tractability constraints as a tool for refining models of human

cognitive capacities [300, 78]. A common perspective is that cognitive capacity is the ability of

the human mind to compute functions of some input and output states [8, 78, 172]. This view

allows psychologists to characterise functional mappings between the hypothesised inputs and

outputs of the human mind [300]. The P-Cognition thesis [8, 278, 153] describes that cognitive

capacities are limited to computable functions in polynomial time (O(nα) where α is a constant

and n is the size of the input to the functions). The class of computable functions in polynomial

time from computational complexity theory [99] provides a hypothesised formalisation of the

set of functions that are human tractable (Figure 2.1).

A major objection of the Tractable Cognition thesis is that many human-operable tasks are

not computable in polynomial time. A variant of the P-Cognition thesis considers Fixed-

Parameter Tractability [300]. A function ψT is fixed-parameter tractable for a parameter k if

there exists at least one algorithm that computes ψT in time O(f(k)nα), where f is a function

depending only on the parameter k, α is a constant and n is the size of the input to ψT .
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Relaxing the P-Cognition thesis helps characterise computational theories of cognition that

are not computable in polynomial time [301]. Psychologists [153, 228, 229] have recognised

the exponential-time complexity of logic inferences and suggested revisions to computational

theories of cognition to obtain realistic models of human reasoning. It is challenging for any

computation-level theory to provide a tractable account of everyday human reasoning based

on small-scale and artificial experimentation [228]. Boundaries of inference abilities need to be

identified in real-world settings to reflect how humans deal with incomplete information and how

they incorporate relevant background knowledge [42, 77]. Dynamic environments such as games

that involve engaging subjects and real-world reasoning situations like discovery in science can

provide the needed complication of empirical analysis [228]. To understand the limits of human

understanding and examine our preliminary theory of a cognitive window, we have performed

empirical trials in a two-player game (Chapter 4) and computational algorithms (Chapter 5).

Both these domains are non-trivial and allow us to stretch human reasoning ability.

2.8 The human window

In Chapter 3, we present a preliminary theory of cognitive window on human comprehension

of machine-learned logic programs. This theory is related to Donald Michie’s Human Window

[182, 187]. For every descriptive concept, there exists a spectrum of complete and correct

computational representations which differ in computation and memory cost. Every space-time

compromise by computational representations results in relative inefficiency in time, space or

both [185]. The Human Window [182] (Figure 2.2) represents such a compromise between

human executability and human intelligibility by trading off computation and memory cost

for human understanding. Human-intelligible representations refer to the end of the spectrum

of computational representation that requires less memory and the other end of the spectrum

that demands less computation is human-executable [182]. Examples have been discussed in the

domain of chess playing [299]. For instance, a chess move look-up table that allows a human to

locate the optimal move with simple operations is human-executable. A program that traverses

any possible chess game tree what is good for one player and what is bad for the opponent is

human-intelligible. This representation is easy for a human to check for correctness but requires
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Figure 2.2: The original illustration of Human Window from Donald Michie is based on an
informal analysis of the computation and memory cost of four King and Pawn against King
solution representations by Harris [24], Bramer [29], Beal [22] and Clarke [61]. The play of King
and Pawn against King is one of the classic end-games of chess [30]. Bramer’s representation
uses “about 20 concepts (patterns)” and performs “little amount of search”. Michie considered
it the only human-intelligible and human-executable representation from the four analysed
representations, assuming the brain’s limitations on calculation and memory are around 20
binary discriminations per second and 1010 bits respectively [182].

examining moves and countermoves of many layers. Michie envisioned one primary task of AI

is to determine whether a general Human Window exists and whether representations given by

AI can be engineered to fit inside the Human Window [299].

An alternative account of the space-time trade-off was provided in [299] by extending to two

coordinates, the number of processor computation cycles and the number of bytes required for

storage. Hypothetically, mapping all computational representations of a concept onto the plot

(Figure 2.3) should show a frontier that curves toward the origin [299]. The compact implemen-

tation can be made faster if more space is made available, for example, by storing the results of

computations and returning the stored results when needing to make the same computations

[181]. The data compression process can also make the computational representations more
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Figure 2.3: A plot of space-time compromise between hypothetical computational represen-
tations [299]. The x and y axes correspond to time and space complexity respectively. The
origin represents the set of empty programs requiring no processing or memory resources. The
frontier includes points 1 to 4.

compact at the expense of processor cycles for decoding. These optimisations are subject to

diminishing returns, causing the frontier to curve toward the origin [299]. For a non-trivial

concept, the points cannot be at the origin since computational representations of the concept

cannot be evaluated with zero processor cycles and zero memory. The points also cannot get

arbitrarily far away from the origin because of the limit on the amount of computation and

memory that can be utilised [299]. The frontier highlights those representations that have

relatively lower costs of these two resources.

A similar perspective of the Human Window was discussed by Michie to account for machine

programs that are operational by humans as explanations [185]. When explanations are in

the form of programs, the length in binary digits of a minimal program for computing a given

function is a compact encoding but may not be desirable if the goal is for humans to simu-

late its computation. This gives rise to the β-complexity [183, 185], namely the length of an

“operationally minimal program”. The β-complexity is the length of the shortest program able

in the worst case to evaluate a given function within a β number of computation steps. For
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Figure 2.4: Space-time trade-off curves for computing hypothetical functions f , g and h [185].
Underneath the axis of memory space, the left-most arrow (104 bits) and right-most arrow
(1050 bits) are bounds on the length of minimal size programs for computing f , g and h. The
rest of the arrows from left to right are the β’-complexity of f , the β’-complexity of g and the
β’-complexity of h. Bounds of human evaluation denoted by a cross-hatched inner rectangle are
hypothetically placed at 104 bits time-wise (β’) and 1011 bits space-wise. Bounds of possible
machine evaluations represented by a hatched outer rectangle are placed at 1010 bits time-wise
(β) and 1015 bits space-wise.

human execution, β can be replaced by a parameter specifying the rate of calculation possible

by the human brain [185]. In Figure 2.4, the hatched rectangular zone passed by curves f and

g are programs feasible for machines to compute time- and space-wise. Only f passes the inner

cross-hatched area. This region depicts a hypothetical window consisting of human computa-

tion and memory bounds. In this hypothetical setting, programs in this region are considered

feasible for humans to execute by Michie [185].

Both accounts of the space-time trade-off were only studied hypothetically. Empirical assess-

ment of the Human Window is closely related to USML. For accurate communication between
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humans and a machine, two questions are crucial based on [187]:

Can the user understand the representation provided by the machine?

Can the user simulate or validate the representation provided by the machine?

The first question asks whether learning the machine representation is possible for a specific

person. An operational assessment needs to be performed to examine the second question. To

demonstrate USML, human task performance over a task after learning from a machine learner

is compared against task performance after learning alone. An improvement in task performance

after learning from the machine learner indicates the effectiveness of machine representation

for both human understanding and simulation. Descriptive and executional constraints have

been hypothesised in our theory of a cognitive window in Chapter 3. We define the notion of

explanatory effectiveness in Chapter 3 based on the definition of comprehensibility [268] that

was previously used to demonstrate USML in [215]. In Chapter 4 and 5, we present empirical

evidence supporting descriptive and executional constraints from our theory of a cognitive

window.

2.9 Logic programming background

Logic reasoning has long been considered central to AI [295, 176] and human information pro-

cessing [130, 152, 121]. We describe logic notations and the background of Logic Programming,

ILP and MIL. For more details on Logic Programming and ILP, we refer readers to [162, 225].

2.9.1 Logic notations

A variable is a string made up of characters or digits, which starts with an uppercase letter.

A variable is first-order if it can be substituted by a constant symbol or a first-order variable.

If a variable can be substituted by a predicate symbol, it is a higher-order variable. The set

of all variables is denoted by V . A function symbol or a predicate symbol denotes a string of

characters or digits, which starts with a lowercase letter. The arity of a function or predicate

is the number of arguments it takes and these arguments form a tuple. A function or predicate
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p with arity a can be represented by p/a. Monadic definitions of function and predicate have

arity one, and dyadic definitions of function and predicate have arity two. A constant symbol

is a function or a predicate symbol with arity zero. The set of all constants is denoted as

the constant signature C and the set of all predicate symbols is represented by the predicate

signature P .

A first-order term is either a variable, a constant symbol, or a function symbol associated with

a tuple of n terms. A ground term contains no variables. A term is higher-order if it is a

predicate symbol or a higher-order variable. An atom is a predicate symbol applied to a tuple

of n terms. An atom is ground when it contains only ground terms. An atom is first-order if it

contains first-order terms and is higher-order if the terms contained are higher-order. A literal

is an atom or the negation of an atom. A literal is positive if it contains an atom, and a literal

is negative when it includes a negated atom. A literal is first-order if it contains a first-order

atom and is higher-order when it includes a higher-order atom. The Herbrand Universe U

denotes the set of all ground terms created from function and constant symbols. The Herbrand

Base B represents the set of all ground atoms constructed from predicate signature P and the

Herbrand Universe U .

A clause or a rule is a finite disjunction of literals. A clause is ground when it contains only

ground literals. A higher-order clause contains at least one higher-order literal. A Horn clause

is a clause with at most one positive literal. Existential and universal quantifiers of a clause

can be omitted for brevity. A Horn clause with a finite number of literals A0, A1, ..., An has the

form:

A0 ∨ ¬A1 ∨ ... ∨ ¬An

or

¬A0 ∨ ¬A1 ∨ ... ∨ ¬An

where n ≥ 0 and each Ai is an atom of the form p(t1, ..., tn) such that predicate symbol p ∈ P∪V

and terms ti ∈ C ∪P ∪V . A goal is a Horn clause without any positive literal. A ground fact is

a ground clause with only one literal. A definite clause is a Horn clause which contains exactly
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one positive literal. A definite clause with a head literal A0 and body literals A1, ..., An has the

form:

A0 ← A1, ..., An

where n ≥ 0 and each Ai is an atom of the form p(t1, ..., tn) such that predicate symbol p ∈ P∪V

and terms ti ∈ C ∪ P ∪ V .

The substitution of variables v1, ..., vn in a logic formula by terms t1, ..., tn is defined as θ =

{v1/t1, ..., vn/tn}. A unification Aθ = Bθ for two formulae A and B uses θ as a unifier. A

most general unifier (MGU) θ for two formulae A and B is a unifier for A and B such that for

any unifier α for A and B, there exists a unifier β such that α = θβ. A clause C is said to θ-

subsume a clause D if there exists a substitution θ such that Cθ ⊆ D [236]. A clausal theory is a

conjunction of clauses. A clausal theory containing only Horn clauses is called a logic program.

If all predicates in a clausal theory have an arity at most one, the theory is monadic. When all

predicates in a clausal theory have an arity at most two, the theory is dyadic. A logic program

in which all clauses are definite is a definite (logic) program. The Datalog language is a subset

of Prolog. A datalog program is a logic program with only Horn clauses. A datalog program

contains no function symbols and disallows some of Prolog’s operators such as the cut operator.

Conventional datalog programs do not contain complex terms. A complex term is a predicate

symbol applied to a set of complex terms [74]. We consider two MIL frameworks [212, 74] which

use complex terms to represent static objects in a finite space. For instance, given logic terms

T1, T2, ..., Tn−1, Tn, a tuple of finite arity can be represented as tuple(T1, tuple(T2, tuple(...,

tuple(Tn−1, tuple(Tn, ϵ))...))). list(T1, list(T2, list(..., list(Tn−1, list(Tn, ϵ))...))) represents a

list of finite size where ϵ here denotes an empty character. These examples show mappings

from Prolog lists and tuples of a finite length to terms with a finite number of arguments. This

has been shown to reduce the textual complexity of programs learnable by MIL [74]. We use

logic theory and logic program interchangeably in this thesis to refer to datalog programs.
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2.9.2 Computation of logic programs

In this thesis, we apply our Eex framework to examine human comprehension of machine

explanations generated from machine-learned logic programs. We refer to the computation

of Prolog and its implementation of logical resolution. Prolog’s meta-interpreter generates all

variable bindings as a logical consequence of the program. Every computation results in either

a success or a failure. In the case that the execution outcome is a success, the result of a query is

the substitution of some variables in the goal. The execution of a goal can be non-deterministic

and may result in several substitutions. Non-deterministic results can be avoided in Prolog by

restricting “looking back” at alternative substitutions and terminating computation when an

execution path is found successful.

The computation of Prolog programs is implemented based on the SLD-resolution technique

[143]. We describe SLD-resolution, SLD-Derivation, SLD-Refutation and some related con-

cepts, based on [225].

Definition 2.2. (SLD-resolution): Given a goal G0 defined as ← A0, ..., Am, ..., An and

a Horn clause C defined as B0 ← B1, ..., Bk such that the literal Am is unifiable with B0

with a unifier θ, SLD-resolution of G0 and C with substitution θ derives goal G1 defined as

← A1, ...Am−1, B1, ..., Bn, Am+1, ..., Ak where G1 is called the SLD-resolvent.

In Prolog, the leftmost unifiable literal in a goal is always chosen for derivation. When a

goal is computed, the execution steps can be described by SLD-derivation which is a chain of

SLD-resolution.

Definition 2.3. (SLD-derivation): Given a definite program P and an initial goal G0, an

SLD-derivation of a goal Gn is a possibly infinite sequence of goals {G0, ..., Gn} such that every

Gi+1 is the SLD-resolvent of Gi and some clause in P .

SLD-derivations of an empty clause as an end goal determine the set of substitutions needed

to successfully resolve the initial goal and its sub-goals based on a given program.

Definition 2.4. (SLD-refutation): For a definite program P and an initial goal G0, an

SLD-refutation of G0 is an SLD-derivation of the empty clause using P .
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Deducing a goal based on SLD-resolution for Horn clauses is refutation complete [225]. As

mentioned previously, there could be several definite clauses in P that can be resolved with

a goal. This might result in alternative substitutions. Therefore, the different paths of SLD-

derivation from a goal to multiple sub-goals are defined as a tree structure.

Definition 2.5. (SLD-tree): Given a definite program P and an initial goal G0, the SLD-tree

of P ∪ {G0} is a possibly infinite tree with root node G0, where each node is a goal and an edge

denotes the SLD-derivation between two nodes.

A successful branch of an SLD-tree corresponds to the derivation from the initial goal as the

root node to the empty clause as the leaf node. Formally, for a definite program P , an initial

goal G0, and the SLD-tree of P ∪ {G0}, a successful branch is a path between the root node

G0 and a leaf node with the empty clause. Given a sequence of MGU defined as θ1, .., θn for in

computing a successful branch of P ∪{G0}, a computed result θ for P ∪{G0} is the composition

of θ1, .., θn for variables in G0. When the derivation does not end with the empty clause, there

are no appropriate substitutions of variables to resolve the initial goal and sub-goals. Formally,

for a definite program P , an initial goal G0, and the SLD-tree for P ∪{G0}, a failure branch is a

path between the root G0 and a leaf containing a non-empty clause. In a derivation, individual

goals must be resolved to compute the composition of substitutions. Hence, the complexity of a

derivation is related to the resources needed in its resolution steps and the size of the SLD-tree.

We refer to these definitions of SLD-resolution in Section 3.2.1.

2.9.3 Inductive logic programming

We give an overview of Inductive Logic Programming (ILP) and its advantages. This is followed

by a summary of challenges faced by most ILP approaches which have led to our considera-

tion for using MIL. An Inductive Logic Programming (ILP) [205] algorithm uses background

knowledge B to induce a hypothesis in the form of a logic program which entails all of the

positive examples E+ and none of the negative examples E−. ILP systems can be data-efficient

and can derive theories from as few as a single example [158, 209, 207]. LP learns using BK

represented as a logic program. Using logic programs to represent data allows ILP to learn

with complex relational information. Compared with other machine learning approaches, ILP
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systems can learn relational logic theories which are symbolic and can be understood by hu-

mans. This advantage makes ILP systems appropriate candidates for passing Michie’s criterion

of Ultra-Strong Machine Learning [186].

Definition 2.6. (Correct hypothesis [225]): Given a background knowledge B, a set of

positive examples E+ and a set of negative examples E−. A hypothesis H in the form of a logic

program is correct if and only if H entails every example in E+ (completeness) and none of the

examples in E− (consistency).

Definition 2.7. (ILP problem [225]): Given input pair (B, E) where B is a logic program

representing the background knowledge, and positive and negative examples E = E+ ∪ E−.

The ILP problem is to induce a correct logic program H as a hypothesis which, together with

the background knowledge B, entails all the positive examples in E+ and none of the negative

examples in E−:

∀e+ ∈ E+ B ∪H |= e+

∀e− ∈ E− B ∪H ̸|= e−

Owing to different perspectives on the role of examples, several ILP settings have been defined.

The learning from interpretations setting [83] considers examples as logical interpretations, and

a hypothesis covers an example when the example is a model of the hypothesis. The learning

from proof setting [230] views an example as a proof process, and a hypothesis covers an example

if the example is a proof of the hypothesis. In this thesis, we adopt the setting of learning from

entailment [210]. In the learning from entailment setting, training examples are clauses and

an ILP algorithm should aim to derive a hypothesis that entails all positive examples and no

negative examples. Since we place more emphasis on the errors of human learning, we use

ILP in the learning from entailment setting and focus on the logic programs that are both

complete and consistent with respect to the training examples. In the learning from entailment

setting, given some background knowledge B, a hypothesis covers an example if the hypothesis

entails the example. However, this specification of ILP can be overly strict in the presence of

noise. When training examples become noisy, an ILP algorithm finds a hypothesis that covers

a maximum number of positive examples and a minimum number of negative examples.



42 Chapter 2. Related work

One challenge in ILP is choosing appropriate background knowledge. Background knowledge

is traditionally hand-crafted by domain experts. This convention has been criticised due to the

difficulty and cost of constructing appropriate background knowledge [92]. Predicate invention

is the automatic introduction of new, possibly useful predicates during the process of learning

from examples [204].

Definition 2.8. (Invention [70]): Given a background knowledge B, examples E and a

hypothesis program H given by an ILP system, a predicate p is called an invention if and only

if it is in the predicate signature of H but not in the predicate signature of B ∪ E.

By inventing new predicates, the goal is to build relevant background knowledge without much

human intervention. Invented predicates can reduce the size of a logic theory learned by an ILP

system and improve its learning performance [72]. This process is analogous to the re-factoring

of a program by a programmer for later re-use. Predicate invention has long been recognised

as a key challenge in ILP [72, 208]. However, it is not supported in popular ILP systems such

as FOIL [242], Progol [206] and ALEPH [285].

Another challenging problem in ILP is learning recursions [72]. A recursive rule in logic pro-

gramming has the same predicate appearing both in a head and a body literal. Recursions

allow for compact representations with high generalisation ability and high expressivity [72].

The learning of recursive programs is a difficult task within ILP [72] and is not fully supported

in the older generation of ILP systems such as Progol [206], Golem [211], FOIL [242] and

TILDE [27]. The interest in recursion has motivated Meta-Interpretive Learning (MIL)[158]

which uses higher-order clauses called meta-rules. These meta-rules can be considered program

templates that constrain the hypothesis format and the hypothesis space. Higher-order bias

is a form of hypothesis space bias that encodes knowledge via higher-order logic. When used

for learning logic programs from examples, higher-order clauses serve as both declarative bias

and syntactical bias [62], carrying meanings as logic statements. Higher-order representations

provide an abstract and flexible encoding of background knowledge, which has been shown to

help reduce sample complexity and improve predictive performance [72]. We discuss in detail

MIL and systems that implement MIL in the following section.

The introduction of MIL led to recent approaches of meta-level ILP which addresses the men-
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tioned issues by generating meta-level logic program declarations [72]. Meta-level ILP tech-

niques [149, 75, 132, 91, 73] are distinguished by their ability to utilise off-the-shelf systems

and can easily learn recursive programs. By delegation of search to systems other than Prolog

such as Answer Set Programming systems, some methods [64, 149, 132, 91, 73] demonstrated

improvement in learning time and sample efficiency. Answer Set Programming (ASP) [33] is

a logic programming paradigm based on the stable model semantics [101]. Answer set pro-

grams can be evaluated using dedicated ASP solvers such as Clingo [100]. Yet, encoding large

meta-level programs usually results in large ASP specifications that are difficult to scale up

[72]. Recent attempts [148, 73] focus on iterative revision of meta-level programs to reduce

their complexity by introducing additional constraints to restrain subsequent searches.

The ability of ILP systems to represent learned knowledge in a rule-based format has been

explored for communicating with humans. In [138], a fully automated system re-discovers

the role of known function genes by integrating an ILP-based system into a laboratory robot.

In [286], the ILP system assists a human chemist by producing hypotheses which describe the

chemical connectivity of molecules and predict mutagenicity. However, owing to the complexity

of encoded information, it remains a challenge in most systems to ensure human understanding.

In [215], the textual complexity of the program is shown as an important factor affecting human

comprehension. Thus, we consider predicate invention and recursion learning to be prerequisites

of a machine learning system in our demonstration of Eex. While we acknowledge that a range

of ILP systems could be employed, optimisation for learning efficiency is not the primary goal

of this thesis. We choose systems that implement MIL because they meet the requirements

for learning recursion and performing prediction inventions. Being able to achieve both brings

additional benefits in sample complexity.

2.9.4 Meta-interpretive learning

Meta-Interpretive Learning (MIL) [214, 213] is a variant of ILP which aims to address predicate

invention [214], dependent learning [158] and learning of recursive and higher-order programs.

Predicate invention aims to construct new predicate definitions. The output of a MIL system

is logic programs containing a set of rules. A MIL learner typically implements the meta-
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interpreter in Prolog. A MIL learner differs from Prolog’s meta-interpreter in that Prolog’s

meta-interpreter proves by fetching first-order clauses that unify with the goals, whereas a MIL

learner also fetches higher-order meta-rules while proving goals. A MIL learner uses examples

as goals to initiate proofs and produces new predicate definitions based on meta-rules. These

meta-rules are supplied to a MIL learner together with some first-order background knowledge.

Definition 2.9. (Meta-rule [214]). Given a set of constant symbols C and a set of predicate

symbols P, a meta-rule is a higher-order formula of the form:

∃π ∀µA0 ← A1, ..., Am.

where m ≥ 0 and π, µ are disjoint sets of variables and for 0 ≥ i ≥ m, Ai is an atom pi(ti1, .., tin)

with some n ≥ 0 such that pi ∈ π ∪ µ ∪ P and tik ∈ π ∪ µ ∪ C.

Alternatively, a meta-rule definition may have the form A0 ← A1, ..., Am by omitting the

existential and universal quantifiers. In this thesis, we only consider learning without noise and

a MIL setting with respect to learning from entailment, where the objective is to learn a correct

hypothesis (Definition 2.6) which entails all the positive examples but no negative examples.

Definition 2.10. (MIL problem [122]): Given an input tuple (B, E) where B = Bc ∪M

based on the background knowledge represented by a definite first-order logic program Bc and

a set of second-order meta-rules M and the examples E = E+ ∪ E− is a set of ground atoms

including positive examples E+ and negative examples E−. The MIL problem aims to induce

a correct logic theory H which when combined with B, entails all the positive examples in E+

and none of the negative examples in E−:

∀e+ ∈ E+ B ∪H |= e+

∀e− ∈ E− B ∪H ̸|= e−

B |= H

where H is entailed by second-order meta-rules M and background knowledge Bc.

The background knowledge B contains a set of primitives which are predicate definitions. The
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derived first-order theory H |= M is a logical generalisation of the second-order meta-rules

M due to the existentially quantified second-order variable in M . MIL systems mostly use

a specific class of higher-order programs as meta-rules and learn hypotheses in this program

class.

