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ABSTRACT

With the exponential rise of data in recent years, deep learning has risen to be one of the most

prominent forms of artificial intelligence. With many successful applications, deep learning

has helped researchers build machines that successfully complete human tasks previously

thought to be very difficult. For example, restoring color to black and white photos, image

captioning, voice generation, restoring sound in silent videos, lip reading from videos etc. are

some very interesting applications being explored and with deep learning. Even with success

in a breadth of applications, there are still problems that deep learning has not been able to

solve. For example, scalability, understanding context, or examining and understanding the

inner workings of deep neural networks themselves remain unsolved problems. The crux of

the deep learning approach are layers (input, hidden and output). These layers are adjustable

to a given corpus and mostly opaque to interpretation or explanation. Current approaches

to Artificial Intelligence/Machine Learning rely on an entire corpus, i.e. they use the entire

content with noise, bias, etc. These approaches have achieved high success across fields like

computer vision, natural language processing, image captioning etc., require a very large

amount of training data to accurately understanding the mappings between the input and

output embeddings for the deep learning experiment. In this thesis, we ask the question,

”What if, intelligent information extraction (both entity and relation) were able to provide

a curated corpus for deep network learning?” Curation in this context, addresses eliminating

all the ”non-essential” parts of text, and simply focusing on the actions, agents and events

involved in a text corpus, and the rules that highlight the effects of these actions and change

in the narrative.

What is needed to achieve this task, is the ability to recognize key entities and map the

situational changes occurring in the corpus to specific triggers (such as actions or events),

like those seen in axioms in a rule base. Automated axiom creation is a difficult research

problem to solve. Most of the work in this area focuses on rules extracting rules from text that

explicitly mentions the rule in text. In most old fashioned AI systems, rules are developed

with an understanding of the domain and reading between the lines where required to see

what action/events could trigger a particular response in the narrative. An automated axiom

creation method that completes such a task is still an unexplored and unsolved problem, and

the focus of this thesis.
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The biggest hurdle in exploration of this research problem, is the availability of data

(or the lack thereof) where implicit rules are documented for a text narrative. In this thesis,

we have developed a novel semi-automated method to generate axioms/rules for a set of

text narratives, using crowdsourcing and known natural language processing techniques. We

begin with textual narrative such as those in novels, computer manuals, but also in view are

scientific works. We then document rules for the given narrative by using Amazon Mechanical

Turk, a crowdsourcing platform known to aid in the creation of high-quality datasets. We

have found that the usage of a crowdsourcing platform works well for narratives that do

not require any expertise, like those seen in novels, and are able to provide textual rules

for the narrative which may not be explicitly stated in the text. The next step would be

to process these narratives and their rules into knowledge bases and rule bases, where the

key concepts and relationships need to be extracted from both the knowledge bases (in the

form of triples) and rule base. We have also developed an approach to converting the results

of the crowdsourcing experiment (rules in text form), to formal rules in a rule base. These

are developed based on known NLP information extraction techniques, like POS tagging,

co-reference resolution etc. The overall goal of this thesis is a novel method to extract key

information and rules from a narrative , in order to create a set of knowledge bases and

rule bases. After examining the results of the crowdsourcing experiment, we found a set of

boundaries for the usability of crowdsourcing as tool or means to overcome the automation

bottleneck. We also discuss the required distinction of the terms ”Humans in the loop” and

”Experts in the loop”, and provide a platform for fleshing out the framework for experts in

the loop for scientific workflows. Finally we also developed a method to evaluate ”knowledge

base - rule base” corpora for any logical language in any domain.