Definition 2.11. (H i
j program class [214]): Given i, j are natural, the class H i

j contains all

higher-order datalog programs constructed from predicate signatures P and constant signature

C with predicates of arity at most i and at most j atoms in the body of each clause.

H i
j describes a general specification, while a MIL learner uses meta-rules of the dyadic fragment

of H i
j due to its decidable computation and universality. The programs learned by the MIL

learner belong to the same dyadic fragment.

Definition 2.12. (H2
2 program class [214]): Programs in H2

2 the class are datalog programs

constructed from predicate signatures P and constant signature C with predicates of arity at most

2 and at most 2 atoms in the body of each clause.

The dyadic logic program class supplemented with one function symbol is shown to have UTM

expressivity [291]. There exists an encoding of a UTM that belongs to the H2
2 fragment. The H2

2

fragment also has UTM expressivity and is decidable given finite signatures of predicate symbols

and constants[214]. Meta-rules in this fragment are used by a MIL learner to learn programs in

the same class via a process called meta-substitution. A MIL learner, when attempting to find

an appropriate meta-rule to prove goals, substitutes the higher-order variables in the meta-rule.

Definition 2.13. (Meta-substitution [70]): Given a meta-rule M , a meta-substitution in

M is a higher-order substitution of the existentially quantified variables in M .

The binding of higher-order variables in a meta-rule to new predicate symbols results in an

invented predicate definition. For a finite number of predicate symbols and meta-rules, up to a

certain number of clauses, the associated Herbrand Base is finite. We refer to the decidability

and sample complexity results of MIL under this condition [70, 158, 214].

Proposition 2.1. (MIL decidability [214]). The MIL problem is decidable if meta-rules

M , background knowledge Bc, examples E+ and E− are datalog and the predicate signature P

and the constant signature C are finite.
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Proposition 2.1 [214] shows a query is always decidable since there is a finite number of programs

in the hypothesis space. This corresponds to a bound on the size of the hypothesis space which

can be generalised to the program class H i
j (Definition 2.11).

Proposition 2.2. (Size of the search space in H i
j [70, 158]): Given np predicate symbols

and m meta-rules, and i, j, n, np ∈ N, the number of H i
j programs expressible with at most n

clauses is O((mn(j+1)
p )n).

Based on the Blumer bound [28], we can compute the resource of training examples needed by

a MIL learner to achieve a certain predictive accuracy.

Proposition 2.3. (Sample Complexity in H i
j [70]): Given np predicate symbols, m meta-

rules in H i
j, and a clause bound n, the number of training examples s required to PAC-learn

with error at most ϵ and probability at least 1− δ a hypothesis in H i
j can be specified as:

s ≥ 1
ϵ
(n ln(m) + (j + 1)n ln(np) + ln(1

δ
) + ln(c))

where c is a constant.

Proposition 2.3 [70] identifies the number of clauses, predicate symbols and meta-rules as key

factors that affect the sample complexity of a MIL learner. To reduce the sample complexity,

MIL uses dependent learning [214] which automatically constructs small programs that can be

reused. This approach builds all predicate definitions which can be expressed up to a number

of clauses given some bound. Compact predicates definition can be constructed by reusing

previously invented predicates. This search continues until reaching the maximum clause size

and the set of learned definitions is returned. This method has been extended in [71] to

demonstrate that the sample complexity of a MIL learner can be improved by learning small

programs without supervision based on instances sampled from the instances space. These small

programs can be reused in inventing predicates analogical to a dependent learning approach.

Theorem 2.1. (Sample complexity of dependent learning [71]): Given np predicate

symbols and m meta-rules in H i
j, let n be the minimum number of clauses needed to express a

target theory with standard MIL. Let n−k be the minimum number of clauses needed to express
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a target theory with dependent learning MIL using additional c predicate symbols. Let s and s′

be the bounds on the number of training examples required to achieve an error less than ϵ with

probability at least 1 − δ with standard MIL and dependent learning MIL respectively. Then

s > s′ when: n ln(np) > (n− k) ln(np + c).

Theorem 2.1 implies that given two MIL learners supplied with the same set of training ex-

amples, the difference in sample complexity is counterbalanced by the error in prediction [71].

A more compact target hypothesis and an appropriate selection of background knowledge and

meta-rules result in lower sample complexity. We refer to this result in our hypothesis of the

effect of sequential teaching curricula in Chapter 3.

2.9.5 Metagol

We use the state-of-the-art MIL system Metagol [214, 75]1 to learn datalog programs. Metagol

is an implementation of the meta-interpreter in Prolog. Metagol supports predicate invention

and dependent learning which reduces the size of the hypothesis space and improves learning

performance [76]. It uses a technique called iterative deepening to traverse the hypothesis space

by the number of clauses and increases it over iterations. This ensures the correct hypothesis

has a minimal number of clauses and complex predicate definitions can be built from small
1Metagol is still supported by the submission time of this thesis as the state-of-the-art MIL system.
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programs. We refer to the code of Metagol [70] in Prolog to illustrate how it works.

learn(Pos,Neg, Prog) : −

prove(Pos, [], P rog),

not(prove(Neg, Prog, Prog)).

prove([], P rog, Prog).

prove([Atom|Atoms], P rog1, P rog2) : −

prove_aux(Atom, Prog1, P rog3),

prove(Atoms, Prog3, P rog2).

prove_aux(Atom, Prog, Prog) : −

prim(Atom), !,

call(Atom).

prove_aux(Atom, Prog1, P rog2) : −

member(sub(Name, Subs), P rog1),

metarule(Name, Subs, (Atom : −Body)),

prove(Body, Prog1, P rog2).

prove_aux(Atom, Prog1, P rog2) : −

metarule(Name, Subs, (Atom : −Body)),

prove(Body, [sub(Name, Subs)|Prog1], P rog2).

Metagol takes sets of positive examples and attempts to prove these facts as goals. Metagol

first proves by deduction using background knowledge by calling Prolog call/1. If this fails,

Metagol tries to unify the goal with the metarule/3 predicate which represents some meta-rule.

It tries to bind variables based on the predicate and constant signature. Metagol then saves the

grounded higher-order variables in a meta-rule as a meta-substitution and proceeds to prove

the body literals of the meta-rule. If it creates a new predicate definition, a predicate symbol

will be created. Metagol constructs a hypothesis by mapping the meta-substitutions onto their

respective meta-rules when all proofs are completed. The resulting hypothesis is tested against

negative examples. If the learned program covers any negative examples, the hypothesis is

inconsistent. In this case, Metagol backtracks and tries alternative derivation paths. Iterative

deepening ensures that it returns a hypothesis with a minimal number of clauses. Metagol

gradually increases the size of the hypotheses constructed which expands the hypothesis space

that it searches. Owing to the completeness of SLD-resolution (Definition 2.2), all hypotheses

up to a certain size that cover the positive examples can be constructed. We illustrate how

Metagol learns using the following example [70].
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Example 2.1. (Metagol): Let the following set of facts be the background knowledge:

mother(ann, amy). mother(ann, andy).

mother(amy, amelia). mother(amy, bob).

mother(linda, gavin). father(steve, amy).

father(steve, andy). father(gavin, amelia).

Let Metagol use two meta-rules, ident and chain, where P , Q, and R represent existentially

quantified higher-order variables and A, B and C denote universally quantified first-order vari-

ables.

metarule(ident, [P,Q], ([P,A,B] : −[[Q,A,B]])).

metarule(chain, [P,Q,R], ([P,A,B] : −[[Q,A,C], [R,C,B]])).

Given some ground facts, divided into a set of positive examples Pos and a set of negative

examples Neg:

Pos = [grandparent(ann, amelia), grandparent(steve, amelia),

grandparent(steve, bob), grandparent(linda, amelia)],

Neg = [grandparent(amy, amelia)].

Metagol creates the following meta-substitutions and saves them in Prog. Each meta-substitution

is identified by the bindings and the name of the meta-rule. A new predicate symbol is introduced

which represents the invented clauses.

sub(ident, grandparent_1, 2, [grandparent_1, father]),

sub(ident, grandparent_1, 2, [grandparent_1,mother),

sub(chain, grandparent, 2, [grandparent, grandparent_1, grandparent_1])
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By mapping the higher-order bindings onto the meta-rule, Metagol outputs the program:

grandparent(A,B) : −grandparent_1(A,C), grandparent_1(C,B).

grandparent_1(A,B) : −father(A,B).

grandparent_1(A,B) : −mother(A,B).

MIL is capable of learning strategies of sequential tasks from solving the tasks themselves and

transferring them for learning other tasks. The MIL learning framework MIGO [212] learns

logic programs for playing Noughts and Crosses and Hexapawn. MIGO generates positive

examples by playing against the optimal opponent and learning from them to revise its cur-

rent strategy. It uses minimal background knowledge which contains only the game terminal

conditions and the valid move generator. With slight changes to the background knowledge,

MIGO can transfer a learned strategy to another game. Results demonstrate that transferring

the learned strategy of one game to another game speeds up convergence [212]. In particular,

MIGO was demonstrated to converge to high-performance strategies using less training data

than Deep and classical Q-Learning for Noughts and Crosses and Hexapawn. In Chapter 4, we

discuss how we modify MIGO for learning strategies of an isomorphic game of Noughts and

Crosses that we invented.

A variant of Metagol, MetagolO [74] makes use of composite objects and actions defined from

primitive objects and actions. MetagolO addresses the issue that most ILP systems only take

into account the textual complexity of hypotheses. MetagolO uses an extended iterative deep-

ening technique to minimise both the textual and resource costs of hypothesis programs [74].

It computes the resource cost of hypotheses of increasing sizes according to a pre-defined cost

function. MetagolO, in comparison with other ILP systems which focus on classification prob-

lems, exploits higher-order bias for learning recursive programs as sorting strategies. In Chapter

5, we explain how we adapt MetagolO to learn a variant of the merge sort algorithm.
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2.10 Summary

The role of explanations is dynamic and multifaceted. This has motivated us to explore human-

AI interactions via explanations. Representations of explanations in AI are also diverse. With-

out unambiguous definitions and operational empirical evaluations, it is challenging to account

for human comprehension. We focus on a notion of comprehensibility that accounts for knowl-

edge transfer through teaching explanations. This notion is closely connected to Ultra-Strong

machine learning [186]. Most machine learning systems do not yet satisfy its criterion. In

Chapter 3, a novel framework for assessing comprehensibility (Eex) is presented in contrast to

ambiguous core notions and subjective empirical interpretations in XAI. Results in areas of AI

such as ABML and language models bring exciting perspectives to how humans can interact

with AI. Various research areas on human-AI communications can potentially benefit from the

operational assessment in the Eex framework. We have briefly discussed this in this chapter. In

Chapter 6, we will further explain how the Eex framework can potentially be applied in these

contexts.

Logic programs provide distinctive traits in both the representation of knowledge and the com-

putational of logic processes. Specifically, MIL allows predicate invention and recursion learning

to efficiently induce complex programs representing game strategies and computational algo-

rithms. Hence, logic programming and MIL are suitable candidates to demonstrate the Eex

framework in non-trivial human reasoning tasks such as game playing and algorithm learning.

We explain empirical studies in those domains in Chapter 4 and 5. Limitations of human infor-

mation processing have been studied by both Psychologists and AI researchers. In particular,

Donald Michie’s work on the Human Window [182] has inspired our preliminary theory of a cog-

nitive window to model the descriptive and executional constraints on human comprehension

of machine-learned logic programs. We present this theory in Chapter 3.
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Theoretical framework

In this chapter, we present our representation-independent Eex framework [3, 2] for measuring

the effects of machine explanations on human comprehension. Eex accounts for human learning

from only examples, human learning from machine explanations and sequential human learning

which are all defined in this chapter. Eex has wider applicability in XAI since there is no

restriction to logic programs. Inspired by Michie’s Human Window [182], our preliminary

theory of a cognitive window explores the limitations of human learning and execution. Since

we focus on logic programs, only a cognitive window of logic programs has been explored. We

postulate the existence of a cognitive window: explaining a machine-learned logic program

improves human comprehension when learning the program does not require searching a large

hypothesis space and the cognitive complexity of computing it is low. To estimate the cognitive

complexity, we introduce a cognitive cost for approximating the load on working memory during

the human execution of logic programs. We formally define a sequential teaching curriculum

and hypothesise that a sequential teaching curriculum improves human comprehension if it

introduces concepts that reduce the size of the hypothesis space for learning the concepts.

3.1 Explanatory effect Eex framework

The Eex framework defines and assesses the effect of machine explanations on human compre-

hension which we call the explanatory effect. It measures how well humans can understand and

52



3.1. Explanatory effect Eex framework 53

apply the knowledge they learn from machine explanations. In the only operational definition

of comprehensibility before our work (Definition 2.1), no clear distinction was made between

human learning from examples and human learning from machine explanations. While exam-

ples contribute to the contextualisation of problem-solving, they cannot explicitly represent the

goal hierarchy. This distinction is made clear in Eex since learning from explanations in con-

trast to learning from examples is precisely the target of our investigation. Also, Definition 2.1

focuses on human comprehension of logic programs. Human out-of-sample predictive accuracy

as a metric of human comprehension is not restricted to any computational representation. We

define human comprehension for evaluating machine explanations in prediction tasks, allowing

a broader applicability of this assessment in XAI. Contrary to the XAI literature which focuses

primarily on the positive effect of explanations, we classify and examine their harmfulness.

Both sides of the explanatory effect spectrum are important for a complete understanding of

machine-human interactions.

We define explanatory effects based on empirical evaluation of the difference in human task

performance following human learning from examples and human learning from machine expla-

nations. We additionally define the explanatory effects of sequential teaching curricula which

have not been inspected by existing definitions of comprehensibility. A sequential teaching cur-

riculum models human learning via a sequence of teaching materials. Empirically, we consider

curricula with noise-free training examples in this thesis. The source of human comprehension

differences is restricted to only the human learning error when the machine-learned logic pro-

grams are correct. However, Eex does not pose a limitation on the predictive accuracy of the

machine-learned model from which the explanations are generated.

3.1.1 Beneficial and harmful explanatory effects

Definition 2.1 of comprehensibility [268] is a performance-based evaluation that indicates how

well humans can simulate a machine-learned logic program by learning from it. Domain mate-

rials and explanations are given in a teaching curriculum which involves a machine “teacher”

and human “students”. Human “students” are asked to classify the unseen test examples after

having spent time learning from a predicate definition. As aforementioned, Definition 2.1 does
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not distinguish human comprehension established on logic programs and that obtained from

only ground facts. In contrast, our framework defines explanatory effects by differentiating

learning from explanations and learning from examples.

Definition 3.1. (Unaided human comprehension of examples, τh(D, H, E)): Given

that D is a function, H is a human group and E is a set of input-output pairs of D, the unaided

human comprehension of E is the mean accuracy of H after a brief study of E and without

further sight can produce outputs of D from new random samples of its domain.

Example 3.1. (Unaided human comprehension of string transformation exam-

ples): Let D be a function that reverses and capitalises a string sequence. E consists of pairs

of strings and reverse-upper-cased strings. According to Definition 3.1, unaided human com-

prehension is the mean accuracy of humans in predicting the correct reverse-upper-cased strings

given new randomly sampled strings after learning from E.

Machine-explained human comprehension differs in that humans learn from an explanation

produced by a machine. In XAI, explanations have diverse representations [192, 222]. To ac-

count for all representations generated by diverse procedures, the machine-explained human

comprehension is representation-independent as we categorise a machine explanation as the

output produced by any machine. The outputs from explanation generation procedures and

machine learning algorithms are differentiated solely by their explanatory effects on human

comprehension. In other words, we judge a machine’s explanation not by its purpose or format

but by its ability to facilitate high-accuracy human evaluations. We consider M(E) an expla-

nation produced by some Turing machine M where E is a set of input-output pairs of D. It

makes sense to restrict M(E) to an explanation that is always producible in a finite number

of computation steps. However, evaluations of explanations that could take a great amount of

time to generate are not always feasible in reality.

Definition 3.2. (Machine-explained human comprehension of examples, τex(D, H,

M(E))): Given that D is a function, H is a human group, M(E) is the output from a machine

M and E is a set of input-output pairs of D, the machine-explained human comprehension of

E is the mean accuracy of H after a brief study of M(E) and without further sight can produce

outputs of D from new random samples of its domain.
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In the context of XAI, D can be a function describing input-output pairs of a prediction task,

E is a set of training examples and M(E) are explanations generated by a machine (e.g. some

machine-learned output). For an ILP system, humans can inspect the machine-learned logic

programs so M is the ILP learner. We can generalise to any machine learning system that

produces symbolic output where M is the machine learner. “Black box” systems often use

post-hoc explanations and require multiple post-processing steps [160, 137]. Then, M denotes

a sequence of conversions from an uninterpretable machine-learned output to some human-

readable representation. In a very extreme case when M(E) is a binary sequence, our notion

of machine-explained comprehension is still applicable but we would expect a lower human

accuracy. In both Definition 3.1 and 3.2, a sensible accuracy metric can be determined based

on the nature of the target function. For instance, when the output of D contains a continuous

value, the accuracy can be computed using the mean squared error between human predictions

and D’s output.

Given a sufficient set of training examples E for learning the target concept, there are at

least three possible types of human comprehension depending on the involvement of examples

and explanations: 1) humans learn from only examples E, 2) humans learn from M(E) and

3) humans learn from M(E ′) where M uses a different set of examples E ′. Definition 3.1 is

related to the case (1) and Definition 3.2 is relevant to (2) and (3) respectively. However, we

only examine (1) and (2) in the scope of this thesis. The machine producing the explanations

and human subjects who learn from only examples have access to the same training set. Using

the same training examples limits the variable to the presence of explanations. In the case of

(3), the examples utilised by the machine introduce an additional variable. The effect of this

extra variable is not the focus of this thesis.

We define explanatory effect [3] to measure the extent to which machine explanations can

be correctly simulated by humans. The explanatory effect of machine explanations (for a

classification task) is defined as the task performance difference between machine-explained

(τex) and unaided human comprehension (τh).

Definition 3.3. (Explanatory effect of a machine explanation, Eex(D, H, M(E))):

Given that D is a function, H1 and H2 are sufficiently large and disjoint human groups randomly

partitioned from H, M(E) is the output from a machine M and E is a set of input-output pairs
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of D, the explanatory effect of M(E) is

Eex(D,H,M(E)) = τex(D,H1,M(E))− τh(D,H2, E)

Randomly partitioned human groups need to be sufficiently large to ensure they have a sim-

ilar mean and variance of cognitive ability. No human learner should receive both machine

explanations and examples so the two partitions should be disjoint. In the case that machine

explanations lead to an improvement in task performance, the explanatory effect is classified

as beneficial. When this difference in task performance is negative, the explanatory effect is

harmful. Since human understanding varies between tasks and materials, there is no guarantee

that machine explanations produced by a procedure are always beneficial. Given a task, we

can examine if a machine explanation is beneficial or not from the explanatory effect. This can

be done objectively using a statistical test where interpreting the outcome is unambiguous.

Definition 3.4. (Beneficial/harmful effect of a machine explanation): Given that D

is a function, H is a human group, a machine M and E is a set of input-output pairs of D,

• M(E) is beneficial to H if the explanatory effect Eex(D,H,M(E)) > 0

• M(E) is harmful to H if the explanatory effect Eex(D,H,M(E)) < 0

• Otherwise, M(E) does not have an effect on H

Whether or not an explanatory effect is significantly beneficial or harmful can be determined

empirically by applying an independent two-sample t-test or similar method to the means of

unaided- and machine-explained human comprehension. We also account for the case when

the difference between machine-explained and unaided human comprehension is negligible. In

the case that the mean difference is not significant, we cannot classify the effect of a machine

explanation as either beneficial or harmful. Though only beneficial and harmful effects are

highlighted in Definition 3.4, all three effects are of great interest as potential empirical out-

comes. In particular, given that the presence of explanations leads to a harmful effect or does

not have an effect, insights into the design and the complexity of the machine explanations can

lead to improved human task performance.
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3.1.2 Explanatory effect of a sequential teaching curriculum

Human learning has been demonstrated to depend on experience [87]. Humans utilise the

strategy of reusing related experience to solve complex problems efficiently [14]. Complex

concepts that are difficult to learn might result in low comprehension scores. To improve human

comprehension, concepts can be broken down into smaller “chunks” with a lower cognitive load

[45]. We consider human learning of these interrelated “chunks” as a curriculum. In such a

curriculum, a machine acts as a teacher who presents blocks of teaching material to humans

one after another. Informally, a sequential teaching curriculum (STC) describes a curriculum

where teaching materials are sequentially ordered and interdependent. These humans who

play the role of students are iteratively tested and their comprehension scores are recorded

for each block of teaching material. An STC contains a set of interrelated concepts, examples

and explanations. According to the literature on Psychology [37, 14, 87], the order of learning

affects human learning performance. The purpose of defining STCs is to study the interactive

effect between the order of human learning and machine explanations. The arrangement of

concepts in a curriculum is specified using an ordering function which ranks and differentiates

concepts.

Definition 3.5. (Curriculum rank function, λ(D, E, M)) Given a function D, a set of

examples E and a machine learning algorithm M , λ returns a non-negative integer. For any

two tuples of inputs λ(D1, E1,M1) ̸= λ(D2, E2,M2) if (D1, E1,M1) ̸= (D2, E2,M2).

Every concept is expressed as a tuple of teaching material. The order of concepts received by

human learners is determined by a rank function which is designated to assign a score to every

tuple of teaching material based on the concept definitions, examples and explanations. Each

STC contains a finite number of concepts and at least one concept is described by a tuple of

teaching material.

Definition 3.6. (Sequential teaching curriculum, STC(DS, ES, MS, λ)): Given

that DS = {D1,D2, ... Dn} is a set of functions, ES = {E1,E2, ..., En} contains sets of

input-output pairs, MS = {M1,M2, ... Mn} is a set of machines and λ is a rank function, a

sequential teaching curriculum STC(DS, ES, MS, λ) is a finite set of tuples {(R1, D1, E1,M1),

(R2, D2, E2,M2), ..., (Rn, Dn, En,Mn)} where Ri is the rank λ(Di, Ei,Mi) for 1 ≤ i ≤ n.
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Concepts in an STC can be ordered with respect to increasing rank value. We consider a cur-

riculum incremental when functions requiring greater (worse-case) time complexity to compute

have higher ranks.

Example 3.2. (An incremental curriculum for learning merge sort): The time com-

plexity of merging a sequence of items of size n is O(n) while merge sort has a time complexity

of O(n log n). An incremental curriculum for learning merge sort is by first learning how to

merge and then learning how to perform merge sort.

The definitions of human comprehension and explanatory effects in Section 3.1.1 are extended

to account for sequential curricula and the ordering of teaching materials. Unaided human

comprehension and machine-explained human comprehension can be distinguished by the car-

dinality of machine explanations. Human comprehension is aided by explanations (τex) if a

tuple of teaching material contains a non-empty set of machine explanations. Otherwise, hu-

man comprehension is based on training examples (τh).

Definition 3.7. (Human comprehension of examples in a sequential teaching cur-

riculum, τseq(C,H)): Given that C is a sequential teaching curriculum and H is a human

group, the human comprehension of examples in the sequential teaching curriculum is

τseq(C,H) =


(Ri, τ)

∣∣∣∣∣∣∣∣∣∣∣∣∣

τ = τex(Di, H,Mi(Ei)), if Mi(Ei) ̸= ∅

τ = τh(Di, H,Ei), otherwise

for 1 ≤ i ≤ n, (Ri, Di, Ei,Mi) ∈ C


In Definition 3.7, comprehension measurements are obtained with respect to the ranking of

concepts in a sequential teaching curriculum. Based on the definition of the rank function,

each comprehension score can be uniquely identified by the rank of the corresponding concept

in a curriculum via an assignment of distinct rank values to concepts. We define the effect

of an STC on human comprehension of a concept over another STC by measuring human

comprehension scores of the concept in two curricula and comparing them.

Definition 3.8. (Effect of a sequential teaching curriculum, Eseq(C1, C2, D,H)): Given

C1 and C2 are sequential teaching curricula and H1 and H2 are sufficiently large and disjoint
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human groups randomly partitioned from H, the explanatory effect of curriculum C1 over cur-

riculum C2 on a function D is

Eseq(C1, C2, D,H) = τ1 − τ2

where R1 and R2 are the ranks of D in C1 and C2 respectively and (R1, τ1) and (R2, τ2) are

measurements of human comprehension in τseq(C1, H1) and τseq(C2, H2) respectively.

Definition 3.8 provides a general test of the degree to which human comprehension of a concept

is affected by a curriculum C1 over some other curriculum C2. When C1 and C2 only differ in

their rank functions, we can concentrate on the effect of the sequential arrangement of concepts

on human comprehension. A difference in human comprehension as a result of learning from

one STC over another STC is classified as either beneficial, harmful or no effect.

Definition 3.9. (Beneficial/harmful effect of a sequential teaching curriculum):

Given that C1 and C2 are sequential teaching curricula, D is a function and H is a human

group, the curriculum C1 in comparison with the curriculum C2 is

• beneficial to H for learning D if the effect Eseq(C1, C2, D,H) > 0

• harmful to H for learning D if the effect Eseq(C1, C2, D,H) < 0

• Otherwise there is no effect on H for learning D in curriculum C1 over curriculum C2

In Definition 3.9, the effect on human predictions of the function D is beneficial when the

curriculum C1 results in better predictive accuracy of D than the curriculum C2. Conversely,

the effect by C1 is harmful in the case that C1 causes a lower human predictive accuracy than

C2. Whether or not an effect of a sequential teaching curriculum is significantly beneficial

or harmful can be determined similarly to analysing the effect of a machine explanation in

Definition 3.4. One can use an independent two-sample t-test or similar statistical test methods

such as ANOVA tests.
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3.2 Theory of a cognitive window

Donald Michie’s Human Window [182, 187] describes a compromise between human executabil-

ity and human intelligibility for human understanding of computational representations of

knowledge. To understand this trade-off in non-trivial tasks, our goal is to explore the re-

lationship between the properties of machine-learned logic programs and their explanatory

effects. This requires means to model human execution and learning of logic programs.

Limitation in human execution is formulated by a constraint on the cognitive cost. This con-

straint describes that a machine-learned logic program has no beneficial explanatory effect if

its cognitive cost in executing the program is not lower than the cognitive cost of a program

that uses less background knowledge. We define a cognitive cost of evaluating a logic program.

The computation of Prolog is used as a model of human execution of declarative knowledge

when humans study explanations from logic programs. Human execution is initiated with a

query specifying a goal by the human. The limit of working memory capacity corresponds

to restricted tape length and instruction complexity in Turing Machines. Human actions and

decision-making in problem-solving are guided by the hierarchy of goals [44]. The decomposition

of goals into sub-goals can be described by a set of rules. Rules as a knowledge representation

can be either seen as a procedure or a declaration. In complex problem-solving domains, human

declarative memory is associated with explicit rule verbalisation [10, 267]. An increase in the

complexity of goal declarations can lead to a larger load on working memory which negatively

affects human problem-solving performance [45]. To define a cognitive cost of a logic program,

we assume that:

• An increase in the execution complexity of the problem solution can have a negative effect

on performance

• The execution of goals utilises declarative memory and its complexity can be measured

by the Kolmogorov complexity

The bound on human learning is accounted for by a constraint on hypothesis space size. This

bound says that a machine-learned logic program has a harmful explanatory effect if the asso-

ciated hypothesis space is larger than the hypothesis space searchable by a group of humans.
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It has been shown that human concept attainment based on rules can be characterised as a

search in a space of hypotheses [37]. This notion of search-driven learning, guided by some

preference order, is analogical to machine learning of consistent hypotheses in the version space

[197]. The connections between human concept hierarchisation [44, 223] and hypothesis biases

are also explored. ILP approaches such as MIL use background knowledge, higher-order rules

and invented predicates to learn logic programs that can describe the knowledge hierarchy of

concepts. We make the following two assumptions:

• Human learners are version space learners who can search a hypothesis space with a

limited size

• Human learning is guided by some form of abstract rules such as meta-rules which con-

struct the sub-goal structure, and it uses predicates as background knowledge

We hypothesise the existence of a cognitive window including these two constraints. In Chapter

4 and 5, we provide empirical support for this hypothesis in the contexts of teaching a simple

two-play game and teaching an advanced computational algorithm. In addition, we explore

human comprehension in sequential teaching curricula. We postulate that learning while being

able to refer to obtained knowledge and concepts benefits human task performance. This is

captured by our hypothesis of the improvement of sequential teaching curriculum on human

comprehension based on the Blumer bound [28]. This hypothesis describes that a curriculum

has a beneficial effect when it introduces the appropriate reusable concepts to lower the overall

sample complexity. This hypothesis is supported by experimental evidence in Chapter 5.

3.2.1 Cognitive cost of a logic program Cog

Specific to logic programs, we define a cognitive cost Cog [3, 2] to estimate the complexity of

maintaining concepts described by logic terms and atoms in the working memory. A cognitive

cost is defined based on the bit length of logic terms and atoms that appear in the computation

stack of a logic program during the execution of a goal. We assume that every finite length term

or atom can be minimally represented in datalog, its complexity equals the number of symbols

used to express it according to the time-bounded Kolmogorov complexity [115]. Constants
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and special symbols such as ⊤ and ⊥ have a cost corresponding to their lengths. A variable

refers to a location in memory that can be identified by a fixed-size pointer. A predicate is a

composition of symbols. In memory, a predicate is identified by a predicate symbol of a fixed

size which is applied to a set of arguments. For example, if all symbols are ASCII characters,

then each symbol is 8 bits in length. For simplicity, we omit the unit of cognitive cost.

Definition 3.10. (Cognitive cost of a logic term and atom, ψ(T )): Given T a logic

term or atom, the cost ψ(T ) can be computed as follows:

• ψ(⊤) = ψ(⊥) = 1

• A variable V has cost ψ(V ) = 1

• A constant c of a finite length has cost ψ(c) which is the number of digits and characters

in c

• An atom Q(T1, T2, ...) of a finite arity has cost ψ(Q(T1, T2, ...)) = 1 +ψ(T1) +ψ(T2)+ . . .

Example 3.3. (Cognitive cost of an atom): An atom p(V 1, V 2) with variables V 1 and

V 2 has a cost ψ(p(V 1, V 2)) = 3.

Since we augment conventional datalog with complex predicates to represent static objects, we

show an example of computing the cognitive cost of an atom that contains another predicate

as an argument.

Example 3.4. (Cognitive cost of an atom with a complex argument): An atom

list(1, list(0, ϵ)) which represents a list [1, 0] has a cognitive cost ψ(list(1, list(0, ϵ))) = 5.

When a human is given a query q to compute, an execution stack represents the trace of the

computation according to SLD-resolution in Prolog. and represents the memory of grounded

logic terms and atoms instantiated.

Definition 3.11. (Execution stack of a datalog program, S(P, l, q)): Given a query q

and a non-negative integer l, the execution stack S(P, l, q) of a datalog program P is the shortest

finite set of size l of atoms or terms evaluated during the execution of P to compute an answer

for q. An evaluation in which an answer to the query is found ends with value ⊤, and an

evaluation in which no answer to the query is found ends with ⊥.
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The execution stack of a goal corresponds to the derivation of the empty clause and the shortest

successful branch of the SLD-tree. The shortest successful refutation involves no backtracking.

Otherwise, a shorter refutation exists. The shortest derivation path corresponds to a lower

bound of execution length and executional complexity.

Every pair of open and resolved goals is declared in the stack. When the size of the stack is not

sufficiently large such that a derivation does not lead to an empty clause, the stack ends with

⊥ which denotes this partial derivation. For a successful refutation, the execution stack ends

with ⊤. The execution stack does not contain derivation of the sub-goals in primitives because

they are parts of the background knowledge for reusing. We assume the unification of literals

in a goal takes place in sequential order from left to right.

Example 3.5. (Execution stack): Let sum/3 be a primitive that computes the sum of two

integer inputs. The query is q = sum(5, 3, X). Given the depth of the stack is 3, execution of

the goal evaluates to ⊤.

S(sum, 3, sum(5, 3, X)) ψ(T )
sum(5, 3, X) 4
sum(5, 3, 8) 4

⊤ 1

Definition 3.11 models the human working memory that maintains a limited number of goals.

The complexity of executing a set of rules is the sum of the cognitive cost of logic terms

and atoms in the execution stack. The depth bound of an execution stack ensures that the

computation of the sum of cognitive costs always halts given sufficient resources.

Definition 3.12. (Cognitive cost of a datalog program, Cog(P, q)): Given a query q, a

non-negative integer l, the cognitive cost of a datalog program P is

Cog(P, q) =
∑

t∈S(P,l,q)
ψ(t)

Example 3.6. (Cognitive cost of a datalog program): Based on Example 3.5, given

primitive sum/3 which computes the sum of two integer inputs and query q = sum(5, 3, X), the

cognitive cost of sum/3 is Cog(sum, sum(5, 3, X)) = 9 when the depth of the execution stack

is 3.
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In human problem-solving, background knowledge facilitates the transfer of existing solutions

[11, 227] to the current problem context. In the case that auxiliary knowledge is absent, the

construction of the solution relies on low-level goals and performance is limited by human

operational error. We define this type of problem-solving solution as the primitive problem

solution which utilises the minimum amount of task background knowledge.

Definition 3.13. (Minimum primitive solution program: Given a set of primitives ϕ

and examples E, a datalog program M̄(ϕ,E) learned from examples E using a machine learning

algorithm M̄ and a set of primitives ϕ′ ⊆ ϕ is called a minimum primitive solution program if

and only if for all ϕ′′ ⊆ ϕ where |ϕ′′| < |ϕ′| and for all machine learning algorithm M ′ using

ϕ′′, there exists no machine-learned program M ′(E) that is correct with respect to examples E.

Given a set of primitives and training examples, a minimum primitive solution program is a

correct hypothesis program that uses a necessary and sufficient subset of the primitives. Since

a minimum primitive solution program is also a datalog, its cognitive cost can be similarly

computed as that of a datalog program.

Definition 3.14. (Cognitive cost of a minimum primitive problem solution, CogP(E,

M̄, ϕ, q)): Given examples E, primitive set ϕ, a query q and a machine learning algorithm M̄

that learns a minimum primitive solution, the cognitive cost of a problem solution is

CogP (E, M̄, ϕ, q) = Cog(M̄(ϕ,E), q)

where M̄(ϕ,E) is a minimum primitive solution program.

Efficient problem-solving is enabled by mapping from background knowledge which allows

“shortcuts” to be integrated into the current solution. In comparison with a primitive problem

solution, executional shortcuts in a non-primitive solution could lead to less cognitive load on

working memory and better performance during the execution of the solution. In Chapter 4

and 5, the cognitive costs of machine-learned solutions are compared with the cognitive costs of

some primitive problem solutions learned by MIL learners where we examine the relationship

between cognitive cost and explanatory effects.
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3.2.2 A cognitive window of human comprehension

Our theory of a cognitive window of human comprehension mainly consists of two constraints.

The first constraint relates to the size of the hypothesis space associated with the representation

of a machine-learned logic theory. This constraint specifies the boundary of human search in

the hypothesis space, given that every human learner is considered a version space learner with

a limited search capability. We refer to Proposition 2.2: given p predicate symbols of arity at

most i and m meta-rules, and the number of hypothesis programs with at most j body literals

and n clauses is O(mnp(1+j)n).

Definition 3.15. (Cognitive bound on the hypothesis space size, B(P,H)): Let P be

a machine-learned datalog program with p predicate symbols and m meta-rules each having at

most j body literals. Given a group of humans H, B(P,H) is a population-dependent bound

on the size of hypothesis space such that at most n clauses in P can be comprehended by all

humans in H and B(P,H) = mnp(1+j)n.

The definition of the human searchable hypothesis space size B(P,H) relates to the MIL com-

plexity analysis in [158, 70]. This bound can be empirically demonstrated. In Section 4.5, we

demonstrate that humans can only learn a subset of the rules for winning a two-player game

when a logic program contains five clauses. This implies that the hypothesis space associated

with the program class is too large for a complete search and imposes a high cognitive load on

working memory. Since only parts of the original rules are learned, problem solutions which

produce action sequences are not complete and errors become more likely to occur.
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Definition 3.16. (Cognitive window of a machine-learned theory [3]): Given a func-

tion D, primitives ϕ, a machine learning algorithm M , a machine learning algorithm M̄ that

learns a primitive solution program and examples E, M(E) is a machine-learned theory using

ϕ that is associated with hypothesis space S. For a human group H,

1. Eex(D,H,M(E)) < 0 if |S| > B(M(E), H)

2. Eex(D,H,M(E)) ≤ 0 if Cog(M(E), x) ≥ CogP (E, M̄, ϕ, x) for all unseen query x that

h ∈ H have to perform after study

This hypothesis says that a machine-learned theory has a harmful explanatory effect on com-

prehension when learning requires a search in a hypothesis space that is too large for working

memory to manage. In addition, a machine-learned theory has no beneficial explanatory effect

if its cognitive complexity in executing explained knowledge is not lower than the cognitive

complexity of a solution that uses less background knowledge. Explanations cannot be ben-

eficial when one of the two conditions holds. That is when explanations have inappropriate

informativeness or are more cognitively taxing than a primitive solution to a problem. We

argue that machine-learned logic programs which cannot provide abstract descriptions are dif-

ficult to comprehend by humans. Executional shortcuts should be incorporated for humans to

effectively evaluate the learned logic programs. We support this hypothesis based on empirical

evidence in Chapter 4 and 5.

3.2.3 Sequential teaching improvement

The complexity analysis in Theorem 2.1 [71] demonstrates a sample complexity decrease with

the invention of appropriate predicate definition by a machine learner. Previously learned

predicate definitions extend the background and reusing learned predicates can reduce the size

of the target hypothesis. This results in a smaller hypothesis space. From our assumption

that human learners are version space learners with limited capacity, we consider an analogy

between human learning by using previously learned concepts and reusing obtained predicate

definitions. Recall in Definition 3.9 in Section 3.1.2, we compare two curricula to obtain the
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relative human task performance improvement or degradation. We attribute a beneficial effect

of a curriculum on human comprehension over another curriculum to a reduction in hypothesis

space size. We refer to the sample complexity result in Theorem 2.1 [71]. It says that given

two MIL learners with the same set of training examples, the increase in sample complexity is

associated with an increased error in prediction. An appropriate curriculum design can lower

the sample complexity by allowing the machine learner to build reusable smaller programs.

We hypothesise that human predictive performance can be improved by developing reusable

knowledge.

Definition 3.17. (Sequential teaching curriculum improvement [2]): Let C1 and C2

be STCs that differ only in rank functions, H be a human group and D be a function in C1 and

C2. In C1, let u denote the minimum number of clauses in a logic program that computes D

with p predicates. In C2, let u + k be the minimum number of clauses in a logic program that

computes D with p+c predicates. Then, Eseq(C1, C2, D,H) > 0 when u ln(p) < (u+k) ln(p+c)

(Theorem 2.1).

Hypothesis 3.17 implies that for a fixed set of training examples in two STCs, a reduction in

sample complexity correlates to a decrease in predictive error and an improvement in predictive

performance. We hypothesise that given a function D and a fixed human search bound B(D,H)

for a human group H, human learners are more likely to predict D if the hypothesis space

associated becomes smaller as a result of developing reusable knowledge. We provide empirical

support for this hypothesis in Chapter 5.

3.3 Summary

We contribute to XAI by proposing our Eex framework. It include operable definitions of

explanatory effects and effects of sequential teaching curricula (STCs) based on human out-

of-sample predictive accuracy. These definitions enable the quantification of the beneficiality

and harmfulness of machine explanations on human comprehension. Our framework assesses

general machine explanations so it is representation-independent and has broad applicability.

With appropriate human predictive accuracy measures, it can also be tailored for evaluating
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human comprehension of specific prediction tasks. We expand on this in Chapter 6. Since we

aim to demonstrate the Eex framework in the context of logic programming, we attempt to

formulate the limitations of human learning and human evaluation of logic programs. These

limitations relate to human intelligibility and executability in Michie’s analysis of the Human

Window. Our theory of a cognitive window bridges human comprehension and the properties

of machine-learned logic programs. A cognitive cost Cog is defined to estimate the complexity

of evaluating logic programs in human working memory. We also hypothesise a bound on the

size of searchable hypothesis space by a group of human learners. For a machine-learned logic

program to have a beneficial effect on human comprehension, we postulate that it should have

a low cognitive cost and can be learned within the human searchable hypothesis space size.

This means that such a logic program needs to contain executional shortcuts and have low

descriptive complexity. This theory contains two novel hypotheses: 1) a cognitive window of a

machine-learned theory and 2) the human comprehension improvement by a sequential teaching

curriculum. In Chapter 4 and 5, we carry out case studies in two non-trivial human reasoning

domains and provide empirical evidence to support these two hypotheses.



Chapter 4

Beneficial and harmful explanatory

machine learning

We explain experiments and empirical results supporting Sub-thesis 1 from Chapter 1 and

Hypothesis 3.16 of a cognitive window. We include parts from our published Machine Learning

Journal paper [3].

4.1 Introduction

Prior to the work described in this chapter, machine learning comprehensibility has been ex-

plored in [215] to demonstrate the first instance of Ultra-Strong Machine Learning (USML)

based on this operational definition. This indicates a beneficial effect of comprehensible machine-

learned output on human knowledge attainment. As the complexity of explanations increases,

the load on human information processing in working memory also increases. However, the

negative effects of machine explanation on human comprehension have not been explored.

To address this, we examine the explanatory effects on human comprehension (beneficial or

harmful) using the Eex frameworks described in Chapter 3. For a simple two-player game do-

main, we present explanations of machine-learned logic programs of game strategies to human

learners in human trials. Notably, we show that explaining a machine-learned logic program

can have a measurable beneficial effect on human comprehension. In addition, we have observed

69
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(a) A winnable position. (b) A sub-optimal move by the Blue player.

Figure 4.1: An example of a Noughts and Crosses isomorphism called the Island Game. Every
turn, each player occupies a cell with some resources (marked by the castle, fish, tree icons,
etc). A player wins if he or she controls three cells on the same island or three pieces of the
same resource. In our experiments, human participants, who play Blue, are presented with a
game position and have to choose some alternative moves between the white cells. In Figure
4.1b, the cell with a yellow border highlight indicates a “bad” move that leads to a loss if the
Orange player plays optimally. More details of the material design are given in Section 4.4.1.

that a machine-learned logic program has a quantifiable harmful effect when it is explained to

humans. Both support Sub-thesis 1. In our hypothesis of a cognitive window (Hypothesis

3.16 of Chapter 3), machine-learned theories do not have a beneficial effect if they are either

1) informatively overwhelming or 2) more cognitively expensive than problem solutions that

involve no auxiliary information. Results show that when human learners are presented with

explanations based on a machine-learned theory that has low descriptive and executional com-

plexity, human task performance is higher compared to learning from examples alone. This

supports Hypothesis 3.16.

In Chapter 2, we review research on machine learning of game strategies. USML of game

strategies can help humans achieve higher performance in games and help them interpret the

decisions of machine agents. Games also represent a class of problems that generally require

explicit human reasoning. Empirical studies of games can help us understand better the lim-

itations of human inference. We use a two-player game that we designed as the material for

experimentation. This game called the Island Game is isomorphic to Noughts and Crosses (Fig-

ure 4.1). The selection of Noughts and Crosses as the base ensures an appropriate level of task

difficulty. We use a small but sufficient set of examples to machine-learn correct strategies for

winning. For different depths of this game, the amount of information carried by the machine-

learned strategies may vary. This gives to a range of complexity levels to test human learning

and reasoning. The complexity of machine-learned game strategies allows us to correlate the
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properties of these logic programs with human comprehension.

We arrange this chapter as follows. In Section 4.2, we describe a game learning system Meta-

Interpretive exPlainable game learner MIPlain based on modified MIGO system [212] (ex-

plained in Chapter 2) to learn logic programs with reduced size. The MIL learning framework

MIGO [212] learns logic programs that represent strategies of Noughts and Crosses and Hexa-

pawn. In Section 4.3, we introduce our analysis approach and experimental hypotheses. In

Section 4.4, we elaborate on the invention of the Island Game domain to reduce the ceiling

effect and the two-group experimental setup for comparing the effects of explanations. Tex-

tual and visual explanations are generated from programs learned by MIPlain and shown to

treated participants along with training examples for winning the Island Game. In Section 4.5,

we present results from our experiments. In Section 4.6, we discuss empirical evidence that

supports Sub-thesis 1 and Hypothesis 3.16 of a cognitive window.

4.2 Meta-interpretive learning of game strategy

The MIL game learning framework MIGO [212] is based on the adapted Prolog meta-interpreter

Metagol [75]. MIGO learns exclusively from positive examples by playing against the optimal

opponent. For Noughts and Crosses and Hexapawn, MIGO produces a rule-like game strategy

that supports human understanding and was demonstrated to converge using less training data

compared to Deep and classical Q-Learning.

When MIGO learns to play Noughts and Crosses, it uses three primitives, move/2, won/1,

and drawn/1. These primitives correspond to a move generator, a won and a drawn classifier

respectively. These primitives represent the minimal information that a human would know

before playing Noughts and Crosses and Hexapawn. For successive values of k, MIGO learns

a series of interrelated definitions for predicates win_k/2 for playing as either X or O. These

predicates define the minimax winning strategy in k-ply (winning in k moves).

In this work, we use a modified version of MIGO, called Meta-Interpretive exPlainable game

learner (MIPlain)1. This variant of MIGO focuses on learning the task of winning the game
1MIPlain source is available at https://github.com/LAi1997/MIPlain.
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Table 4.1: A set of win rules learned by MIGO. MIGO’s background knowledge con-
tains a general move generator move/2 and a won classifier won/1 to encode the minimum
rules of the game. The program is dyadic and win_1/2 can be reduced to win_1(A,B) :
−move(A,B), won(B) by removing literals after unfolding. A more detailed description of the
program learned by MIGO was given in [212]

Depth Rules

1 win_1(A,B):- win_1_1_1(A,B),won(B).
win_1_1_1(A,B):-move(A,B),won(B).

2 win_2(A,B):-win_2_1_1(A,B),not(win_2_1_1(B,C)).
win_2_1_1(A,B):-move(A,B), not(win_1(B,C)).

3 win_3(A,B):-win_3_1_1(A,B),not(win_3_1_1(B,C)).
win_3_1_1(A,B):-win_2_1_1(A,B), not(win_2(B,C)).

Figure 4.2: Example of
pairs. O has two pairs (green
lines) and X has no pairs.

Name Meta-rule
postcon1 P (A,B)← Q(A,B), R(B).
postcon2 P (A)← Q(A,B), R(B).
conjunc1 P (A)← Q(A, S, T ), R(A).
conjunc2 P (A)← Q(A, S, T ), R(A,U, V ).