To construct such a ”situational narrative”, a formalism such as situation calculus

stands out as an obvious choice for knowledge representation but is heretofore an unexplored

option in explaining what is going on in deep learning. At the heart of such a capability may

be a learned formalization of the situation and perhaps even the identification of changes in

state or fluent(s) (situation) over iterations or after learning interactions.

xiv



CHAPTER 1

INTRODUCTION

1.1 Thinking Machines

”Creating a machine that can think” or ”exhibit intelligent behaviour” has always

been one of the goals of humankind [1]–[5]. Historically, the idea of thinking machines have

captivated audiences. Broadly, our interest in creating ”thinking machines” comes from 2

main points of view :

• Creating machines that could perform complex and difficult tasks for humans, some-

times better than humans [6],[7].

• Understanding how machines ”understand the data” and ”make decisions” while per-

forming these tasks [8],[9].

These 2 views go hand in hand with research in the field of artificial intelligence.

AI research has made progress by having machines successfully perform tasks that were

thought to be purely ”human” and impossible for ”machines” at the time. From the checkers

programs of the early 50s [10], to ELIZA (the first Chatbot) in the 60s [11], to MYCIN in

the 70s which identified bacteria that caused severe infection [12], to Deepblue in the 90s to

Watson [13] and AlphaGo in the 21st century [14], artificial intelligence research has made

a splash around the world with its successful applications and has continued to capture

people’s imaginations.

1.2 Artificial Intelligence and a Big Divide

Artificial Intelligence research can broadly be segregated into 2 approaches:

• Reasoning-based/Symbolic AI : Also called ”Good Old Fashioned AI” (GOFAI),

this approach focuses on Thomas Hobbes’ idea that ”ratiocination is computation”

[15],[16]. As stated in the name, this approach normally follows the open-world assump-

tion (with some exceptions), where ”what is not known to be true or false is interpreted

as unknown information, not as negative information” [17]. GOFAI normally use ax-

ioms or production rules to make inferences in order to answer the questions posed.

These rules are input by an expert in the AI system’s application domain.

1
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• Machine Learning : ”Machine learning can be broadly defined as computational

methods using past data to improve performance or to make accurate predictions” [18].

Machine learning applications follow the closed world assumption, where currently

unknown information is interpreted as false. Machine Learning applications have been

at the forefront of AI research in recent years. Machine Learning techniques can be

supervised, unsupervised or reinforced. Deep Learning is a more specific sub-field of

machine learning focusing on the application of specialized neural networks [19].

For a more detailed history of the 2 approaches, refer to Chapter 2 of this thesis.

On studying and understanding the evolution of the field of Artificial intelligence, some

important gaps appear. One of most interesting aspects of Artificial intelligence research is

that, until very recently, the 2 approaches of AI were studied and improved in parallel, but

rarely were the approaches combined to leverage each of their advantages.

1.2.1 Human Input in Artificial Intelligence

One of the goals of artificial intelligence has been to teach computers to perform tasks

that humans can perform, with relative ease. Over time, researchers have achieved success

in having machines perform ”human” tasks of varying difficulty. Machine Learning based

applications have been known to train on existing data (supervised) or learn to perform a task

from scratch (unsupervised) in order to achieve their desired goal. So there is minimal human

interference in the implementation of the AI system. Reasoning-based AI applications (like

expert systems) though, which were at the peak of their popularity in the 1980’s, require

human (expert) input in order to perform the assigned task. Expert systems use a rule

base in order to reason about a specific domain. The expert system takes in facts and uses

”human-input” rules to infer results from the rule-base.

1.3 Rules in GOFAI

One of the essential steps in using old fashioned AI is to successfully infer/predict

future scenarios by writing the axioms for the domain. Writing the axioms or rules for a

domain is a task that has to be performed by humans, and in most cases experts in the

domain. One of the biggest drawbacks of expert systems is the time and manpower it takes

to ”maintain” these expert systems as it scales up. This maintenance mainly refers to the

iterative updating of these axioms [20]. Historically, scaling up experts systems became
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increasingly difficult, as the data size began to rise or the scope began to broaden [20],[21].

This is one of the important factors that led to the downfall of mainstream large scale expert

systems and brought with it the ”second AI winter” [1],[21].