Figure 4.3: Letters P, Q, R, S, T, U, and V denote exis-
tentially quantified second-order variables and A, B, and
C are universally quantified first-order variables.

of Noughts and Crosses with some adaptations. In addition to learning from positive examples,

MIPlain learns strategies from negative examples for the task of winning in order to reduce the

generality of the hypothesis learned. Based on supplied training examples, MIPlain performs a

selection of hypotheses using a program cost function as a hypothesis space constraint [76]. The

tree cost iteratively checks the number of SLD-resolutions performed when calling primitives

move/2 and number_of_pairs/3 as programs are constructed from meta-substitutions. A

learned program with the lowest cost implies the most efficient and correct applications of the

primitives.

An additional primitive number_of_pairs/3 is provided to MIPlain which describes the

number of pairs for a player (X or O) on a given board. A pair is the alignment of two marks

of one player and the third square of this line is empty. Examples of some pairs are shown

in Figure 4.2. The primitive number_of_pairs/3 is an executional shortcut that reduces the
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Table 4.2: Logic program learned by MIPlain. It represents a strategy for the first player to
win at different depths of the game. The predicate win_3_4/1 can be reduced to win_3_4(A) :
−win_2(A,B). The program learned by MIPlain can be described as: a board A is won at
depth 1 if there exists a move from A to B such that B is won; a board A is won at depth 2 if
there exists a move from A to B such that X has exactly two pairs and O has no pairs in B; a
board A is won at depth 3 if there exists a move from A to B such that X has exactly one pair
in B and there exists a move from B to C such that X does not have any pair in C and C is
won at depth 2 for X.

Depth Rules

1 win_1(A,B):-move(A,B),won(B).

win_2(A,B):-move(A,B),win_2_1(B).
2 win_2_1(A):-number_of_pairs(A,x,2),

number_of_pairs(A,o,0).

win_3(A,B):-move(A,B),win_3_1(B).
win_3_1(A):-number_of_pairs(A,x,1),win_3_2(A).

3 win_3_2(A):-move(A,B),win_3_3(B).
win_3_3(A):-number_of_pairs(A,x,0),win_3_4(A).

win_3_4(A):-move(A,B),win_2_1(B).

Table 4.3: Comparison of program size (unfolded and without redundant literals) and cognitive
cost. For winning in two (win_2) and three moves (win_3), the logic programs learned by
MIPlain are smaller and have lower cognitive costs.

Predicate definition Smaller program size Lower cognitive cost
win_1 Both are the same Both are the same
win_2 MIPlain MIP lain
win_3 MIPlain MIP lain

depth of the minimax search.

Remark 4.1. Given that the training examples of Noughts and Crosses are winnable and

MIPlain uses the set of primitives ϕ = {move/2, won/1, number_of_pairs/3}, a minimum

primitive solution program is produced by MIGO. This is because MIGO uses primitives

{move/2, won/1} which is a strict subset of ϕ for making a move and deciding a win when the

input is winnable. Primitives move/2 and won/1 are also necessary and sufficient primitives to

win Noughts and Crosses and no theory can be learned using a subset of ϕ with the cardinality

of one.

The meta-rules used by MIPlain are presented in Figure 4.3. There are two meta-rules that
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describe post-conditions with either a monadic or dyadic head (postcond1 and postcond2). Two

other meta-rules specify the conjunctive conditions of the input argument. Variables in first or

both body literals are existentially quantified and can be bounded to constants during meta-

substitution. The learned strategies presented in Table 4.2 describe patterns in game positions

that the player’s optimal move has to satisfy. Owing to the setup of the game, MIPlain learns

a program for playing as X assuming X starts the game.

Remark 4.2. The program P learned by MIPlain has less cognitive cost than the one learned

by MIGO except for queries concerning win_1/2. From Remark 4.1 given sufficient ex-

amples E, MIGO learns primitive solution programs from the background knowledge ϕ =

{move/2, won/1, number_of_pairs/3}. ϕ is also used by MIPlain as background knowledge.

Let M̄ denote MIGO and Pi (1 ≤ i ≤ 3) denote win_i predicate learned by MIPlain. Let

xi = win_i(si, V ) where si represents a position winnable in i moves and V is a variable that

bounds to an optimal winning move. We examine the cognitive costs in all three cases of i.

When i = 1, according to Table 4.1 and 4.2, we have Cog(P1, x1) = CogP (E, M̄, ϕ, x1) since

both MIGO and MIPlain learn the same program. When i = 2 and i = 3, the cognitive

cost of computing x2 and x3 based on P2 and P3 are much more efficient, thus Cog(P2, x2) <

CogP (E, M̄, ϕ, x2) and Cog(P3, x3) < CogP (E, M̄, ϕ, x3).

For successive values of k, win_k/2 definitions are inter-dependent predicates which specify

the status of the game in terms of the number of pairs owned by player X or O. Since the

predicate number_of_pairs/3 identifies how close a player is to have three pieces in a line,

win_2/2 and win_3/2 definitions specify the advantage of player X with respect to player O

for winning the game.

The key differences of programs learned by MIGO and MIPlain are summarised in Table 4.3.

From Table 4.1 and 4.2, the win_2/2 and win_3/2 definitions learned by MIPlain are smaller

in size compared with those learned by MIGO when they are unfolded. According to Remark

4.2, MIPlain learns less cognitive costly win_2/2 and win_3/2.
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4.3 Experimental framework

We use a two-group design: 1) human learning from training examples (self-learning) and 2)

human learning from machine explanations and training examples (machine-aided learning).

The self-learning group is the control group and the machine-aided learning group is the treat-

ment group. Though we acknowledge the possibility of other control group designs, our main

focus is to examine the effects of machine explanations on human task performance where this

two-group approach is sufficient.

In addition, we assess the correlation between the cognitive window and human comprehension.

This framework focuses on 1) a set of criteria for evaluating the participants’ learning quality

from their own textual descriptions of learned strategies and 2) an outline of experimental

hypotheses. For game playing, we assume humans are able to explain actions by verbalising

procedural rules of strategy. We expect textual answers to provide insights into human decision-

making and knowledge acquisition.

4.3.1 Quality of textual answers

The quality of textual answers can be affected by multiple factors such as motivation, familiarity

with the introduced concepts and understanding of the game rules. We take into account these

factors in the evaluation criteria.

Definition 4.1. (Primitive coverage of a textual answer): A textual answer correctly

describes a primitive if the semantic meaning of the primitive is unambiguously stated in the

response. The primitive coverage is the number of primitives in a machine-learned theory that

is described correctly in a textual answer.

Definition 4.2. (Quality of a textual answer, Q(r)): A textual answer r is checked

against the specifications from Table 4.4 in increasing order from criteria level 1 to level 4.

Q(r) is the highest level i that r can satisfy. When a response does not satisfy any of the higher

levels, the quality of this response is the lowest level 0.

To illustrate, we consider the predicate win_2/2 learned by MIPlain (Table 4.2). Primitive
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Table 4.4: Criteria for evaluating textual answers and examples for category win_2/2.

Q(r) Criteria Exemplary r

Level 0 r does not fit into any of the categories
below

“Follow the instructions.”

Level 1 One or more primitives in the machine-
learned theory, directly or by synonyms,
are described correctly in r

“This move gives me a pair.”

Level 2 All primitives in the machine-learned the-
ory, directly or by synonyms, are de-
scribed correctly in r

“I should have picked this
move to prevent the oppo-
nent and get two attacks.”

Level 3 r is unambiguous and all primitives are de-
scribed correctly, directly or by synonyms,
in the same order as in the executional
stack of the machine-learned theory

“This move gives me two at-
tacks and prevents the op-
ponent from getting a pair.”

Level 4 r explains one or more primitives in the
machine-learned theory in correct causal
relations, directly or by synonyms

“This is a good move be-
cause by making two pairs
and blocking the opponent,
the opponent cannot win in
one turn and can only block
one of my pairs.”

predicates are move/2 and number_of_pairs/3. We present in Table 4.4 a number of examples

of textual answers and based on this table, we specify our classification of high and low-quality

textual responses.

Definition 4.3. (High (HQ) / low (LQ) quality textual answer): A HQ response rh

has Q(rh) ≥ 3 and a LQ response rl has Q(rl) < 3.

A high-quality response reflects a high motivation and a good understanding of game concepts

and strategy. On the other hand, a poor-quality response demonstrates a lack of motivation or

poor understanding.

4.3.2 Experimental hypotheses

In this section, we define our experimental hypotheses and describe our intentions. We refer

to the explanatory effect Eex framework for definitions of comprehensibility and cognitive cost.
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Evaluations of these hypotheses are discussed in Section 4.6. Let M denote a machine learning

algorithm. E stands for examples, D is a logic program representing the definition of a target

predicate, and H is a group of participants sampled from a human population. M(E) denotes a

machine-learned theory which belongs to a definite clause program class with hypothesis space

S. M̄ denotes a minimum primitive solution learning algorithm.

We are interested in demonstrating whether 1) the textual answer quality of learned knowledge

reflects comprehension, 2) there exist cognitive bounds for humans to provide textual answers

of higher quality and 3) the machine-learned theory helps improve the quality of textual answers.

H1: Unaided human comprehension τh(D,H,E) and machine-explained human comprehension

τex(D,H,M(E)) manifest in textual answer quality Q(r). We examine if high post-training

accuracy correlates with high response quality and high primitive coverage of each question

category.

H2: Difficulty for human participants to provide textual answers increases with quality Q(r).

We examine if the proportion of textual answers reduces with respect to high response

quality and high primitive coverage of each question category.

H3: Machine-learned theory M(E) improves textual answer quality Q(r). We examine if

machine-aided learning results in more HQ responses.

The impact of a cognitive window on explanatory effects is examined via the following hypothe-

ses. ϕ is a set of primitives introduced to H. Let x denote the set of questions that human

h ∈ H answers after learning.

H4: Learning a complex theory (|S| > B(M(E), H)) exceeding the cognitive bound leads to

a harmful explanatory effect (Eex(D,H,M(E)) < 0). We examine if the post-training

accuracy, after studying a machine-learned theory that participants cannot recall fully, is

worse than the accuracy following self-learning.

H5: Applying a theory without a low cognitive cost (Cog(M(E), x) ≥ CogP (E, M̄, ϕ, x)) does
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not lead to a beneficial explanatory effect (Eex(D,H,M(E)) ≤ 0). We examine if the

post-training accuracy, after studying a machine-learned theory that is cognitively costly,

is equal to or worse than the accuracy following self-learning.

4.4 Experiments

This section introduces the materials and experimental procedure 2 which we designed to ex-

amine the explanatory effects of a machine-learned logic theory. The design of the experimental

work has been assisted by our collaborators from the University of Bamberg. I was responsible

for the implementation of the experimental interface, the collection and analysis of results.

We invented the Island Game based on Noughts and Crosses to prevent a ceiling effect on task

performance. We also describe the experiment interface and present experimental results which

indicate 1) a beneficial effect, 2) a harmful effect and 3) a bound on human learning capacity.

4.4.1 Materials

Noughts and Crosses is assumed to be a well-known game that the majority of participants

are familiar with. This implies many participants already play optimally before training with

explanations. There can be a ceiling effect and little room for potential performance increase. In

order to address this issue, the Island Game was designed as a problem isomorphic to Noughts

and Crosses.

Problem masking

In Psychology, isomorphic problems are defined as “problems whose solutions and moves can be

placed in a one-to-one relation with the solutions and moves of the given problem” [279]. This

changes the superficial presentation of a problem without modifying the underlying structure

[104, 125, 249]. This arrangement does not impede solving the problem if the original problem

is consciously recognized as an analogy. Given that the Island Game is a major re-design of the

Noughts and Crosses representation, it was expected that participants would not easily recall
2Experimental materials, interface and results are available at https://github.com/LAi1997/MIPlain
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Figure 4.4: Example of pre- and post-training questions for the Island Game. A board is
presented to the participant to select a move that he or she thinks is optimal.

their prior experience of Noughts and Crosses which would facilitate problem-solving, which

means less optimal play initially and avoidance of a ceiling effect.

Problem setup

The Island Game (Figure 4.4) contains three islands, each with three territories. Each territory

or cell has one or more resources. The winning condition is met when a player controls either

all territories on one island or three pieces of the same resource. The nine territories resemble

the 3x3 cells in Noughts and Crosses and the structure of the original game is maintained in

regard to players’ turns, possible moves, board states and win conditions. This isomorphism

masks a number of spatial relations that represent the membership of a cell to a win condition.

In this way, the cells can be rearranged in an arbitrary order without changing the structure of

the game.

Textual and visual explanations

An example of the explanations is shown in Figure 4.5 where MIPlain provides a set of com-

ments based on the move chosen by the Blue player. Studies [4, 9, 23, 250] suggest explanations

are most effective for human learning when they are presented with examples. Therefore, we

combine textual explanations which verbalise machine-learned logic programs for a sequence of
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Figure 4.5: Explanations generated based on logic programs learned by MIPlain. Both visual and textual explanations preserve the structure
of hypotheses without redundancy and account for the reasons that make a move correct (highlighted in green). Explanations are presented
for the possible sequence of wrong moves in participant’s turns (highlighted in red) by comparing against MIPlain’s learned theory.
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Figure 4.6: Generation of textual and visual explanations. Each Noughts and Crosses canonical
state is converted into an Island Game state. A learned logic program is translated by using
the Noughts and Crosses state and mapped natural language texts.

game states with visualisations of game boards. These textual explanations and illustrations

are generated from grounded programs based on a selection of game states.

Textual and visual explanations are created based on the first-order programs win_1, win_2

and win_3 learned by MIPlain (Table 4.2). The generation3 of textual and visual is illustrated

by Figure 4.6. Both textual and visual explanations consist of two main components. Two series

of game states compare the consequences between an optimal move and a sub-optimal move by

the Blue player (which is played by human participants). For the optimal move, we defined a

mapping from each predicate to a short natural language text. The free variables in MIPlain’s

learned programs are grounded with game states that have been selected as training examples.

Term unifications are recorded during the execution of the logic programs. Since the Island

Game is isomorphic to Noughts and Crosses, we can generate Island Game states from instanti-

ated terms based on a mapping of states from one game to the other. The textual translation of

a clause is the concatenation of natural language templates connected by conjunctions mapped

from meta-rules. A logic program consisting of multiple clauses is translated by combining a

sequence of clausal translations with connectives. All visual explanations are created from the

intermediate terms and their equivalent Island Game states. Visual explanations are organised

in accordance with the textual translations by highlighting players’ moves and the satisfaction
3A demonstration of an interactive generation of textual explanation is provided at

https://github.com/LAi1997/MIPlain
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of the primitive number_of_pairs/3 on respective Island Game boards.

The game state sequence with red text colour corresponds to the Blue player’s sub-optimal

move. We are able to expand the sub-optimal state sequence based on the assumption that

the opponent always plays optimal moves. Consequences of the sub-optimal decision-making

have been highlighted according to predicates from the machine-learned programs that have

not been satisfied. The opposing Orange player plays optimally from the position, and the

best option Blue is presented following Orange’s move. Game states where Blue has to move

are represented in Noughts and Crosses and substituted into MIPlain’s learned programs.

Unsatisfied predicates are also mapped into natural language texts and the respective game

state illustrations.

For the selected set of training examples, we generated textual and visual explanations prior to

initiating the experimental procedure. Textual explanations were tuned with minimal manual

adjustments for correctness and readability. A brief introduction with illustrative examples

was given at the beginning of the experiment to explain concepts used in visual and textual

explanations. Therefore, with the assumption that participants should not be familiar with the

designed Island Game domain, they have been given appropriate information to understand

explanations.
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4.4.2 Methods and design

Table 4.5: Summary of experiment design. Participants played one mock game against a ran-
dom computer player for the more difficult Island Game. After selecting a move in training
and regardless of its correctness, participants received the labels of the two moves presented;
treated participants additionally received explanations generated from MIPlain’s learned pro-
gram. We introduced the primitive set used by MIPlain.

Stage Participant’s assignment No. Question format

Intro Understand rules to move and
win

1 practice

Pre-
training

Choose the optimal move 15 five canonical positions for
each of win_1, win_2 &
win_3

Training Understand the concept of pairs;
choose the optimal move and re-
flect on the choice

9 two choices for each of
win_1, win_2 & win_3;
presentation of the labels

Post-
training
tests

Choose the optimal move 15 five canonical positions for
each of win_1, win_2 &
win_3; rotated and flipped
from pre-training questions.

Open ques-
tions

Describe the strategy of a previ-
ously made move

6 Questions requiring a tex-
tual answer

Survey Provide gender, age group & ed-
ucation level

3 multiple choices

In our experiment4 for the Island Game, a human player always played as player one (X for

Noughts and Crosses and Blue for the Island Game) who started the game. We adopted a

two-group pre-training post-training design (Table 4.5 and Figure 4.7). We first introduced

participants to the rules of the Island Game. In the pre-training stage, the performance of

participants in both self-learning and machine-aided learning groups is measured identically.

In the training stage, we introduced the concept of pairs and asked participants to try to clas-

sify pairs with some working examples. Participants could see correct answers. The difference

between self-learning and machine-aided human task performance was assessed using an in-

dependent two-sample t-test. In the post-training, the performance of both self-learning and
4No ethics approval was required by the Machine Learning Journal at the time when the paper was submitted.
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Figure 4.7: Visualisation of experiment design. Design (a) represents the experimental pro-
cedure for human self-learning where participants only learn from examples. Machine-aided
learning corresponds to design (b) where participants learn from both examples and explana-
tions.

machine-aided groups was evaluated in the same way as in the pre-training.

Each question in pre- and post-training tests was the participant’s turn to play. They were

asked to select what they considered to be the optimal move. A question category of wink

denotes a game position winnable in k moves of the human player and corresponds to a state

winnable by a win_k rule. An exemplary question is shown in Figure 4.4. The post-training

questions were rotated and flipped from pre-training questions so the complexity of the solution

is maintained. In each test, only 15 questions were given to limit the experiment duration to

one hour. The response time of participants was recorded in pre-training and post-training

tests.

An exemplary question in the training phase for the machine-aided group is shown in Figure 4.8.

In the training stage, the self-learning group did not receive the treatment and was presented

with the same game positions without the corresponding visual and textual explanations. The

treatment of textual and visual explanations was applied to only the machine-aided group.

For the Island Game experiments, we recorded an English description of the strategy they used

for each of the selected post-training questions. Participants were presented with previously

submitted answers, one at a time along with a text input box for written answers. Moves

for these open questions were selected from post-training with a preference order from wrong

and hesitant moves to consistently correct moves. We associated hesitant answers with higher

response times. A total of six questions were selected based on individual performance during

the post-training.
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This is a right
move You select this territory and

obtain 1 pair (Island 3)

Opponent conquers and
prevent you from getting a

triplet (Island 3)

You obtain 2 pairs (Water,
Fish) and opponent has no

pair

This is a wrong
move Contrast: Not enough pair(s) Contrast: Not enough pair(s)

Example Moves MIPlain's comments

Figure 4.8: Interface featuring a training example with explanations. Human participants, who play Blue, are confronted with a game position
and have to choose between two alternative moves that are highlighted in yellow. When Blue owns two cells on the same island or two pieces
of the same resource, related cells or resources are highlighted in bold.
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4.5 Results

We conducted three pilot trial experiments using the interface with Noughts and Crosses ques-

tions and explanations instead. These experiments were carried out on three samples: an under-

graduate student group from Imperial College London, a junior student group from a German

middle school and a mixed background group from Amazon Mechanical Turk5 (AMT). No

consistent explanatory effects were observed for any of the mentioned samples. The problem-

solving strategy that humans apply can be affected by factors such as task familiarity, problem

difficulty, and motivation. For instance, [265] shows that a rather superficial analogical transfer

of a strategy is applied when a problem is too difficult or when there is no reason to gain a more

general understanding of a problem. Given that the majority of subjects achieved reasonable

initial performance, we ascribe the reason for such results to experience with the game and

the complexity of explanations. The game familiarity of adult groups led to less potential for

performance improvement. Early middle school students had limited attention and were over-

whelmed by information intake. Hence, we focused on specially designed experiment materials,

the Island Game, in the follow-up experiments. We present results on task performance and

human strategy analysis. Our qualitative analysis of human strategy refers to definitions of

textual response quality in Section 4.3.1.

Analysis of human task performance

A sample from Amazon Mechanical Turk and a student sample from the University of Bamberg

participated in experiments that used the interface with Island Game questions and explana-

tions. To test hypotheses H1 to H5, we employed a quantitative analysis of test performance

and a qualitative analysis of textual answers. A sub-sample with a mediocre performance on

pre-training questions of all categories within one standard deviation of the mean was selected

for the performance analysis. This aims to discount the ceiling effect (initial performance too

high) and outliers (e.g. struggling to use the interface). We evaluate the explanatory effect on

human task performance empirically using independent two-sample t-tests. We employed a 5%

significance level for testing experimental results.
5AMT (www.mturk.com) is an online crowd-sourcing platform used to recruit experiment participants.
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(a) Mixed background self-learning and
machine-aided learning.

(b) Student self-learning and machine-aided
learning.

Figure 4.9: The number of correct answers in pre- and post-training in different question
categories. Bars show standard errors. We compare the post-training performance of learning
from training examples (self-learning) and learning from machine explanations (machine-aided
learning) via independent two-sample t-tests. In (a), machine-aided learning led to a higher
average human performance in the win_2 case and a worse average human performance in
win_3 case. In (b), self-learning results on the left have zero standard errors due to a sample
size of two. There were no performance changes by machine-aided learning.

It is important to note that while we recognise the potential of alternative experimental design,

we can compare the effects of learning with machine explanations against learning from training

examples with our two-group approach.

From the AMT sample, we had 90 participants who were 18 to above 65 years old. A sub-

sample of 58 participants with a mediocre initial performance was randomly partitioned into two

groups, MS (Mixed background Self-learning n = 29) and MM (Mixed background Machine-

aided learning, n = 29). A different sub-sample of 30 participants completed open questions

and was randomly split into two groups, MSR (Mixed background Self-learning and strategy

Recall, n = 15) and MMR (Mixed background Machine-aided learning and strategy Recall,

n = 15).

In Figure 4.9a, in category win_2, MM post-training had a better comprehension (p = .028 <

.05) than MS post-training while MM and MS had similar pre-training performance in this

category. Results in category win_2 indicate that explanations have a beneficial effect on

MM. However, MM did not have a better comprehension of win_1 than MS given the same
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Table 4.6: The number and accuracy of HQ and LQ responses for groups MSR, MMR, SSR,
SMR and each question category. For win_3, the most mentally challenging category of all
three, no HQ response was given.

win_1 win_2 win_3

MSR No. HQ / post-train accuracy 9 / .889 1 / 1.00 -

No. LQ / post-train accuracy 19 / .421 32 / .406 29 / .517

MMR No. HQ / post-train accuracy 8 / 1.00 2 / 1.00 -

No. LQ / post-train accuracy 16 / .250 35 / .486 29 / .483

SSR No. HQ / post-train accuracy 6 / 1.00 1 / 1.00 -

No. LQ / post-train accuracy 0 / .000 8 / .750 9 / .667

SMR No. HQ / post-train accuracy 9 / 1.00 9 / .778 -

No. LQ / post-train accuracy 3 / .000 14 / .571 19 / .737

initial performance. In addition, MM’s performance reduced (p = .005 < .05) after receiving

explanations of win_3.

A sample of students involved in a Cognitive Systems course at the University of Bamberg was

also examined. We had 13 participants who were 18 to 24 years old and a few outliers between

25 and 54 years. All participants were asked to complete open questions and were randomly

split into two groups, SSR (Student Self-learning and strategy Recall, n = 4) and SMR

(Student Machine-aided learning and strategy Recall, n = 9). In Figure 4.9b, a sub-sample of

9 with a mediocre initial performance was randomly divided into SS (Student Self-learning,

n = 2) and SM (Student Machine-aided learning, n = 7). The imbalance in the student sample

was caused by some participants leaving during the experiment. The machine-aided learning

results show large performance variances in post-training as indirect evidence of performance

changes. Further experimentation could provide clearer evidence.
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Analysis of human Island Game strategy

In Table 4.6, we identified that participants who were able to provide high-quality responses for

their test answers scored higher on these questions. This is not the case for win_3, however,

due to the high difficulty of providing a good description of the strategy for the win_3 category.

Additionally, in the win_2 category, both machine-aided groups (MMR: 2
(2+35) , SMR: 9

(9+14))

have greater proportions of high-quality responses than self-learning groups (MSR: 1
(1+32) ,

SSR: 1
(1+8)). Also, we observed a pattern in which there are fewer HQ responses than LQ

responses in the win_1 and win_2 categories. This pattern is more significant in the win_2

category.

Figure 4.10 illustrates the difficulty of providing a good quality textual answer for the non-

trivial category win_3. Since win_1 and win_2 contain fewer predicates, we examine primitive

coverage of non-trivial category win_3. When counting primitives based on Definition 4.1, we

only consider the constraint number_of_pairs/3 and ignore the move generator move/2 as

participants were required to make a move when they answered a question.

In Figure 4.10a, we plotted primitive coverage against the accuracy of post-training answers

that were selected as open questions. We observed a major monotonically increasing trend

in accuracy with respect to primitive coverage. This indicates that high matching between

textual answers and the machine-learned theory correlates with high performance. In Figure

4.10b, we observed downward curves for MSR and MMR in the number of textual answers

from the lower to the higher primitive coverage. More responses were provided by SSR and

SMR covering one primitive than MSR and MMR. Participants gave very few responses

that cover more than two primitives. Based on the learned theory6 of MIPlain in Table 4.2,

the results suggest an increasing difficulty to provide complete strategy descriptions of win_3

beyond two clauses for mixed background groups and four clauses for student groups.
6The translation of the learned theory into textual and visual explanations does not contain redundant parts.
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(a) The accuracy of textual answers increases
with respect to the number of primitives covered.

(b) The proportion of quality textual answers de-
creases with the number of primitives covered.

Figure 4.10: win_3 reuses win_2 and uses four number_of_pairs/3 when unfolded. Figure
4.10a also shows that student groups could not provide a significant number of responses cov-
ering more than two of these predicates respectively. In Figure 4.10b, both mixed background
groups (MSR and MMR) had lower proportions of responses covering one predicate than
student groups (SSR and SMR).

4.6 Discussion

Results concerning H1 to H5 are summarised in Table 4.7 and 4.8. We assume that (H1 Null)

comprehension does not correlate with textual answer quality. To examine this hypothesis, we

analyse the results in two steps. First, the results of HQ responses in two categories (Table 4.6)

suggest that being able to provide better textual answers corresponds to a high comprehension.

Second, we examined the coverage of primitives (specifically for LQ responses of win_3) in

textual answers (Figure 4.10a). Evidence in all categories shows a correlation between com-

prehension and the degree of textual answer matching with explanations. We reject the null

hypothesis in all categories which supports H1.

In addition, we assume that (H2 Null) the difficulty for human participants to provide a

textual answer is not affected by textual answer quality. Since high response quality is difficult

to achieve (Table 4.6) and it is challenging to correctly describe all primitives (Figure 4.10b), we

reject this null hypothesis for all categories and H2 is supported as it is increasingly difficult

for participants to provide higher quality textual answers. Hence, two additional trends we
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Table 4.7: Hypotheses concerning the quality of textual answers and comprehension. S stands
for supported, N denotes not supported, H stands for hypothesis. Test outcomes are presented
for win_1, win_2 and win_3 categories.

H win_1 win_2 win_3

H1 Human comprehensions manifest in textual answer quality S S S

H2 Difficulty for human participants to provide textual an-
swers increases with textual answer quality

S S S

H3 machine-learned theory improves textual answer quality N S N

Table 4.8: Hypotheses concerning the cognitive window and explanatory effects. S stands for
supported, H stands for hypothesis, T stands for test outcome.

H T

H4 Learning a complex theory exceeding the cognitive bound leads to a
harmful explanatory effect

s

H5 Applying a learned theory without a low cognitive cost does not lead to
a beneficial explanatory effect

s

observed from the same figure suggest two mental barriers to learning. As we assume a human

sample is a collection of version space learners, the search space of participants is limited to

programs of size two (mixed background groups) and four (student groups). When H is taken

as the student sample and P is the machine-learned theory on winning the Island Game, the

cognitive bound B(win_3, H) = m4 ∗ p4(j+1) = 44 ∗ 212 corresponds to the smallest hypothesis

space size for programs with four clauses (four meta-rules are used with at most two body

literals in each clause and two primitives move/2 and number_of_pairs/3). This supports

the existence of a bound on the hypothesis space size of human learning (Definition 3.15).

Regarding H3, we assume that (H3 Null) machine-learned theory does not improve textual

answer quality. Results (Table 4.6) show a higher proportion of HQ responses for machine-

aided learning than self-learning in category win_2. Thus, for win_2, we reject this null

hypothesis which means H3 is supported in category win_2 where the explanations result in

more high-quality textual answers being provided.

Here, we examine Hypothesis 3.16 of a cognitive window. We assume that (H4 Null) learn-
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ing a descriptively complex theory does not affect comprehension harmfully. When P is the

program learned by MIPlain, B(P,H) bounds for the two samples correspond to the pro-

gram class with a size no larger than 4. Only win_3 which has a larger size of seven after

unfolding exceeds these cognitive bounds. As harmful effects (Figure 4.9a and 4.9b) have been

observed in category win_3, this null hypothesis is rejected and H4 is supported as learning a

complex machine-learned theory has a harmful effect on comprehension. We also assume that

(H5 Null) applying a theory without a sufficiently low cognitive cost has a beneficial effect on

comprehension. According to Remark 4.2, given sufficient training examples E, MIGO’s learn-

ing algorithm as M̄ and ϕ = {move/2, won/1, number_of_pairs/3}, the predicate win_1 in

MIPlain’s learned theory does not have a lower cognitive cost: for all queries x of winning in

one move, Cog(win_1, x) ≥ CogP (E, M̄, ϕ, x). We reject this null hypothesis since no signif-

icant beneficial effect has been observed in category win_1. Therefore, H5 is supported and

knowledge application that requires cognitive resources does not result in better comprehension.

The performance analysis (Figure 4.9a) demonstrates a comprehension difference between self-

learning and machine-aided learning in category win_2. While a larger sample size would likely

ensure consistency of statistical evidence, the patterns in results suggest more significant results

in category win_2 than win_1 and win_3. The predicate win_2 in the program learned by

MIPlain satisfies both constraints on hypothesis space bound for knowledge acquisition and

cognitive cost for knowledge application. In addition, our cognitive window theory explains

the lack of beneficial effects of predicates win_1 and win_3. The former does not have a

lower cognitive cost for execution so operational errors cannot be reduced and there have been

no observable effects. The latter is a complex rule with a larger hypothesis space for human

participants to search from. Harmful effects have been observed due to partial knowledge being

learned.

4.7 Summary

The effects of machine-learned explanations have been investigated in the context of game

strategy learning. In addition, we have explored both beneficial and harmful perspectives of

AI’s explanatory effects on human comprehension. The Island Game is an isomorphic game
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design based on Noughts and Crosses. We demonstrate that explanations generated from a

machine-learned logic program can enhance human comprehension. To raise awareness of the

harmfulness of machine explanations, we also contribute by highlighting results that show logic

programs, which have been believed to facilitate human understanding, can negatively affect

human comprehension. The presented empirical results support Sub-thesis 1 and Hypoth-

esis 3.16 of a cognitive window. Given problems whose solutions can be effectively divided

into sufficiently small parts, a potential approach to improve the explanatory effectiveness of

a machine-learned theory is to divide complex concepts into “chunks”. Each “chunk” of infor-

mation involves simple-to-execute and short sub-goal explanations. In the next chapter, we

investigate the impact of sequential teaching curricula composed of sessions with increasingly

difficult tasks and explanations.



Chapter 5

Explanatory machine learning for

sequential human teaching

We explain experiments and empirical results supporting Sub-thesis 1 and 2 from Chapter

1 and Hypothesis 3.17 of sequential teaching curriculum improvement. We include parts from

our published Machine Learning Journal paper [2].

5.1 Introduction

In the previous chapter, our empirical results demonstrate that machine-learned explanations

are beneficial only if they have the appropriate complexity. To achieve a beneficial effect,

logic programs used to generate explanations should not overwhelm human learners with too

much information. In addition, logic programs should not put more cognitive loads on working

memory than problem solutions that people can develop. These results imply that complex

machine-learned logic programs with too much low-level information can be difficult to explain

effectively. To address this, this chapter explores sequential curricula to arrange teaching ma-

terials into smaller blocks to accommodate the constraints of human learning. Prior research

on comprehensibility did not consider human learning from acquired knowledge and the depen-

dency between teaching materials. We apply the Eex framework to account for the impacts of

sequential teaching on comprehension.

94



5.1. Introduction 95

Human knowledge attainment is considered incremental [37, 318, 103]. Humans are capable of

establishing the connections between “chunks” of knowledge [14] and exploiting the mapping

from a new problem-solving context to prior knowledge [87]. The dependency between concepts

and the order of learning may affect human learning. For example, in the context of teaching

algorithms to human students, we may imagine a human teacher using the material in Figure

5.1 for teaching the merge-sort algorithm. In a bottom-up teaching approach with increasing

concept complexity, students learn how to merge first (left) and then move on to study sorting

(right). In contrast, via a top-down teaching approach which presents concepts with decreasing

complexity, students learn to sort first (right) without prior knowledge of merging and study

merging afterwards (left). It might be of interest to the human teacher to question which ap-

proach yields higher student sorting performance and what effects the two teaching approaches

have on students’ sorting strategies.

Figure 5.1: Illustration of teaching materials of merging and sorting that can be learned in
incremental order (left to right). All fruits have different weights which can be pairwise com-
pared using the balance scale at the corner. On the left-hand side, two sets of apples should be
merged into a larger collection in increasing weights from left to right. On the right-hand side,
a set of bananas needs to be arranged in increasing weights from left to right.

We conducted a human trial to examine the effects of 1) concept ordering in a sequential teach-

ing curriculum and 2) explanations generated from machine-learned logic theory for teaching

efficient sorting strategies. Developing effective sorting approaches requires explicit reasoning

[311] which allows us to investigate human inferential ability when building from learned knowl-

edge. In Hypothesis 3.17 of sequential teaching curriculum improvement, we hypothesise that

a sequential teaching curriculum can enhance human comprehension when it reduces the size

of the hypothesis space associated with the target concept. Our empirical results show that
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a sequential teaching curriculum with increasing concept complexity has a beneficial effect on

human comprehension. This supports Sub-thesis 2 and Hypothesis 3.17.

Results indicate that human novices re-discovery the known divide-and-conquer algorithms af-

ter learning from computational concepts with increasing complexity. We provide evidence of

the optimisation of problem-solving strategy due to human studying explanations generated

from machine-learned logic rules. When explanations are presented in an incremental teaching

curriculum, the most applied strategy correlates to improved task performance. This evidence

supports Sub-thesis 1 and 2. We observe that explaining a machine-learned logic program

without a sufficiently low cognitive cost does not lead to a beneficial effect on human compre-

hension. This supports Hypothesis 3.16 of a cognitive window.

This chapter is organised as follows. In Section 5.2, we describe modifications to an existing

MIL system, MetagolO, for learning a logic program that represents a variant of the merge-sort

algorithm. The logic program is divided into two parts, merging and sorting, which correspond

to the two problem-solving tasks in our sequential teaching curricula. In Section 5.3, we elab-

orate on the evaluation of human sorting performance and sorting strategy. Then, we present

a set of experimental hypotheses and explain the motivations of these hypotheses. In Section

5.4, we introduce the MaRs-IB test which we use to control participants’ cognitive abilities

and describe the design of the experimental procedure and materials. In Section 5.5, we show

experimental results and explain how they support the experimental hypotheses in Section 5.6.

5.2 Meta-interpretive learning of sorting algorithm

The MIL system Metagol [75] is an implementation of a meta-interpreter in Prolog. Metagol

supports predicate invention and dependent learning which reduces the size of the hypothesis

space and improves learning performance [70]. MetagolO [74] makes use of composite objects

and actions defined from primitive objects and actions. MetagolO addresses the issue that

most ILP systems only consider the textual complexity of hypothesis programs. The inability

to distinguish two algorithms, for instance, insertion sort and quick-sort, would result in the

less computationally efficient but textually compact algorithm being learned. Both textual
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Table 5.1: Logic programs learned by MetagolO. When the robot performs parse_exprs/2,
it parses two expressions by removing the “<” symbols, and it puts one sequence of numbers
into the left bag and the other sequence of numbers into the right bag. compare_nums/2 first
selects a number from the left bag and a number from the right bag. Then it compares the two
numbers. Afterwards, compare_nums/2 uses the smaller number to extend the last expression
in the memory and puts the larger number back in its original bag. When one of the bags is
empty, the robot performs drop_bag_remaining/2 to append the rest of the numbers to the
last expression in the memory. recycle_memory/2 takes all expressions in the memory and
fills the expression list exprs. single_expr/2 checks if there exists only one expression in the
expression list exprs.

Definition Rules

merger/2 merger(A,B):-parse_exprs(A,C),merger_1(C,B).
merger_1(A,B):- compare_nums(A,C),merger_1(C,B)

merger_1(A,B):-compare_nums(A,C),drop_bag_remaining(C,B).

sorter/2 sorter(A,B):-merger(A,C),sorter(C,B).
(after learning sorter(A,B):-recycle_memory(A,C), sorter(C,B).

merger/2) sorter(A,B):-single_expr(A,C), single_expr(C,B).

sorter/2 sorter(A,B):-parse_exprs(A,C),sorter(C,B).
(without sorter(A,B):-compare_nums(A,C), sorter(C,B).
learning sorter(A,B):-drop_bag_remaining(A,C), sorter(C,B).

merger/2) sorter(A,B):-recycle_memory(A,C), sorter(C,B).
sorter(A,B):-single_expr(A,C), single_expr(C,B).

and resource costs of hypothesis programs are minimised by MetagolO using iterative descent

[74] which computes the resource cost of hypotheses of increasing sizes according to a pre-

defined cost function. For learning robot postman and robot sorting strategies, the background

knowledge is defined in composite actions and objects and provided to MetagolO. MetagolO

converges to hypotheses with the optimal resource complexity and learns resource-efficient robot

strategies [74].

We modify the background knowledge of MetagolO for learning a bottom-up variant of the

merge-sort algorithm [109] for sorting positive integers. Merge-sort is a recursive sorting algo-

rithm based on a divide-and-conquer approach. The conventional implementation recursively

splits an input sequence into units and performs merging on these units to build up sorted

sequences. The aforementioned variant takes an input sequence as a list of sub-sequences of
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Table 5.2: Meta-rules used by MetagolO. MetagolO uses two meta-rules. P , Q, and R are
existentially quantified higher-order variables and x, y, and z are universally quantified first-
order variables. ≻ is a total ordering constraint over the Herbrand base to guarantee the
termination of hypotheses.

Name Meta-rule Orders
Chain P (x, y)← Q(x, z), R(z, y) P ≻ Q,P ≻ R
Tailrec P (x, y)← Q(x, z), P (z, y) P ≻ Q,

x ≻ z ≻ y

length one and iteratively merges two sub-sequences in a bottom-up fashion. For human learn-

ers with little or no prior knowledge of recursive sorting algorithms, we consider that iterative

algorithms are conceptually easier teaching materials in the case of unfamiliarity with recursive

programs. In addition, we assume that human sorting strategies do not usually involve merging.

Humans may learn to utilise merging for creative sorting strategies.

A demonstration of the execution of the bottom-up merge-sort algorithm is included in Ex-

ample 5.1. To learn the bottom-up variant of merge-sort1, we define the world state that the

robot sorter would see. We define Lt_expr which represents a non-empty monotonically in-

creasing sequence of integers Lt_expr := Int |Lt_expr < Lt_expr. MetagolO is provided

with primitives to manipulate expressions which compactly represent ordered sequences.

Example 5.1. Let the sequence [4, 6, 5, 2, 3, 1] be an input to the bottom-up variant of merge-

sort. Merging is iteratively performed from the end of the list with lower indices. Merging takes

two expressions as inputs, e.g. 4 and 6, and outputs one expression, e.g. 4 < 6. In iteration 1,

three merging would be executed on expressions 4 and 6, 5 and 2, 3 and 1 which would return [4

< 6, 2 < 5, 1 < 3]. In iteration 2, one merging would be executed on two leftmost expressions

4 < 6 and 2 < 5 which would give [2 < 4 < 5 < 6, 1 < 3]. In iteration 3, expressions 2 < 4 <

5 < 6 and 1 < 3 are merged which would return [1 < 2 < 3 < 4 < 5 < 6]. Only one expression

remains which represents the sorted sequence and the algorithm terminates with [1 < 2 < 3 <

4 < 5 < 6] as output.

Objects are separated into primitive objects Oprim and composite objects Ocomp where O =

Oprim∪Ocomp denotes the set of all objects in the robot world. Each composite object is defined

by primitive objects or other composite objects. S is a set of states and each state is a tuple of
1Source code and demos are available on https://github.com/LAi1997/sequential-teaching
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objects. In particular, a state is defined as a tuple (exprs, energy, left_bag, right_bag,memory)

with an arity of 5.

Example 5.2. Let DS = {merger, sorter} denote predicate definitions of merging and merge-

sort, Emerge and Esort be the respective example sets and ES = {Emerge, Esort} and MS =

{MetagolO} which generates explanations. We provide examples of sequential curriculum rank

functions based on Definition 3.5. We define λmerge/sort (merger, Emerge, MetagolO) = 0 and

λmerge/sort (sorter, Esort, MetagolO) = 1. Let λsort/merge (merger, Emerge, MetagolO) = 1

and λsort/mergel (sorter, Esort, MetagolO) = 0. The merge-then-sort curriculum is represented

by STC(DS, ES, λmerge/sort,MS) which teaches merging before teaching sorting and the sort-

then-merge curriculum is denoted by STC(DS, ES, λsort/merge,MS) which teaches sorting

before teaching merging. λmerge/sort specifies the ordering of concepts in the merge-then-sort

curriculum STC(DS, ES, λmerge/sort, MS) and λsort/merge defines the ordering of concepts in

the sort-then-merge curriculum STC(DS, ES, λsort/merge, MS).

The exprs is a list of Lt_expr. The energy records the resource cost. The left_bag and

right_bag are lists of the parsed numbers. The memory is a list of newly created Lt_expr.

An action a ∈ A is a function such that a : S → S. Each action is either a primitive action

included in Aprim or a composite action included in Acomp. Let A be a finite set of actions

where A = Aprim ∪Acomp. Every composite action is constructed based on primitive actions or

other composite actions. A resource function r : A × S → N defines the resources consumed

by carrying out an action a ∈ A in state s ∈ S. MetagolO’s background knowledge is supplied

with composite actions

Acomp =



parse_exprs/2, compare_nums/2,

single_expr/2, recycle_memory/2

drop_bag_remaining/2


for learning merger/2 and sorter/2 in Table 5.1. In [75], the authors described meta-rules

Chain and Tailrec which are presented in Table 5.2 that allow MetagolO to learn recursive

programs. Acomp is constructed from a set of primitive action definitions Aprim. The composite

actions of breaking number sequences into individual numbers (parse_exprs/2), comparing two
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numbers (compare_nums/2) and appending two sorted sequences (drop_bag_remaining/2)

are sufficient for merging and the respective predicates appear in the learned logic program

merger/2.

Remark 5.1. MetagolO is provided with Acomp to learn merger/2 in Table 5.1. Given action

definitions A = Aprim ∪ Acomp, since composite actions Acomp are constructed from multiple

primitive actions from Aprim, the subset of Acomp in merger/2 is necessary and sufficient to

learn a definition of merging. This implies that merger/2 learned by MetagolO(E) is the min-

imum primitive solution. Therefore, given test examples X of merging and sufficient training

examples E, Cog(merger, x) = CogP (E, MetagolO, A, x) for all x ∈ X.

In merger/2, two Lt_expr from exprs are first parsed and put into left_bag and right_bag.

Then numbers are compared pair-wise from two bags and the smaller number is appended to the

last Lt_expr in memory. sorter/2 applies merger/2 over all Lt_expr in exprs. Constructed

Lt_expr expressions in memory are then recycled back to exprs by recycle_memory/2. This

process is iterated until there is only one Lt_expr left in exprs and memory is empty. We define

a cost function for compare_nums/2 such that the energy is incremented by one whenever two

numbers are successfully compared. We additionally define a constraint over the world states.

This constraint based on Spearman’s rank correlation coefficient [283] ensures the expressions

in the current state are not less sorted compared with expressions in the immediate next state.

5.3 Experimental framework

For the tasks of merging and sorting, human comprehension corresponds to the competence of

participants to predict the ordering of the items. In this section, we explain how we evaluate

human sorting accuracy. Human sorting traces are also compared with machine sorting traces

to assess the similarity between human and machine sorting strategies. We provide details of

the implementation of this comparison.
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5.3.1 Evaluating human comprehension of sorting

Decisions related to the arrangement of items are reflected by the classification of items into

respective positions in the sequence. While the out-of-sample classification accuracy is a quanti-

tative measure of human comprehension for classification tasks, it does not estimate the error of

sequential predictions. Although alternative metrics exist, we use Spearman’s rank correlation

coefficient [283] as a means to assess the error between the expected sequence and the actual se-

quence provided by a participant. Spearman’s rank correlation coefficient is a non-parametric

rank correlation test and indicates the degree of monotonic ordering between two variables.

Given two sequences of values representing samples of two variables, when Spearman’s rank

correlation coefficient is +1 or −1, it means the variables are perfectly monotonic functions

of each other. On the other hand, when Spearman’s rank correlation coefficient tends to 0,

it indicates there is no monotonic relationship between the two variables. We use Spearman’s

rank correlation coefficient to examine the extent of monotonic alignment between a sequence

of integers that has been provided by a human and the correctly arranged sequence produced

by a machine algorithm.

In addition, we take into consideration the possibility that participants provide incorrect an-

swers that are inversely sorted with respect to the order specified in the experiment instructions.

In this case, a coefficient score tending to −1 would mean that the participant successfully man-

aged to sort the sequence but misremembered the specified ordering. In the experiment trials,

we found that such answers rarely occurred. However, in order to avoid diluting the signifi-

cance of results due to the inclusion of negative coefficients, we define the following function to

discount negative coefficients and normalise all of them into the interval [0, 1]. The Spearman’s

rank correlation coefficient lies in the interval [-1, 1] and the absolute value of the negative

coefficient is multiplied by a discounting constant.

Definition 5.1. (Normalised performance score, perf(Rh, Rm)) Given two sets of inte-

gers Rh and Rm, a defined discounting constant 0 < c < 1 and the Spearman’s rank correlation
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coefficient ρ, the normalised performance score is defined as

perf(Rh, Rm) =


ρ(Rh, Rm), ρ(Rh, Rm) ≥ 0

|ρ(Rh, Rm)| · c, ρ(Rh, Rm) < 0

Example 5.3. Let Rh1 denote the sequence [4, 6, 5, 2, 3, 1], Rh2 denote the sequence [1, 2,

6, 3, 4, 5] and Rm be the perfectly monotonic sequence [1, 2, 3, 4, 5, 6] sorted by a machine

program. Compared with Rm, Rh2 has only one number that is out of place. However, Rh1

is almost a sequence with decreasing magnitude with numbers 2 and 4 misplaced. Given Rm

is a monotonically increasing sequence, Rh2 aligns better with the machine output Rm and

perf(Rh1, Rm) = .386 < perf(Rh2, Rm) = .657.