Thus it important to understand and if possible, automate the axiom/rule creation

process for Reasoning based AI.

1.4 Problem Statement

Semi-automated/Automated axiom creation is a difficult research problem to solve.

Most of the work in this area focuses on extracting rules from text documents with formal

language, that explicitly mention rules in the text [22]–[29]. So the main question that

inspired this thesis is, ”To what extent can we fully automate the axiom generation

process for GOFAI?”. In most cases where rule bases and knowledge bases have to

built, the rules are developed with an understanding of the domain and reading between the

lines where required, to see what actions/events would trigger a particular response in the

narrative. This is why writing rules/axioms has always required human (expert) input. To

build a completely automated axiom generation algorithm, the machine must be able to pick

the key concepts from the text and state how the occurrence of an action or event triggers the

next action or set of actions in the text. The machine also must identify fluents or conditions

that are not stated explicitly in the text, but would be clear to human readers. This has

not been achieved in any of the automated rule extraction research so far and remains a

challenging problem in AI. In our quest to solve the above problem, the biggest hurdle

has been the availability of data, particularly where implicit rules are documented for a text

narrative. In this thesis, we develop a semi-automated method to generate axioms/rules for a

set of text narratives, using known NLP techiques and crowdsourcing. The dataset generated

by this thesis may be used to train a completely automated axiom/rule generation model.

1.5 Proposed Research Methodology and Contributions

We have chosen short stories from Project Gutenburg1 [30] as the main dataset for

executing our workflow. The first (optional) step in the Semi-Automated Axiom Generation

(Hereafter called SAAG) workflow (Figure 1.1) is ordering sentences from these stories into

1https://www.kaggle.com/shubchat/1002-short-stories-from-project-guttenberg
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Figure 1.1: Proposed research methodology. The column in the left presents a
high level overview of the proposed method, whereas the middle column

presented a detailed workflow. The solid blocks and solid lines indicate the
main workflow presented in this thesis. Dash-lines and boxes represent the

techniques used to complete a specific step in the main workflow.

the order of those commonly seen in fact bases/knowledge bases. This step is more important

for certain GOFAI languages and formalisms over others. For example, Situation Calculus,

a logical language for representing dynamic changes, has a need for sentence ordering [31],

the order in which the events are represented in the fact base matter in the reasoning and

inferences made by the machine. For knowledge bases in ontologies, it is important to present

facts about a single subject together for easy human readability, but not needed for machine

to make inferences. Pronouns and references are fairly common in text addressing multiple

subjects like a story. Stories also often jump from topic to topic or from one timeline to

another. While this makes for an interesting read, it is not the desired output for a fact base.

Hence we recommend using a combination of topical clustering, NLP techniques and/or deep

neural networks to predict a sentence order that would best suit the narrative.

The first step of the SAAG workflow is a crowd-sourced approach to document rules

about a domain, i.e. the world in the stories, in text form. This step occurs in parallel to

the sentence ordering. Here we use a crowdsourcing service, like amazon mechanical turk2,

and ask people to read a story presented to them and write rules they see obeyed in the

2https://www.mturk.com/

https://www.mturk.com/
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story. The rule output by the participants may be a conditional rule or a general axiom. The

participants in the data collection experiment are paid based on the specific task assigned

to them.

After examining the results of the crowdsourcing experiment, a few interesting points

came to light. There were inconsistencies in the rules put out by the participants of the

crowdsourcing experiment. We examined these inconsistencies, elaborated on their causes

and how to fix them, so that the rules may be useful in creating situation calculus narratives.

Additionally, after examining the history of crowdsourcing, its uses, successes and failures

along our axiom generation workflow, we assert that ”As the complexity of the tasks increase,

crowdsourcing results become unreliable for use in automated workflows”. Exploring the

inconsistencies in the crowdsourcing results and its use in axiom generation, we showed the

boundaries of crowdsourcing as an approach learned that ”Crowdsourcing is an inadequate

proxy for human experts”. This is the first contribution of the dissertation.