Based on results from multiple trials, the discounting constant c is set to .5 to moderately

penalise responses that involve reversed sorted sequences.

5.3.2 Experimental hypotheses

We present the experimental hypotheses with descriptions of our intention in this section. Table

5.3 summarises the experimental variables and treatments. Explanations are not provided for

learning sorting to avoid introducing merge prematurely in the curricula that learn sorting

before learning merging.

The effect of the curriculum order (CO) is examined via two teaching arrangements: a) learning

merging before learning sorting (MS) and b) learning sorting before learning merging (SM).

In addition, we assess the effect of the presence of explanations (EX) in two environments:

a) learning with explanations of merging (WEX) b) learning without explanations of merging

(WOEX). We use the normalised performance score perf in Definition 5.1 to measure both

human performances of merging and sorting (PS).

Let Ds = {merger, sorter} denote target theories of merging and sorting. Let Es = {Emerge,

Esort} where Emerge denotes a sufficient set of examples for learning the target theory of
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Table 5.3: We consider two independent experimental variables. The order of concepts in the
curriculum (CO) is varied between learning merging before learning sorting (MS) and learning
sorting before learning merging (SM). The presence of explanations generated from machine-
learned rules (EX) alters between learning with explanations (WEX) and learning without
explanations (WOEX). The performance score of human participants (PS) is the dependent
experimental variable.

Variable name Variable type Treatment abbreviations

Curriculum order (CO) Independent variable MS, SM

Presence of explanations (EX) Independent variable WEX, WOEX

Performance score (PS) Dependent variable –

merging and Esort is a sufficient set of examples for learning the target theory of sorting.

Both human learners and MetagolO are provided with the same sets of examples Es. Let

Ms = {MetagolO, ∅} denote the machine learning algorithms used to learn rules for generating

explanations and ∅ represents no explanations. The rank functions for curricula that learn

merging before learning sorting are defined as λMS/W EX and λMS/W OEX . The rank functions of

curricula that learn merging before learning sorting are defined as λSM/W EX and λSM/W OEX .

The definitions of the rank functions are summarised in Table 5.4. Let CMS/W EX denote the

human comprehension of the sequential teaching curriculum that learns merging before learning

sorting with explanations of merging. Let CMS/W OEX denote the human comprehension of the

sequential teaching curriculum that learns merging before learning sorting without explanations

of merging. Let CSM/W EX denote the human comprehension of the sequential teaching curricu-

lum that learns sorting before learning merging with explanations of merging. Let CSM/W OEX

denote the human comprehension of the sequential teaching curriculum that learns sorting be-

fore learning merging without explanations of merging. We focus on the effect of curriculum

order and explanations generated from machine-learned rules on human learning of sorting. In

particular, H1 to H3 examine the effect of the independent experimental variables CO and

EX on human comprehension. We also assess their relation to Hypothesis 3.16 and 3.17. We

use the Eex framework and formulation of sequential teaching curricula (Definition 3.7 to 3.9)

to examine the following experimental hypotheses.
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Table 5.4: Definitions of the rank functions. In curricula MS/WEX and MS/WOEX, hu-
mans learn merging before learning sorting. In curricula SM/WEX and SM/WOEX, hu-
mans learn sorting before learning merging. The rank functions of MS assign a lower rank
value to merging. The rank functions of SM assign a lower rank value to sorting. In curricula
MS/WEX and SM/WEX, explanations about merging are generated from MetagolO.

Curricula abbreviation Rank function definitions

MS/WEX λMS/W EX(merger, Emerge, MetagolO) = 0
λMS/W EX(sorter, Esort, ∅) = 1

MS/WOEX λMS/W OEX(merger, Emerge, ∅) = 0
λMS/W OEX(sorter, Esort, ∅) = 1

SM/WEX λSM/W EX (merger, Emerge, MetagolO) = 1
λSM/W EX (sorter, Esort, ∅) = 0

SM/WOEX λSM/W OEX (merger, Emerge, ∅) = 1
λSM/W OEX (sorter, Esort, ∅) = 0

H1: Learning merging before learning sorting leads to a beneficial effect on human comprehen-

sion of sorting with respect to learning sorting before learning merging.

In H1, we examine whether human learners can achieve a better sorting performance from the

curriculum with increasing concept complexity (MS) than from the curriculum with decreasing

concept complexity (SM).

H2: Learning merging with explanations results in a beneficial explanatory effect on human

comprehension of sorting with respect to learning merging without explanations.

In H2, we assess if learning merging with aids in the form of explanations constructed from

machine-learned rules (WEX) improves sorting performance compared with learning merging

without explanations (WOEX).

H3: Learning merging with explanations further increases the beneficial effect of curriculum
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order on human comprehension of sorting with respect to learning merging without expla-

nations.

In H3, we inspect if there is an interaction effect between curriculum order (CO) and expla-

nations (EX) on sorting performance.

The hypothesis H4 focuses on the effect of explanations and relates to Definition 3.1 to 3.4

and Hypothesis 3.16. We suspect that for human learners who have no previous programming

experience, learning merging with the presence of explanations can result in adapting new

sorting strategies in comparison with learning merging in the absence of explanations. Since

merging can be taught in isolation and it does not depend on the knowledge of sorting in

the curricula, we refer to Definition 3.4 and the cognitive window to account for the effect of

explanations on merging. However, owing to MetagolO learning a minimum primitive solution

merger/2, we anticipate no beneficial effect on human comprehension of merging as a result of

learning from explanations. Let A denote the background knowledge of MetagolO containing

definitions of primitive and composite actions and X denote questions that the human group

H performs in the merge performance test.

H4: Learning merging with explanations generated from rules without a low cognitive cost does

not result in a beneficial explanatory effect on human comprehension of merging.

In H4, we examine if learning with explanations of merging (WEX) results in no perfor-

mance difference or worse performance with respect to learning without explanations of merging

(WOEX).

H5: Learning merging with explanations (WEX) before learning sorting leads to adaptation of

efficient human sorting strategies with better performance.

We consider executed comparisons of human participants as problem-solving traces. In Section

5.5, we estimate through human trace analysis the correspondence between human sorting

strategies and machine sorting algorithms in training and performance tests. An underlying
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assumption is that learning a new strategy during the performance test is challenging without

feedback and strategy adaptation is easier during the training stage. In addition, we assume

that the presence of explanations and the incremental curriculum contribute to efficient and

effective human decision-making. Therefore, in H5, we inspect the performance of specific

sorting strategies that increase in usage from sort training to sort performance test.

5.4 Experiments

We have received help from our collaborators at the University of Bamberg in designing and

conducting the experiments. My responsibilities were interface implementation2, result collec-

tion and analysis. We adopt the MaRs-IB test at the beginning of the experiment as a control of

participants’ cognitive ability. This approach is an alternative to using experimental materials

to establish performance benchmarks and does not pre-expose the problem domain. We design

training and testing questions based on problems of sorting natural numbers. The numbers

are hidden and their ordering can only be accessed via a particular comparison device that we

provide. We employ a 2x2 experimental design to examine the effects of 1) curriculum order

and 2) machine-learned explanations.

5.4.1 MaRs-IB pre-test

We assume that the participant’s performance in the experimental task varies depending on

their cognitive abilities. Recording their cognitive ability provides us with two possibilities:

1. It allows statistical control of the participant’s cognitive ability.

2. It can be determined whether the mean cognitive ability in all experimental conditions

is the same. If that is the case, mean differences in performance between the conditions

can be interpreted without having to control for each participant’s cognitive ability first.
2The experiment interface is available on https://github.com/LAi1997/sequential-teaching. The interface

was created using PsychoPy [234], an open-source package for implementing free interfaces with stimulus pre-
sentation and control in Python and JavaScript.
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There have been two major suggestions for recording this control: either confront participants

with a version of the experimental task itself or use a short intelligence test in the form of

a Raven Matrices short test [16] or similar material. We argue that using the experimental

task will undermine the sequential nature of our experiment, as either, groups would start

with the low-complexity task or with the high-complexity task. A third option is for each

group to start with their respective first task, which would introduce task familiarity effects

(the high-complexity-first condition would have completed more high-complexity tasks than the

low-complexity-first condition). This approach does not pose a good control since each group

would complete a different task.

Using an intelligence test avoids interference with the experiment since the test should not

influence strategy development in the experimental task in a way that could be considered to

work against the sequential order of the experiment. However, the original Raven Matrices

test and many comparable tests are expensive and cannot be digitized due to copyright. The

matrix reasoning item bank (MaRs-IB) has neither of these two issues [58], thus making it

an appropriate candidate for establishing a measure of intelligence in an online experiment.

In addition, the authors of the MaRs-IB test set reported acceptable internal consistency and

convergent validity, and reasonable test-retest reliability [58]. Though there is no normalized

score which would be comparable to the IQ, the MaRs-IB test can serve as a measure of

Figure 5.2: Each MaRs-IB item consists of an incomplete 3 × 3 matrix in which 8 cells with
shaped icons depict a modification rule to (an) abstract shape(s). The test asks the participant
to fill in the missing piece at the right bottom corner of the 3 × 3 matrix by choosing one of
four provided options (A, B, C and D). The correct answer to this example is A.
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the relative cognitive ability of participants. Another concern regards the open access to the

material [58] and familiarity with the test from other studies. This risk can be mitigated by

randomised arrangement and selection of items from the multiple test sets provided by the

authors.

Application

The authors [58] provided three sets of 80 items (Figure 5.2). Each of these sets uses different

symbols and is available in three further variations to compensate for colour-vision-deficient

participants. The testing procedure described in the validation paper [58] will be consistently

completed in under 10 minutes (8 minutes test and a series of practice items beforehand) and is

thus applicable for our use case. Participants will train on 10 practice items until they complete

three of them correctly. An item in the full test starts with a 500 milliseconds fixation cross,

followed by a 100 milliseconds white screen mask [58]. The matrix will then be displayed for

30 seconds, or until the participant responds (whichever happens earlier). After 25 seconds

a clock indicates that participants have 5 seconds left for this specific item [58]. Participants

complete these items for a total of 8 minutes. The accuracy with which the participant chooses

the correct missing pattern in the given time frame corresponds to the pre-test performance.

5.4.2 Materials

Human participants may be quite competent with the task of sorting up to a certain input size.

The preferred sorting approaches of humans with no background knowledge in programming

could resemble some sorting algorithms. However, we assume that learning recursive algorithms

such as merge sort without a well-defined curriculum demands a great effort and applying such

algorithms efficiently is challenging.

Problem masking

We designed an isomorphic problem that represented integer sequences by the weights of fruits

in piles. This prevents participants from relying on the total ordering of natural numbers. We
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Figure 5.3: Participants are asked to distinguish between two alternative choices by using the provided balance scale and submit the correct
sequence by pressing a button to the right. Participants are taken to the next page where feedback and explanations are presented (Figure 5.4).
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Figure 5.4: Explanations of merging is shown on this page. On the top row, the visualisations show the comparison result (fruits B and C). The
textual explanations explicitly describe the objects involved (fruits B and C) and the actions performed (comparison and appending) which
resulted in C being appended before B due to C’s lesser weight. On the bottom row, the interface highlighted in red that fruits were out of
order (B and C) and described the correct ordering.
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Figure 5.5: Sort training interface. In sort training, participants were advised to sort sequences of fruits (in this case fruits A, D, B, C, E
and F) in the centre white box called the “whiteboard” and provided instructions to efficiently use it. The “whiteboard” was a device of the
interface which allowed a free arrangement of the input fruit sequence by using a mouse to drag and drop fruits. The labels and fruits were
intentionally randomised before the experiment so that participants would not receive the wrong impression that the sequence had been already
alphabetically ordered.
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refer to this problem as the Fruit Weighing problem. Numbers were masked by visual icons of

fruits and the numeric values were hidden from participants. A balance scale (Figure 5.3) was

introduced to allow participants to compare the weights between two fruits and acted as an

instrument for constructing the total ordering of the numbers. The immediate access to the total

ordering of natural numbers was prevented and participants had to establish it themselves. This

setup was used for teaching both merging and sorting. A solution of this setup corresponded

to a solution of merging and sorting a sequence of numbers without changing the underlying

solution structure.

According to the definition of isomorphic problems [279], the new Fruit Weighing problem

is isomorphic to the respective problems for merging and sorting numbers. Such isomorphic

translations only affect the initial stage of problem-solving while attempting to recognise a

useful analogy via analogical access but do not hinder problem-solving via analogical inference

if an analogy for the problem has been consciously recognized [104, 125, 249]. Owing to the

difficulty of immediately recalling past experiences of merging and sorting, we anticipated that

participants would initially perform less optimal merging and sorting strategies and there would

be more potential for performance improvement later.

For the training and performance test of merging and sorting, we randomly sampled sequences of

various lengths to provide a spectrum of problem difficulty. For each of the question sequences,

we made sure that it was not trivial and required an appropriate level of computational effort

for a machine program to sort. A question in the merge training and performance test involves

two sub-sequences of similar sizes and the length of each sub-sequence ranged from 1 to 4.

In the sort training and performance test, a question consists of a fruit sequence and the length

of sequences varied from 6 to 10. In the pilot trials, we identified a higher usage of the insertion

sort algorithm. For generating sort training and testing questions, we made an adjustment to

include sequences that would lead to an advantage in the number of comparisons made when

applying the merge sort algorithm over the insertion sort algorithm. This change would allow

room for people to optimise their sorting strategy instead of adhering to what they already

knew. The sequences in performance tests are different from those in the training stages but

they share similar patterns.
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Problem setup

To make the experiment more engaging, we introduced the background for the Fruit Weighing

problem where each participant was asked to help two robots, Alice and Bob, perform tasks

in two warehouses. Each robot was responsible for a distinct task and provided information

about the associated task to the participant. The robot Alice was designed to teach merging

while the other one Bob taught participants how to sort. To evoke an understanding of the

connection between merging and sorting, at the beginning of the experiment, participants were

explicitly reminded with a note of the link between task materials taught by two robots and

were encouraged to pay attention to the connection.

In order to learn merging, participants were asked to learn from the robot Alice and help it

operate a special machine to arrange fruits on a conveyor belt. In Figure 5.3, fruits labelled

with A, B, C and D were inputs to a machine called the “Blue Star” that represented the

merging operation. Each question in the sections related to merging asked the participant to

merge two sequences of fruits.

The balance scale (Figure 5.6) allows comparison of the weights of fruits by entering two fruits’

alphabetic labels on both sides of the balance. Participants were presented with instructions to

use the balance scale. A piece of text would be shown to further clarify the result of comparing

two fruits. Participants were provided with the information that the two input sequences of

fruits in the questions had increasing weights from left to right. Two output answer choices

differed in the fruits that were highlighted with the yellow colour. Participants were asked to

Figure 5.6: The balance on the interface (illustrated by Figure 5.3, 5.4 and 5.5) has two white
boxes on two sides where fruit labels can be entered. It would tilt to the side of the fruit that
is heavier similar to a physical balance.
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select from one of the two output answer choices that had the fruits in the correct order.

Textual and visual explanations

MetagolO uses predicates with composite objects as arguments to describe the manipulation

of Lt_expr expressions. A Lt_expr expression involving n integers and n− 1 “<” symbols is

equivalent to a list of size n that contains n integers in increasing order. Given an input list

of integers, MetagolO learns merger/2 and sorter/2 (Table 5.1) that correspond to a bottom-

up variant of the merge-sort algorithm. Both merger/2 and sorter/2 take an input set of

Lt_expr expressions and return a set of a single Lt_expr expression. sorter/2 uses merger/2

to produce solutions to the Fruit Weighing problem due to its isomorphism to integer sorting.

The sorter/2 program outputs a set that contains a single Lt_expr expression which represents

a sorted integer sequence.

A part of the experimental interface that contains explanations is presented in Figure 5.4. Given

two piles of fruits with increasing weights (A and B, D and C), explanations show whether B

Figure 5.7: Illustration of explanation generation. One set of integer sequences was sampled as
training examples and for generating explanations. s2 and s3 are outcomes associated with a
positive example and a negative example respectively. Given one input integer sequence s1 and
two example integer sequences (s2 and s3), logic program merger/2 is executed on the input
Lt_expr expression. Intermediate computation expressions are compared with two examples
and mapped to equivalent Fruit Weighing representations as two piles of fruits. The error is
recognised as s3 appears inconsistent with the intermediate result which accounts for incorrect
decision-making.
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and C have been arranged correctly when merging two piles based on their weights. The

isomorphism between integer merging and sorting and the designed fruit weighing problem

allows mapping from instances from one task to isomorphic instances of the other task.

Results in Psychology [4, 9, 23, 250] show contextualised explanations with appropriate exam-

ples as an effective approach for human learning. We produce textual and visual explanations

based on first-order programs merger/2 (Table 5.2). We deliberately generate explanations of

merging to avoid pre-mature exposure to experimental material. Texts and visualisations show

the correct and incorrect action sequences. Each training example concerns one intermediate

merging step. We randomly sample Lt_expr of varying lengths as the training examples. These

examples are used for training MetagolO too.

Explanations3 provide feedback for a pair of intermediate merging steps which helps contrast

the correct and wrong sequences of decision-making. Two outcomes of merging are compared

in Figure 5.7. One of the two outputs corresponds to a correctly merged sequence. Given the

input integer sequences (two sequences to be merged), the derivation steps and intermediate

Lt_expr expressions produced by merger/2 are compared with the incorrect merging outcome.

A mapping from primitive definitions to template texts is defined which translates predicates

in merger/2 into natural language. Parts in the resolution tree that are related to primitives

in merger/2 are translated. Accounts of incorrect decision-making are given by suggesting

contrastive actions that are correct. Contrastive explanations are frequently used by humans

[191] and can be more compact without having a complete causal attribution [159]. In the

example shown by Figure 5.7, the correct action to perform at the third position highlighted in

s2 and s3 should be to append item C. This is due to C being lighter. All visual explanations

are generated from the intermediate Lt_expr expressions. These expressions are mapped from

integer sequences to fruit piles with hidden weights. Differences in the derivation are indicated

by highlighting the inconsistent fruit positions in accordance with textual explanations. Hence,

in Figure 5.7, the third position is highlighted with green colour in s2 but coloured red in s3.

All participants use one set of training examples, so visual and textual explanations are the

same and are pre-generated.

3A demonstration of textual explanation generation is provided online at
https://github.com/LAi1997/sequential-teaching.
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5.4.3 Method and design

Table 5.5: Design of the experimental groups. Group 1 learned merging before learning sorting
and was provided with visual and textual explanations of merging based on machine-learned
rules. Group 2 received the same curriculum as Group 1 but without explanations. The
participants in Group 3 learned sorting prior to learning merging with explanations in the
same format as received by Group 1. Group 4 did not get explanations.

CO
EX WEX WOEX

MS Group 1 (MS / WEX) Group 2 (MS / WOEX)

SM Group 3 (SM / WEX) Group 4 (SM / WOEX)

Figure 5.8: In setup (a), participants learned merging before learning sorting (MS). In setup
(b), participants learned sorting before learning merging (SM).

The experiment4 was implemented based on a four-group factorial 2×2 design to account for all

combinations (Table 5.5.) of the two independent experimental variables, the curriculum order

(CO) and the presentation of explanations (EX). Figure 5.8 shows two curriculum orders. In

the curriculum shown by Figure 5.8a, participants received training material on merging first.

In the reverse curriculum demonstrated by Figure 5.8b, subjects were trained on sorting first.

Participants were not allowed to repeat the experiment. Every participant was assigned to one

group and went through training and test with no repeat. All groups received the same material

of training examples and test questions. The numbers of questions in the experiment sections
4No approval was required by Imperial College London. Before conducting our experiment, we referred

to the ethics approval guideline of Imperial College London (https://www.imperial.ac.uk/research-ethics-
committee/ethics-approval-overview/). Under the section "Do I need to apply?" on the web page, we assessed
that none of the five criteria applied to the work which we were planning to conduct. Hence, our judgement was
"No, we do not need to apply". We contacted the Research Governance and Integrity team at Imperial College
London since the experiments were carried out and the included data were used by Imperial. They accepted
our judgment.
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merge training, merge testing, sort training and sort testing were 6, 5, 4 and 8 respectively.

However, the number sequences used for merging were different from those used for sorting in

order to prevent participants from reusing previous answers.

We recorded participants’ basic information such as their age, gender and education after

acquiring their consent. This allows us to control the distribution of background in experiment

groups. To control participants’ cognitive ability, we then collected their responses in the MaRs-

IB pre-test based on Section 5.4.1. The experiment would start with a participation consent

followed by the MaRs-IB pre-test and an introduction to the task background. Participants were

advised before the beginning of the experiment on the approximate length of the experiment

and the requirements. Participants were informed that if they have colour-vision deficiency,

they should not participate in the study.

To gain information about participants’ experience relating to programming and sorting algo-

rithms, we additionally asked participants to fill out the following questions after the completion

of all performance tests: 1) whether participants have a degree in computer science or a certifi-

cate in programming, 2) if they have studied or are learning sorting algorithms in school and

3) whether they know or have applied any sorting algorithms while being presented with a list

of sorting algorithms (two of which are distracting choices and do not exist).

Task-related information was presented via the interface throughout the experiment. All groups

received a performance test of sorting last. This experiment design ensures all groups expe-

rienced the same amount of training and performance tests respecting the curriculum order.

When analysing the performance tests, we performed an ANOVA test to inform us if there were

differences in the group means and used Tukey’s HSD test as a post-hoc test to assess which

group means were different.

In merge training, participants first answered the displayed question illustrated by Figure 5.3

and were taken to the next page where feedback and explanations were presented. In Figure

5.4, explanations are presented in two rows which demonstrate the correct and the wrong action

sequences. The format in which participants were asked to input their responses is the same

in the merge performance test, sort training and sort performance test. When providing a

sequence response, participants were required to input labels representing the fruit sequence
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that they believed to have increasing weights from left to right. Another robot instructor Bob

helped participants learn to operate the machine “purple diamond” to sort fruits.

In the sort training and performance test, participants should put fruits into shipping boxes by

entering fruit labels into a sequence of text boxes. In the sort training (Figure 5.5), participants

were informed of the number of comparisons their robot instructor Bob made to sort the input

sequences. Participants were asked to sort the same input sequences and encouraged to use fewer

comparisons. The intention of this competition was to provide an incentive for participants to

consciously think about how to revise their strategy in order to improve sorting efficiency. This

information was accessible by participants in all groups during the sort training. In the sorting

sections, participants were also provided with the balance scale instrument.

Participants were encouraged to take two sessions of one-minute rest, one after the MaRs-IB

pre-test and one prior to the final performance test of sorting. The break sessions allowed

participants to recharge and regain attention to perform tasks in later stages. The progress

bar at the top of the interface showed the percentage of materials that the participants had

completed with respect to all materials in the experiment. Participants could use the progress

bar to estimate the time that they would need to finish the experiment within the allocated

session. For all training and performance test sections, we recorded response time, answers

and the comparisons made for analysis. The final section included four reflective questions. We

asked participants whether they understood the connection between the two tasks or used what

they learned in one task for the other task. We also checked their background in programming

and sorting algorithms in the survey at the end of the experiment.

5.5 Results

Before the experiment, we conducted two experimental trials with one sample of students

from the University of Bamberg and another student sample from the Imperial College of

London. The trial studies provided additional insights into the interface and helped us revise

the experimental design. However, due to the limited scale of the trials, we were not able

to observe any meaningful outcome. We proceeded to recruit a larger sample of 124 mixed-
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(a) Mean merge performance test scores and
standard errors.

(b) Mean sort performance test scores and stan-
dard errors.

Figure 5.9: Performance test scores (PS) of four groups, Group 1 (MS/WEX) Group 2
(MS/WOEX), Group 3 (SM/WEX) and Group 4 (SM/WOEX) with standard errors.
Across the x-axis in (a), data points indicate the change in the mean merge performance score
as a result of learning with explanations. In (b), the red line shows the mean sort performance
score when participants learned with explanations and the blue line represents the mean sort
performance score when participants learned without explanations. Across the x-axis in (b),
data points show the change in the mean sort performance score as a result of altering the
curriculum arrangement.

background participants from Amazon Mechanical Turk (AMT). These 124 participants from

AMT were randomised and assigned to the four groups. A partition of 79 participants was

created based on the MaRs-IB test and those included had a test accuracy within one standard

deviation (σ = .169) of the mean (µ = .654). Demographically, this partition had a lower

male-to-female ratio (36 to 42, one opted out), most participants were between 25 to 54 in age

(61 of 79) and almost all had a college degree or higher (67 of 79).

Analysis of human task performance

We focused on this AMT sample partition and employed a quantitative approach to test hy-

potheses H1 to H5. The AMT partition had an even distribution of participants in the four

groups, Group 1 (MS and WEX, n = 20), Group 2 (MS and WOEX, n = 20), Group 3

(SM and WEX, n = 20) and Group 4 (SM and WOEX, n = 19). Figure 5.9a and Figure

5.9b present the mean performance score (PS) of the groups in the merge performance test



120 Chapter 5. Explanatory machine learning for sequential human teaching

and sort performance test. For each performance test, we carried out an ANOVA test to assess

the effect of the independent experimental variables followed by a Tukey’s HSD test. We used

a significance criterion α = .05 for both tests.

Figure 5.9a illustrates almost no change to the mean merge performance score when explana-

tions were introduced. The one-way ANOVA test does not demonstrate a significant effect of

the machine-learned theory (EX) on the merge performance test score (PS). Figure 5.9b illus-

trates a pattern that switching from the curriculum order MS to SM results in a reduction in

performance. The two-way ANOVA test indicates a significant effect (F = 10.4, p = .001 < .05)

of curriculum order (CO) on sort performance test score (PS). The post-hoc Tukey’s HSD test

shows a significantly beneficial effect (p = .001 < .05) of the sequential teaching curriculum

MS (Group 1 and Group 2) over SM (Group 3 and Group 4). The two-way ANOVA test

does not show a significant effect of the machine-learned theory (EX) on sort performance test

score (PS) and there is no evidence of an interaction effect between curriculum order (CO)

and presence of explanations (EX).

Analysis of human sorting strategy

In addition to the performance score, we analyse the correspondence between human sorting

strategies and machine sorting algorithms. For sorting, sequential decision-making is revealed

through the actions that human sorters make to arrange items according to a specified order. In

particular, we consider the comparisons of objects as traces of decision making which indicate

the sorting strategy used by human sorters and the sorting algorithm implemented by a machine

program.

When there is a consistently high correlation of comparison execution between a human sorter

and a machine algorithm, we assume that this human executes a strategy that closely imple-

ments the machine algorithm. Considering the target human population has limited program-

ming experience, we additionally assume that a human sorting strategy would implement at

best quick sort, merge sort, insertion sort, bubble sort or dictionary sort. Based on the results

and preferences of the trial participants, we include hybrid variants of insertion sort and dic-

tionary sort. These hybrid variants initially perform insertion sort until the intermediate result
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reaches length k and then execute binary searches of the conventional dictionary sort to insert

the rest of the numbers into the partially sorted sequence. In total, we implemented twenty-four

algorithms including the conventional implementations of quick sort, merge sort, insertion sort,

bubble sort and dictionary sort as well as their variants (different pivoting, merge and insertion

implementations).

Example 5.4. Given Ns = [4, 6, 5, 2, 3, 1] is a sequence of numbers for a human participant

h and a set of machine algorithms to sort. Let Mh denote the human sorting algorithm and

ht(Ns,Mh) = [(6, 4), (5, 2), (3, 1), (4, 2), (5, 4), (6, 5), (2, 1), (3, 2), (4, 3)]. We are

able to find a close match of the human trace. The machine trace is produced by the bottom-up

variant of the merge sort algorithm denoted as M ′ and mt(Ns,M ′) = [(4, 6), (5, 2), (2, 4),

(4, 5), (5, 6), (3, 1), (1, 2), (2, 3), (3, 4)]. For each of the N × N combinations of number

pairs, we check whether it is a member of the traces. Two symmetric pairs of numbers, e.g. (4,

6) and (6, 4), are considered identical. We create the following 2 × 2 contingency table. The

Not in human trace In human trace
Not in machine trace 13 1

In machine trace 1 10

Chi-squared test5 in this example has a X2 = 14.3 with p < .025 which supports the correlation

of number pairs in ht(Ns,Mh) and mt(Ns,M ′). For common pairs of numbers in ht(Ns,Mh)

and mt(Ns,M ′), we obtain their ranks and compute Spearman’s rank correlation coefficient.

The correlation coefficient is .9 and p < .025 which supports the monotonic relationship between

the two traces.

Given an input set of integers Ns and a sorting algorithm M , a sorting trace M(Ns) is a list

of pairs < ni, nj > denoting the comparisons of integers made by M where ni, nj ∈ Ns. We

employ two statistical tests (Example 5.4) to estimate the correspondence between a human

sorting trace and a machine sorting trace. Let n be an integer and Ns denote the set of integers

in the interval [1, n]. Let Tr be a cross product defined by Tr : Ns×Ns, a comparison in a trace

is a pair < ni, nj >∈ Tr where ni, nj ∈ Ns. Given a human trace with sorting algorithm Mh

and a machine trace with algorithm M , for every pair < ni, nj >∈ Tr, we check if < ni, nj >

5We add one to all frequency counts to avoid including zeros in the table for the Chi-squared test.
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Table 5.6: Mean strategy frequency in sort training and sort performance test. Each human
sorting trace in the sort training and sort performance test was matched to one of the following
categories of sorting algorithms, bubble sort (BS), dictionary sort (DS), insertion sort (IS),
merge sort (MS), quick sort (QS), a combination of insertion and dictionary sort (Hybrid) and
unclassified (Other). The number of human sorting traces in each category was averaged by the
total number of traces. We highlight positive differences greater than .05 in grey and in bold
font. In each group, the highlighted difference is the largest increase in algorithm application
frequency from sort training to sort performance test.

PS
Categories

BS DS IS MS QS Hybrid Other

Group 1 (MS/WEX) – – – – – – –
Training .012 .075 .150 .000 .175 .162 .425

Performance test .056 .094 .162 .025 .238 .175 .250
Differences .044 .019 .012 .025 .063 .013 -.175

Group 2 (MS/WOEX) – – – – – – –
Training .000 .062 .162 .025 .162 .225 .362

Performance test .012 .038 .181 .100 .194 .181 .294
Differences .012 -.024 .019 .075 .032 -.044 -.068

Group 3 (SM/WEX) – – – – – – –
Training .012 .050 .088 .038 .225 .175 .412

Performance test .019 .138 .100 .025 .244 .119 .356
Differences .007 .088 .012 -.013 .019 -.056 -.056

Group 4 (SM/WOEX) – – – – – – –
Training .000 .079 .184 .026 .158 .237 .316

Performance test .013 .099 .243 .053 .158 .237 .197
Differences .013 .020 .059 .027 .000 .000 -.119

is a member of ht(Ns,Mh) and if < ni, nj > is a member of mt(Ns,M). We perform a Chi-

squared test of independence with a significance level α = .025 using the 2 × 2 contingency

table and check for rejection. The significance criterion of the Chi-squared test is set at .025 to

reduce the probability of mismatching a human trace with a wrong machine trace. A rejection

of the Chi-squared test’s null hypothesis implies an association between comparisons made by

the human sorter and comparisons made by the program. Once a test is rejected, we exclude

comparison pairs that are not in the intersection of ht(Ns,Mh) and mt(Ns,M) from both

traces and compute Spearman’s rank correlation coefficient [283]. The intention of computing

Spearman’s rank correlation coefficient is to examine the ordering alignment of comparison

pairs.

Since performing comparisons in the reverse order of the machine trace does not correspond to

a reverse execution of the algorithm, a human strategy matches with a machine algorithm only

when Spearman’s rank correlation coefficient is positive (α = .05).
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Table 5.7: The number of participants in Group 1 to 4 who had applied one of the highlighted
algorithms (QS, MS, DS and IS) in the training and the performance test. In Table 5.6,
algorithms QS, MS, DS and IS have increased application frequency in Group 1, 2, 3 and
4 respectively. Every participant was categorised with respect to whether they had applied
the strategy at least once in sort training and performance test. While apart from those four
algorithms analyses were performed in each group with other strategies, the results presented
were the most distinguished.

Group 1 (MS/WEX) Training
Quick Sort Application No application Total

Application 7 6 13
Performance test No application 0 7 7

Total 7 13 20

Group 2 (MS/WOEX) Training
Merge Sort Application No application Total

Application 2 7 9
Performance test No application 0 11 11

Total 2 18 20

Group 3 (SM/WEX) Training
Dictionary Sort Application No application Total

Application 3 7 10
Performance test No application 1 9 10

Total 4 16 20

Group 4 (SM/WOEX) Training
Insertion Sort Application No application Total

Application 7 11 18
Performance test No application 0 1 1

Total 7 12 19

Table 5.6 demonstrates the change in the distribution of strategy as the difference in mean

strategy frequency from the training and performance test. In addition, Table 5.7 shows the

strategy adaptation of participants. Participants were categorised with respect to whether

they had applied a particular strategy in the training phase and in the performance test. We

then employ McNemar’s tests (approximated by binomial distribution for small frequencies)

to determine if there is a difference in the number of participants who applied the strategy in

the test and who used it in training. For strategies that have been identified to have increased

applications from the training to performance test, we additionally examine the performance

of these strategies using t-tests.

Group 1 (MS/WEX) and Group 3 (SM/WEX) both received explanations (WEX). Accord-

ing to Table 5.6, from training to performance test the average use of quick sort in Group 1
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increased by .063 and the average application of dictionary sort in Group 3 improved by .088.

McNemar’s test (α = .05) reports a significant change in the application of quick sort in Group

1 (p = .031 < .05). There is no significant difference in the application of dictionary sort in

Group 3. Based on Table 5.7, in Group 1, we can observe that more participants used quick

sort in the performance test (13) than in the training stage (7).

Further t-tests (α = .05) on performance test scores showed that in Group 1 quick sort like

approaches (µ = .834, σ = .274) achieved a higher mean score (p = .043 < .05) than the rest of

the strategies (µ = .729, σ = .337) and in Group 3 responses corresponding to dictionary sort

like approaches (µ = .885, σ = .288) had a better performance (p = .007 < .05) than the other

strategy categories (µ = .679, σ = .373).

Group 2 (MS/WOEX) and Group 4 (SM/WOEX) did not receive explanations (WOEX).

From Table 5.6, in Group 2 the frequency of application of merge sort increased by .075 and in

Group 4 the average use of insertion sort increased by .059. McNemar’s tests show significant

changes in the application of merge sort in Group 2 (p = .016 < .05) and insertion sort in

Group 4 (p = .001 < .05). In Table 5.7, we can observe that in Group 2 more participants

were using merge sort in test (9) than in training (2). In Group 4, almost all participants used

insertion sort in the performance test (18) compared with in the training (7).

Additional t-tests (α = .05) showed no performance difference in Group 2 between merge sort

like approaches (µ = .872, σ = .209) and the other strategies (µ = .827, σ = .288). In contrast,

insertion sort like approaches (µ = .877, σ = .285) in Group 4 achieved a higher mean score

(p = .001 < .05) than the other strategies (µ = .644, σ = .399).

5.6 Discussion

In Table 5.8, we present experimental hypotheses H1 to H5 and summarise their test outcomes.

Since this work investigates the effect of curriculum order, we have acknowledged the possibility

of recency and primacy effects on human sorting performance. Recency and primacy effects

[216] are cognitive biases which lead to better recall of items and concepts that are positioned

towards the beginning and the end of a sequence. As it is part of our experimental plan to
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Table 5.8: H1 to H3 are hypotheses concerning effects of curriculum order and explanations on
human sorting comprehension. Hypotheses H4 and H5 relate to explanatory effects on human
comprehension of merging and sorting strategy. At the top of table, H stands for hypothesis,
T denotes test outcome. In the rightmost column, S is an abbreviation for supported, and N
stands for not supported.

H T

H1 Learning merging before learning sorting leads to a beneficial effect on
human comprehension of sorting with respect to learning sorting before
learning merging

S

H2 Learning merging with explanations results in a beneficial explanatory
effect on human comprehension of sorting with respect to learning merg-
ing without explanations

N

H3 Learning merging with explanations further increases the beneficial effect
of curriculum order on human comprehension of sorting with respect to
learning merging without explanations

N

H4 Learning merging with explanations generated from rules without a low
cognitive cost does not result in a beneficial explanatory effect on human
comprehension of merging

S

H5 Learning merging with explanations before learning sorting leads to adap-
tation of efficient human sorting strategies with better performance

S

explore how human comprehension is affected by different sequential orders of concepts, it is

difficult to completely eliminate the impact of position effects. In addition, Table 5.7 shows

that various degrees of adaptations to efficient sorting algorithms happened in multiple groups.

This indicates the adjustment of participants to different decision-making processes beyond

making better or worse recall as a result of learning in sequential curricula.

In the definition of sorter/2 learned by MetagolO after learning merger/2 from Table 5.1,

the program size is u = 3 and the number of predicates including those used in merger/2 is

p = 8. in the definition of sorter/2 learned by MetagolO without learning merger/2 from the

same table, the size of sorter/2 is u + k = 5 and the number of predicates used is p + c = 6.

According to the Hypothesis 3.17, 3·ln(8) < 5·ln(6) and learning merging before learning sorting

results in a reduction in the size of the hypothesis space associated with the target hypothesis

of sorting. The ANOVA test and Tukey’s HSD test on sort performance test scores (Figure

5.9b) demonstrated a beneficial effect from curriculum order. A higher sorting performance
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has been observed only in groups with the incremental curriculum setup. Since all four groups

received the same material in each stage of the experiment so we can eliminate the possibility of

learning merging or sorting being a major effect which led to the observed difference in sorting

performance. Hence, we attribute the improvement in the performance score of sorting to the

incremental curriculum order. This evidence supports hypothesis H1 and Hypothesis 3.17.

Results on merge and sort performance tests did not show explanatory effects of the merger/2

rules learned by MetagolO. The ANOVA test did not show a significant effect of explanations on

human comprehension and there was no significant interaction effect on human comprehension.

Therefore, we reject hypotheses H2 and H3 due to the lack of evidence. Learning merging with

explanations did not improve or degrade human comprehension of sorting in regard to learning

merging without explanations. In addition, the ANOVA test on the merge performance test

scores did not demonstrate an effect of explanations on human comprehension. This result

supports H4 and supports Hypothesis 3.16.

Since merging was taught in isolation independent from other secondary or tertiary concepts,

we refer to the cognitive window (Remark 5.1) for a plausible account of this lack of explanatory

effect on human comprehension of merging. The cognitive cost of executing explained rules of

merging is not sufficiently lower than the cognitive cost of operating a merging solution without

the auxiliary information. Owing to limited cognitive capacities, a reduction in computational

cost usually corresponds to an improvement in performance. However, solutions of merging after

receiving explanations were not sufficiently optimised to yield an observably higher performance

score compared with human primitive solutions in the absence of explanations. Given the

tasks and the sequential teaching setup, an incremental curriculum order improved human

comprehension. The results provided a demonstration of the beneficial effect of sequential

teaching on human comprehension.

Furthermore, we examined human comparisons and estimated sorting algorithms that best

resembled human sorting traces. This analysis in Table 5.6 demonstrates four possible sorting

strategy adaptations. From Table 5.7 and McNemar’s tests, we show that there is a significant

difference in the algorithm application of quick sort in Group 1, merge sort in Group 2 and

insertion sort in Group 4. We argue that these results support a higher proportion of strategy
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Table 5.9: Summary of the significance of participant’s strategy adaptation and performance
improvement of the adapted algorithm compared with other algorithms. A tick denotes a
significant analysis result, and a cross indicates an insignificant analysis outcome.

Algorithm Is adaptation Is performance
Group adapted significant improvement significant

Group 1 (MS/WEX) QS ✓ ✓

Group 2 (MS/WOEX) MS ✓ X

Group 3 (SM/WEX) DS X ✓

Group 4 (SM/WOEX) IS ✓ ✓

adaptations to these algorithms. The additional t-tests compared the sorting performance of

adapted strategies with other strategies. Quick sort in Group 1, dictionary sort in Group 3 and

insertion sort in Group 4 had higher performance in comparison with other algorithms. Table

5.9 summarises the participants’ adaptations to algorithms and the performance of responses

with these adaptations.

Strategy adaptations in Group 1 (MS/WEX) and Group 4 (SM/WOEX) were significant

and resulted in higher performance scores of the associated responses compared with the other

strategies. After sort training, Group 1 used a higher volume of quick sort like strategies. The

quick sort algorithm is computationally efficient with an average linearithmic run-time and a

worst-case quadratic run-time. Utilising the efficiency benefit of concentrating on parts of the

original problem one at a time, quick sort creates a pivot to construct two sorted sub-sequences.

Based on the follow-up t-tests, adaptation to quick sort led to better comprehension compared

with responses that used the other sorting strategies. Since in Group 1 participants learned

merging with explanations before learning sorting, this refutes the null hypothesis of H5. In

Group 1, this positive difference in sorting performance using quick sort supports hypothesis

H5.

The t-test results of Group 1 and 3 (summarised in Table 5.9) suggest that curriculum order

does not affect the performance of adapted strategies since Group 1 experienced the incremen-
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tal curriculum and Group 3 received the decremental curriculum. This observation contrasts

with the overall performance analysis which shows curriculum order affects the performance

of sorting. It implies that the decremental curriculum in Group 3 reduces the performance

of strategies that have a lower change in application rate. We argue that without the benefit

of the incremental curriculum and a compact hypothesis space (Hypothesis 3.17), it is diffi-

cult to develop rules that consistently represent the other algorithms (quick sort and merge

sort). In addition, we observed in Group 1 that learning incrementally with explanations led

to a significant adaptation of an efficient sorting strategy (quick sort) which also has enhanced

performance. This shows the association of a higher task competency with the invention of

problem solutions in novices.

Impacts of explanations on performance

As summarised in Table 5.9, in Group 1 and 3 where explanations were presented, the adapta-

tions to efficient sorting approaches correspond to improved performance. A significant number

of participants adapted to quick sort like approaches and some participants adjusted to dic-

tionary sort like strategies in Group 3. Although the dictionary sort algorithm shares many

similar traits to insertion sort, dictionary sort is considered a divide-and-conquer algorithm

which iteratively makes binary searches for the correct position of an object in a sequence.

We attribute this phenomenon to a better understanding of efficiently merging: two input

sequences are sorted and redundant comparisons can be avoided by interleaving comparisons of

fruits from input sequences. Provided explanations emphasised the optimal problem-solution

structure and illustrated the action sequence by walking through examples with participants.

The contexts provided by explanations and examples are effective for the human learning of

abstract concepts [4, 9, 23, 250]. We suggest that in the presented teaching setup, explanations

of merging involving examples grounded the concept of binary selection and contextualised the

construction of problem solutions that utilised this information. As a result, problem solutions

that incorporated this idea had less potential for errors and achieved higher performance.

This proposition can be partially supported by the increase in the usage of insertion sort

like strategies in Group 4 (SM/WOEX) where explanations were absent. While insertion sort
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like strategies correlated to better scores in sort performance test responses of Group 4, the

insertion sort algorithm does not involve a divide-and-conquer or binary selection component

to sorting and does not share these features with quick sort or dictionary sort.

Impacts of curriculum order on strategy adaptation

Another observation from Table 5.7 and 5.9 is that a significant number of responses in Group

2 (MS/WOEX) adapted to merge sort. While this strategy adaptation of Group 2 to merge

sort did not correlate with a higher performance score compared with the other strategies,

divide-and-conquer algorithms such as quick sort and merge sort that require an advanced

understanding of computational algorithms could be rather difficult for novices to comprehend

in a limited time frame. Based on 5.7 and Table 5.9, it is noteworthy that a significant number

of participants in Group 1 and 2 appeared to have developed sorting approaches similar to

these well-known divide-and-conquer algorithms when they were presented with concepts with

increasing complexity. A tentative account of this phenomenon can be referred to Hypothesis

3.17. In Hypothesis 3.17, two curricula are compared in terms of the size of the composite

hypothesis spaces of learning some target predicates. Incrementally learning concepts can

reduce the size of the hypothesis space. Since humans have limited working memory capacity,

it becomes easier for humans to find a consistent hypothesis that incorporates new information

in the associated hypothesis space.

Despite performance improvements of adapted strategies in both Group 1 and 3, the adaptation

of an efficient strategy was significant and led to better performance in only Group 1, as

summarised in Table 5.9. Since Group 1 exclusively experienced incremental curriculum and

machine-learned explanations, this result highlights the impact of combining both components

on human learning for promoting task performance and developing efficient problem solutions.

Although it cannot be assessed by the present framework whether the participants mentally

formulated quick sort or merge sort in an explicit way, further investigations of sequential

teaching could devise machine learning to derive human strategy from behavioural traces.
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5.7 Summary

Previous work on the topic of comprehensibility has investigated the beneficial effects of machine-

learned logic theories in a single teaching session. This chapter addresses the increasing em-

phasis on involving humans in collaborative two-way communications with AI by exploring

curricula that contain a sequence of teaching sessions. A sequential teaching curriculum in

which learning merging before learning sorting results in a better human comprehension of

sorting in contrast to learning sorting before learning merging. This result supports Sub-

thesis 2 and Hypothesis 3.17. Results show that when a machine-learned logic program does

not have a sufficiently low cognitive cost, explaining it does not lead to a beneficial effect on

human comprehension. This supports Hypothesis 3.16.

In addition, adaptations of human sorting strategies have been observed which utilise techniques

of divide-and-conquer and recursion. Such strategy adaptations were observed in humans who

learned with explanations and in humans who learned concepts with incremental complexity. In

the case that humans learn incrementally with explanations, the application of a re-discovered

efficient strategy has led to enhanced task performance. This supports Sub-thesis 1 and 2.

However, further investigations are required to understand better the degree to which sequential

teaching curricula with machine-learned explanations facilitate novel human comprehension.

We elaborate on future work in Chapter 6.



Chapter 6

Conclusions and future work

Human activities and AI applications are becoming inseparable due to the growing degree of

machine-human interactions [88, 192]. Highly interleaving networks of machine-human commu-

nication have become the cornerstone of the Industry 4.0 paradigm [220]. Two-way interactions

are also essential to the continuous improvement of the performance of AI applications [191].

In education [55] and public service [292], the companionship of intelligent agents compen-

sates for the lack of human resources and actively maintains engaging environments which are

particularly valuable.

While AI systems have shown great potential [79, 292] and even demonstrated superhuman

performance [126, 277], sufficient information has not been provided in most cases for humans to

understand. The opacity of machine learning systems has hindered efforts to produce epistemic

results and fulfil AI’s needed role in science [144]. In other domains, such barriers can lead to

failure to establish trust in high-stakes decision-making, the inability to transfer knowledge to

humans, and inconsistent operations. These concerns have been investigated by Explainable

Artificial Intelligence (XAI) research [112] which aims to facilitate human understanding and

provide explanations of AI systems’ outputs, structures, decisions and functions. Currently,

there is a lack of operational definition and evaluation of the effects of AI explanations on

human comprehension.