By examining the crowdsourcing in the context of expert replacements and the history

of ”humans in the loop” workflows, we showed the need for the term ”expert in the loop” to

be distinct from ”humans in the loop”, because there are distinct considerations and factors

to include experts in the loop vs non-experts in the loop. This is the second contribution of

the thesis. By starting this discussion, we provide a platform for fleshing out the framework

for experts in the loop for scientific workflows.

The next step of the SAAG workflow involves processing the results obtained from

the crowdsourcing experiment and converting them into formal rules. We developed a semi-

automated approach using NLP based information extraction to achieve this goal. As part

of this work, we explore the boundaries of this approach, document the limitations of python

implementations of known NLP techniques and suggest potential improvements and future

work for this field. With this step of the SAAG workflow, we showed that NLP-based

information extraction methods are limited when the boundaries of patterns to be extracted

are difficult to define. This is the third contribution of the thesis.

For the final step we developed a method to evaluate the rules generated from the

execution of the SAAG workflow. Thus, the fourth contribution of this thesis is a multi-

component evaluation method for rules generated for a knowledge base in any domain and

any logical language. This method assesses whether the generated rules can be used to

reason over the knowledge base, and how the content of the rules affects the reasoning and
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consequently, the predictions or answering capabilities of the situation calculus system. We

formulate and apply a set of metrics used to evaluate the various components (Concepts,

Actions, Conditions) of the rules individually or combined.

1.6 Impact

As noted in Section 1.4, most of the approaches in automated or semi-automated

rule extraction from text use datasets where the rules or conditions for the rule have to

be explicitly stated in the text. This makes it difficult to gain rules from text that are not

written using a structured template, which includes stories and many other text data sources.

This thesis takes a step towards the goal of identifying rules and patterns in text that are not

explicitly written. The results of the contributions presented in this thesis may be used to

achieve the above stated goal in a fully automated manner, using machine learning methods.

The results of the crowdsourcing experiment may be used to do the same, but for a text

description. Both of the above goals may be solved by applying abstractive summarization

techniques [32],[33] on the knowledge and rule bases. Since that is out of scope for this

thesis, we will consider it future work for the presented thesis. More details on the impact

and potential future applications of this work can be found in section 7.3.

1.7 Dissertation Summary

Chapter 2 explains the history and related work in the three research areas that led to

the conceptualization of the idea for this thesis and explorations into the optional sentence

ordering step of the SAAG workflow. Chapters 3,4 and 5 cover the three main contributions

that enabled the execution of the proposed methodology (see Figure 1.1). Chapter 6 describes

the metrics/method used to evaluate the results of the proposed methods (both the individual

contributions and the overall pipeline). Chapter 7 describes the conclusions drawn and

lessons learnt from the experiments and execution of the methods described in chapters 3,4

and 5, and planned future work.



CHAPTER 2

BACKGROUND AND RELATED WORK

2.1 Artificial Intelligence

2.1.1 History

The birth of artificial intelligence as a field of research can be traced back to 1956.

John McCarthy, a professor of mathematics at Darthmouth College organized a 2 month

workshop to consolidate and develop ideas for the ideal thinking machine. He named this

field ”Artificial Intelligence” [3].

2.2 Rule-Based AI

2.2.1 History

The first successful set of applications in AI seen in the 1970s and 80s were rule based

systems. A rule-based system typically consists of ’if-then’ rules, which can be used to answer

complex questions or for predictive decision making. The rules in such a system could be

written by human experts or could be based on available data [34].

As rule based systems gained popularity in the 1980s, stand alone expert systems were

seen as the norm in AI research. But soon, this field of research ran into some hurdles.