We critically demonstrate that explanations generated from machine-learned logic programs can

quantifiably improve human performance in complex tasks. This is established on our novel Eex

131
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framework [3, 2] from Chapter 3 which quantitatively evaluates the effects of machine expla-

nations and teaching curricula on human comprehension. Our work relates to Donald Michie’s

Ultra-Strong Machine Learning (USML) classification [186]. In USML, a machine learning

system acts as a “teacher” who represents its symbolic output to humans and teaches them

to achieve high performance. This is modelled by a teaching curriculum in Eex. Our frame-

work builds on an operational definition of comprehensibility based on human out-of-sample

predictive accuracy [268]. This notion of human comprehension is limited to logic programs.

It does not account for the harmfulness of machine explanations and the perspective that hu-

man learning often utilises previously acquired knowledge. These limitations have restricted

its scope of application. In contrast, our Eex framework does not have these drawbacks. Eex

applies to a wide range of explanation representations and tasks. We account for the harm-

fulness of explanations and concept order through our definitions of explanatory effects and

sequential teaching curricula. Based on Eex, we claim that changes in human comprehension

are quantitatively identifiable and affected by both explanations of machine-learned hypotheses

and the presentation order of target concepts (Chapter 1). We examine this thesis via two

sub-theses (Chapter 1):

Sub-thesis 1 For a non-trivial task, improvement and degradation in human comprehension

can be quantitatively identified and are influenced by explanations of machine-

learned hypotheses.

Sub-thesis 2 For a non-trivial task, improvement in human comprehension in sequential

curricula can be quantitatively identified and is influenced by the presentation

order of target concepts.

We support these sub-theses with results from two publications [3, 2]. As demonstrations

of our Eex framework, we study the effects of explaining machine-learned logic programs on

human comprehension in the context of game-playing and sorting. Dynamic environments

such as games offer varying difficulties for analysing human reasoning [228]. In sorting, efficient

strategies are not trivial [311] which allows us to examine human inferential ability in combining

already learned knowledge. Logic programs can represent knowledge structurally analogous to

human concept hierarchy [14, 44, 223] and implement logic mechanisms of human reasoning
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[121, 130, 152]. We have chosen MIL, a variant of ILP, to learn logic programs due to its ability

to perform predicate invention and learn recursive concepts. MIL systems MIGO [212] and

MetagolO [74] are modified to learn strategies of a two-player game and sorting. In Chapter 4,

Sub-thesis 1 is supported by results from experiments for teaching humans a two-player game.

In Chapter 5, Sub-thesis 1 and 2 are supported by results from experiments for teaching

humans computational sorting algorithms. Specific to logic programs, we have developed a

preliminary theory including two hypotheses of a cognitive window of human comprehension

and sequential teaching curriculum to account for the limitations in human learning and mental

execution. This theory is supported by our empirical results in Chapter 4 and 5.

6.1 Summary of contributions

Contribution 1: Explanatory effects of machine-learned logic theories on human

comprehension (supports Sub-thesis 1)

In Chapter 3, we propose the Eex framework, a representation-independent assessment frame-

work that quantitatively evaluates the effects of machine explanations on human comprehension.

We present a preliminary theory of a cognitive window that includes two constraints on a logic

program: 1) the size of the hypothesis space associated with the program and 2) the cognitive

complexity for approximating the load on working memory during the human execution of the

program. We define a cognitive cost of a logic program Cog as an estimation of this cogni-

tive complexity. We postulate the existence of a cognitive window: when a machine-learned

logic program has low descriptive complexity and its execution is cognitively straightforward,

explaining the program improves human comprehension.

Importantly, we demonstrate that machine explanations generated from logic programs can

measurably improve human comprehension using Eex [3]. Human trials have been carried out

in the domain of a simple two-player game. In Chapter 4, empirical results show that a machine-

learned theory has a beneficial effect on human comprehension when it has low descriptive and

executional complexity. This result supports Sub-thesis 1. In addition, our results show

when logic programs have high descriptive or executional complexity, they have either harmful
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or no effect as the human task performance becomes worse or remains the same. This supports

Sub-thesis 1. Both results support our cognitive window hypothesis.

Contribution 2 Effects of a sequential teaching curriculum on human comprehen-

sion (supports Sub-thesis 1 and 2)

In the Eex framework (Chapter 3), we provide operable definitions of sequential teaching cur-

ricula to account for the impacts of curriculum order on human comprehension. Sequential

teaching curricula [2] accommodate a learning mechanism via the division of top-level learning

tasks into smaller lower-level tasks. In Chapter 3, we hypothesise that a sequential teaching

curriculum can improve human comprehension if it can introduce appropriate concepts to re-

duce the size of the hypothesis space for learning the concepts. Experiments were conducted

for teaching sorting algorithms (Chapter 5). Our analysis of empirical results demonstrates

that a sequential teaching curriculum with increasing concept complexity has a beneficial ef-

fect on human comprehension. This supports Sub-thesis 2 and our hypothesis on human

comprehension improvement by a sequential teaching curriculum. We observe no human com-

prehension improvement when explanations do not have a sufficiently low cognitive cost. This

supports our cognitive window hypothesis. An interesting phenomenon of human knowledge

re-discovery is highlighted. Novices in computational algorithms unintentionally were found

to develop recognised ideas or concepts known to experts. These human learners were able

to re-discover some known efficient computational algorithms and apply them effectively when

they learn incrementally with machine explanations. This supports Sub-thesis 1 and 2.

6.2 Future Work

With respect to the limitations of our contributions, we discuss future work that could be carried

out on the evaluation of comprehensibility, potential aspects for optimisation and application

of sequential teaching curricula for facilitating discovery and human performance improvement.
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6.2.1 Evaluation of comprehensibility

Scope of experimentation

In our cognitive window and sequential teaching hypotheses, a human-comprehensible logic

program is associated with a small hypothesis space and should have a low cognitive execu-

tional complexity. These hypotheses are supported by empirical evidence in two experiments

involving human participants. Owing to limited experimental resources, we have not been able

to examine our Eex framework and hypotheses in other domains. Future work could build

on existing results and the Eex to investigate the comprehensibility of machine explanation in

other non-trivial tasks. Engaging and interactive game-like tasks are appropriate candidates

for future experiment settings. These dynamic environments allow analyses of human reasoning

ability at different levels [228]. Other activities such as discovery in science provide a basis for

experimentation of how machine explanations impact real-world human reasoning [228]. The

ability of AI to learn and present interesting concepts in a human-comprehensible format is

a key perspective of machine intelligence. There is an increasing emphasis on applying XAI

techniques to drive scientific discovery [316, 144]. Empirical demonstrations could examine the

USML [186] where a machine learning system can obtain knowledge and explain it in a way

such that scientists can reason about it. To obtain insights into human reasoning in these

situations, future studies could emphasise more on human trace analysis. In our experiments,

we have observed adaptations to efficient problem solutions from human traces. This implies

a trace-based assessment can provide additional information on changes in human problem

solutions.

Scope of application

In Chapter 3, we have discussed how the Eex framework can be applied to evaluating explana-

tions from different machine-learning systems. We have not been able to explore explanations

of machine-learned outputs other than logic programs. Our definitions of comprehensibility

cover explanations produced by Turing machines in a finite number of steps. These definitions

are representation-independent. This allows maximum freedom of representations that can be
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tested, e.g. decision rules, graphs, natural language texts or hybrid representations. In addi-

tion, any explanation generation algorithm represented by a Turing machine that terminates

can be considered as an “explainer”. With an increasing number of methods for explaining ma-

chine learning systems [222], we offer an operational notion of comprehensibility for machine

learning systems in general.

In Chapter 2, we have suggested applications of the Eex framework for human-AI communica-

tion. While we acknowledge the reviewed areas are not exhaustive, we consider our work to

be useful for at least these research directions (EBL, ABML, Machine Teaching, Virtual Bar-

gaining and Dialogue Systems). While there is an emphasis on improving the communication

between humans and AI systems, the effect of communication on humans is often assumed

without validation. Our Eex framework provides an operational assessment of how well people

can understand and follow the communicated information. For instance, similar to our demon-

stration in 4, our Eex framework can be used to test user misinterpretation as a harmful effect

of explanations for EBL. For ABML, argumentative explanations may provide guidance to re-

solve conflicts between arguments and offer justifications for decision-making in “black box”

machine learning systems. The Eex framework can quantitatively assess if teaching argumen-

tative explanations can help users become better at decision-making for a prediction task. We

have conducted our studies in non-trivial human reasoning domains using Eex and developed a

preliminary theory supported by empirical results. The Eex offers a potential solution to close

the gap between theories and applications in Machine Teaching. Our framework can also be

applied to assess human comprehension of flexible and instantaneous signals by AI. Insights

obtained can be used to optimise virtual conventions in real-world human-AI interactions such

as autonomous driving and dynamic games.

Recent advancements in Dialogue Systems have focused on large language models. Evaluations

of language models and their applications are often too subjective or too context-independent

[150]. Most of them have been objectively evaluated based on “ground truths” input-output

data [41]. These assessments are disjoint from the real use cases of the language models. Recent

efforts aim to build dynamic and interactive language model assessment platforms [150, 63].

However, empirical evaluations, for example, involving humans scoring the helpfulness and

satisfaction of explanations, are dependent on user preferences. These tests do not objectively
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measure the extent to which the participants have learned from the explanations. The ability

of language models to enrich domain-specific representations (e.g. logic programs) for human

understanding and performance could be examined via our framework. A use case of the

framework would be to assess the translation to human-like texts from logic programs that

predict some function. We can then examine human interactions with language models where

the objective is to improve the human application performance of the domain knowledge.

Low quality explanations

The quality of explanations and the effect of explanations on humans require different eval-

uation criteria that should be distinguished [222]. We clarify that the Eex framework is an

operational evaluation that can be used to represent comprehensibility from the human user

perspective. It cannot reflect the quality of explanation from the view of the machine-learned

model. However, it can be employed to examine the effect of low-quality explanations on human

comprehension. Various properties such as consistency and correctness are of interest in XAI

[124, 222]. As an example, explanations can be generated from a machine-learned model given

identical inputs and the effect of inconsistency on human comprehension can be reflected by

human task performance. Also, for complex problem-solving tasks, precise labelling of domain

instances might not be feasible and learning a completely correct predictive model is not pos-

sible. When adopting the Eex framework, the objective of the machine “teacher” would be to

provide low-error explanations in its perspective as frequently as possible to ensure maximum

explanation correctness.

Encouraging human self-explanations is relevant when training examples are incorrectly labelled

and machine explanations do not cover all training examples. Future work could also focus on

comprehensibility through both human self-explanations and machine explanations. People

often look for an explanation in the case of unexpected events from their perspectives [191].

Self-explanation has been shown to support learning and reasoning [165]. When an explanation

inconsistent with an example is presented, questions such as “why is the example E labelled

A rather than B?” demand contrastive self-explanations. Humans can steer clear of the

pitfalls of the machine-learned model and improve their performance based on contrastive self-
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explanations [243]. People could be encouraged to derive their explanations from additional

training examples from an oracle. Given the frequent reports of errors by large language models,

such interaction may enhance the safety of applications [20] by avoiding factually incorrect

information often presented in their responses [161]. Experimentally, this also requires more

interactive teaching curricula to be implemented.

Standardisation of comprehension evaluation platforms

In our empirical studies, we have carefully designed experimental procedures to ensure consis-

tent results. However, since our experiments in Chapter 4 and 5 have been conducted sepa-

rately, participant samples vary in size. This is due to the difficulty of recruiting participants.

To address this, an open and standardised evaluation platform is necessary. Standardisation of

benchmarks is essential for evaluating the performance of machine learning systems. Platforms

and challenges such as the ImageNet [258] have provided important sources for standardis-

ing performance comparison of different machine learning systems. Given some appropriate

problem-solving tasks, the comprehensibility of explanations provided by machine learning sys-

tems may also be examined and benchmarked. Participation in such a challenge requires a

system to learn from a set of training examples. The system is asked to classify some test

examples and provide explanations for them. These explanations are given to train newly

recruited human participants. Afterwards, participants should be given some test questions

to classify unseen examples based on the Eex framework. The predictive accuracy of human

participants would be recorded as the comprehensibility of the machine explanations. With

significantly large participant groups, machine explanation approaches could be compared by

contrasting human learning performance.

Non-explainability and human intelligibility

In our Eex framework, we consider an output by any Turing machine that terminates as a

machine explanation. Machine explanations differ only in their effectiveness to accommodate

human comprehension. It means the question of whether it is impossible for any machine

to generate an explanation of a problem, is trivial. There could always be some machine
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that returns its input to the human learner. These outputs might not necessarily be useful

for human comprehension but they are categorised as machine explanations in the Eex. Yet,

one non-trivial question is how to define the “hardness” of providing a machine explanation.

We discuss one tentative account of this notion here. The time complexity of an explanation

generation algorithm as a function of its input size can be viewed as an indication of the

“difficulty” in explaining. Problems that require algorithms bounded by higher time complexity

to explain can be seen as harder explanation problems. In future work, the connection between

non-explainability and computational complexity theory could be further explored.

Eex can be extended to examine human intelligibility and human declarative understanding of

explanations. In Michie’s view [182], effective computational representations for human under-

standing and validation should be both human-intelligible and human-executable. An explana-

tion is human-intelligible when humans can memorise and describe the associated concepts. A

human-executable explanation can be validated by humans through mental calculation. How-

ever, from the perspective of “explainees”, the failure of explanations to be intelligible or exe-

cutable by humans may imply non-effectiveness in certain situations. Owing to the limitation

of cognitive capacities, complex computations are not always operable by humans. A person

may be able to write an implementation of merge sort to arrange a long sequence but may not

always be able to perform the sorting mentally. On the other hand, a declarative understanding

requires the awareness and knowledge of factual information. A declarative comprehension of

a machine algorithm can allow a computer scientist to identify algorithmic properties that are

universally true for all inputs of the algorithm.

Currently, these aspects of human comprehension and human explicit reasoning have not been

explored. We can extend Eex to account for situations in which humans can collaborate with

a programming assistant to encode human problem solutions as computer programs. This

approach is related to Human-Assisted Computation [272]. Programs written by humans would

then be executed by another machine which alleviates the computational burden of the human

learners. The comparison between the explanatory effects would then be possible based on

the performance of written programs before and after learning the explanations. In addition,

humans could be given a pool of insightful statements and tested on their accuracy in predicting

the correct insights after studying explanations. Future work could focus on clarification and
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empirical demonstration of various forms of human comprehension.

6.2.2 Optimisation of comprehensibility

Representation of explanations

This thesis has not explored the effect of different representations on human comprehension.

Results in Psychology have shown that appropriate representation of information can lead to

significant improvements in human task performance and learning [141, 177]. Frameworks

that support the selection of representation [201, 25, 282] are only applied subjectively without

means to quantify the cognitive costs of representations [245]. Empirical evaluations of a narrow

range of representation schema [254, 178, 261, 319] provide limited insights on optimising the

general effectiveness of representations.

Recent work on a representation choice framework called rep2rep [245] investigates a quantified

approach to recommend effective representation systems. The rep2rep framework removes the

need for subjectivity by specifying representational systems in a defined language and comput-

ing cognitive costs between different representational systems. Cognitive costs arise from hy-

pothesised costs in registering the components of a representation, parsing structure, interpret-

ing symbols, and developing a solution based on relevant background knowledge [245]. Results

[245, 246] demonstrated that optimising cognitive costs from specifications of mathematical and

cognitive properties can yield an effective encoding of math problems. Our framework can be

used to operationally evaluate the effect of different representations on human comprehension.

Based on the rep2rep approach, we may define a more comprehensive cognitive cost function

and a representation specification language. Future work built on Eex can extend the theory

of cognitive window to objectively compare representations beyond logic programs.

Concept invention and background knowledge.

Currently, machine learning systems are still limited in their ability to determine appropriate

background knowledge and invent meaningful concepts for knowledge transfer. Large language

models have received great attention due to their capability of communicating with humans
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via natural language [320]. These models are often constrained by training data from known

textual corpora and cannot effectively generate new knowledge beyond what has been doc-

umented. A challenging problem remains to be addressed: how should we design machine

learners that can invent concepts intelligible and executable by humans? We can see such

machine learners would need to be USML. Our Eex framework provide an assessment measure

for machine inventions that are both intelligible and executable. As a starting point, we may

refer to a notion of invention defined in ILP (Definition 2.8). All new and reusable predicate

definitions learned automatically are machine inventions. We can apply the Eex framework to

investigate the effects of concepts invented by different machine learning systems on human

comprehension. Our results show that explaining a logic program of game strategies that uses

an additional predicate can improve human comprehension. This extra predicate definition

introduced in background knowledge checks the number of near-win patterns and presents a

“shortcut” for human decision-making. However, the creation of this predicate definition still

relies on expert knowledge and has not been automated. Future work could derive insights

from human comprehension results to automatically optimise machine inventions.

Results in Psychology [45] suggest that reducing the complexity of mental execution and goal

maintenance in working memory can improve human task performance and thus enhance com-

prehensibility. Recent results [76] demonstrate that optimising the textual and computational

complexity of logic programs can lead to better learning performance of MIL systems. Future

work could consider optimising background knowledge used in machine explanations. In ILP,

for example, comprehension-friendly background knowledge may be identified by incorporating

a measurement of cognitive cost into ILP systems. Background knowledge recognised this way

could be hypothesised to produce effective explanations. Empirically, Eex could be applied to

examine these hypotheses. This optimisation approach could also be extended beyond ILP for

identifying background knowledge with a high explanatory impact that enhances human-AI

communication.
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Curriculum order and example selection

As an initial attempt to integrate our framework with interactive teaching curricula, we have

examined a simple curriculum setting. For more refined partitions of concepts or complex

concepts that depend on multiple sub-concepts, curricula may need to contain more than two

teaching material blocks. For effective teaching curricula, we expect the order of teaching

material blocks to be a crucial factor. In Psychology [223, 217], human knowledge acquisition

can be viewed as the hierarchisation of concepts. Each node in this structure is associated

with the information of a sub-concept and may be dependent on multiple sub-nodes. However,

since a curriculum involves a sequence of teaching blocks, each focusing on one concept, the

hierarchy of concepts could be linearised. Future work could explore the problem of finding a

linearisation of teaching materials for high human comprehension.

Another interesting perspective concerns the optimisation of training example selection to im-

prove human comprehension. In the context of scientific discovery, designing informative exper-

iments to explain some hypothesised phenomenon requires deliberate thinking. The question

of “which experiments should be performed?” may not be immediately apparent due to the

limit of experimental time and resources. The topic of optimising training examples has been

explored in Machine Learning. Some related approaches are the Active Learning paradigm

[271] and Machine Teaching [321]. Given some objective functions, frameworks in Machine

Teaching [97, 171] aim to recognise a set of training examples that maximises the objective

value. On the other hand, Active Learning iteratively consults a data source to label training

examples that have maximal entropy [197]. This approach is considered effective in domains

where training labels are not readily available. Both of these approaches optimise for some

objective specification. This objective can be adapted for identifying training examples with

the highest expected human comprehension. Further studies could build on the Eex framework

to examine the effects of different active learning and machine teaching methods on human

comprehension.
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6.2.3 Applications of sequential teaching curricula

Conditions of effective human re-discovery

Future work can explore the phenomenon of human re-discovery in complex human reason-

ing situations. Our experiments show the creativeness of human learning in exploiting the

analogical transfer of partial solution structure. In the human trial described in Chapter 5,

we have employed a mixed approach that allows a higher degree of freedom for learners to

re-discover computationally efficient algorithms. We observed adaptations of human sorting

strategies to utilise techniques of divide-and-conquer and recursion. Such strategy adaptations

were observed in humans who learned with explanations and in humans who learned concepts

with incremental complexity. We attribute these results to the contextualisation of abstract

concepts by explanations and the accessibility of learned knowledge from the reduction in com-

plexity in searching the hypothesis space. In these cases, human learners were able to adapt

sorting strategies reminiscent of efficient machine sorting algorithms. Although the analysed

participant sample had no background in programming, they developed sorting strategies by

employing divide-and-conquer and recursion-like techniques commonly used by efficient ma-

chine sorting algorithms. While not all inspected human learners in the experiment managed

to consistently perform these sorting algorithms after studying from short learning sessions,

being able to develop “near-miss” versions of the merge sort algorithm is itself an achievement

for those novices of programming. Discovery encouraging learning allows individualised under-

standing [36]. This can help trigger sudden realisations of previously incomprehensible concepts.

However, further investigations are required to gain a better understanding of the degree to

which sequential teaching curricula with machine explanations facilitate human re-discovery.

Machine-human two-way learning via behavioural debugging

An exciting prospect of sequential teaching curricula is that machines and humans could take

up more active roles to enable two-way cooperative learning [275]. Sequential teaching curricula

can be extended to represent the coordination between humans and machines in a back-and-

forth fashion. One perspective is explicitising human implicit decision-making by machine-
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learned theories via a process known as behavioural cloning [31]. Programs are learned by

machines to represent goal-oriented knowledge in a form similar to the human conceptual

structure. Traces of human problem solutions can be provided as inputs to a machine learning

system and used to model decision-making processes. Hence, MIL is an appropriate candidate

for cloning since it can iteratively learn recursive programs by inventing sub-goal predicates.

However, cloned rules associated with demanding operations and complex environments could

be difficult for humans to understand [19]. When the objective is to improve human task

performance, direct presentations of faulty rules would not be the most effective approach.

To address this, optimised sequential curricula can be designed to “debug” human knowledge

progressively in terms of dependency and complexity. In incremental curricula, cloned sub-

goals are compared with machine-learned sub-goals. Mistakes can be identified and corrected

via program revisions [155]. This could lead to a “clean-up” effect on human behaviours which

can be validated via empirical experiments by presenting appropriate explanations in sequential

training. These corrections in a human strategy are helpful in intelligent tutoring [317] and

algorithmic debugging [274] to make humans and machines interactively learn from each other.

6.3 Summary of thesis achievements

We have explored in this thesis an operational assessment of the explanatory effects of AI in

interactive machine-human teaching. Most XAI studies do not emphasise empirical results and

do not provide unambiguous definitions. Our novel Eex framework provides an objective defi-

nition of comprehensibility based on human out-of-sample predictive accuracy. Notably, Eex is

representation-independent and flexible for evaluating human comprehension in a wide variety

of prediction tasks. It accounts for the beneficial and harmful effects of machine explanations.

Experimentally, we use Eex to examine the impacts of explaining logic programs on human com-

prehension of a simple game. Importantly, we demonstrate that explaining machine-learned

logic programs can improve human task performance. Results support our preliminary theory

of a cognitive window of human comprehension which requires a machine-learned logic pro-

gram to be informatively compact with low goal maintenance cost for it to improve human

comprehension.
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In addition, we expand the Eex framework to account for cases where complex concepts are

partitioned into sequentially taught sessions. In our empirical study, we examine the effects

of sequentially teaching concepts with increasing or decreasing complexity. We observe an

improvement in task performance from humans who learn with increasing concept complexity.

This supports our hypothesis that a reduction in the size of the associated hypothesis space

of the target concept implies an improvement in human comprehension. We obtain empirical

results which demonstrate human’s potential for re-discovering computational algorithms and

optimised problem-solving strategies in a limited time frame.

We believe that the frameworks and results presented in this thesis have opened inspiring

avenues of interdisciplinary research in AI which will encourage the XAI community to further

examine AI-human interactions via operational empirical approaches.
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