One of the major challenges of rule-based AI is the generation of the rules itself. Real

world systems required completion of complex tasks, which in turn required a larger rule

base. This proved to be the undoing of many of the rule-based systems in 1980s. One

of the earliest commercially successful rule based expert system was ’R1’ [35]. This rule-

based production system was used to configure VAX-11/780 computer systems. ”Given

a customer’s order, R1 determined what modifications had to be made to the order for

reasons of system functionality and produced a number of diagrams showing how the various

components on the order are to be associated” [35]. As the popularity and usage of R1

increased over time, there are was a need for addition and modification of rules to make the

system work efficiently. In four years the number of rules went from approximately 780 to

3250 [20]. By the 1990s, the system which replaced 75 people, actually needed 150 people

to keep it running [21]. Most rule-based systems ran into the similar issues and thus either

discontinued or used in a limited domain environment.

7
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Other examples of popular rule based expert systems are:

• MYCIN: MYCIN was a rule based ”AI program designed to (a) provide expert level

solutions to complex problems, (b) be understandable and (c) be flexible enough to

accommodate new knowledge easily” [36].

• PROSPECTOR: The PROSPECTOR system helped geologists in exploring for hard

rock mineral deposits. It was intended to emulate the reasoning of an experienced

exploration geologist in assessing the likelihood that a given prospect site or region

contained an ore deposit of a specific type [37].

• DENDRAL: DENDRAL (which stands for DENDRitic ALgorithm) was the first rule

based system applied to solve a ”real world” problems. The algorithm defines a set of

possible solutions through which the program can search for likely solutions [38].

• HSPEXP: HSPEXP was a system ”created to assist less experienced modelers of cal-

ibration of a watershed model and to facilitate the interaction between the modeler

and the modeling process not provided by mathematical optimization” [39].

2.2.2 Components

Every rule-based expert system consists of the following components [21],[40]:

• Facts: Express assertions about properties, relations, propositions and generally any-

thing relevant to the beginning state of the system.

• Rules: Consist of all the actions that should be taken within a particular scope to

specify how to act on the assertion set. Rules express a conditional with an antecedent

and a consequent and follows an ’if-then’ form.

• Termination Criterion: Condition that determines whether a fixed solution has been

found or a stopping condition, for when no solution has been found.

2.2.3 System Architecture

A rule based AI system has five major elements:

• Knowledge Base: Contains knowledge about a specific domain [21]. A knowledge base

is made of facts and rules [40].
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• Inference Engine: An inference engine seeks information and relationships from the

knowledge base and provides recommendations, predictions and answers [41].

• Explanation subsystem: An explanation subsystem is built on top of the ”Inference

Engine”. This component helps analyze the structure of the reasoning performed and

explains the decisions made by the system to the user. [21]

• User Interface: The user interface of a rule based expert system consists of Graphical

interface that represents the results and explanations (either in Natural Language or

Visual Representation) of the reasoning to the ’User’ [21].

2.2.4 Inference Techniques

An inference engine parses the rules in the knowledge base and compares it to the

facts. By executing rules, a new fact may be found and will be added to the fact memory.

Executing many rules for inferring new facts creates ”inference chains” [21]. There are 2

main ways an inference engine executes rules [21],[41]:

• Backward Chaining: The process starts with the conclusion/goal and works backwards

to find rules and supporting facts that allow the system to achieve its goal.

• Forward Chaining: This process starts with the facts in the knowledge base and works

towards achieving new conclusions/goals.

2.2.5 Advantages and Disadvantages

2.2.5.1 Advantages

Expert systems contain the information that has been provided by experts in the a

given field. There is traditionally a lower rate of error in the facts and rules and in turn

the inferences. Expert systems aim to imitate an expert’s decision making, thus reducing

the manpower and time required for rudimentary (and in some cases advanced) decision

making tasks. These systems also work very well for repetitive tasks and decisions. Rule

based expert systems typically work on open world assumption, thus stating that a lack of

knowledge implies an ’unknown’ state, rather than a false one.
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2.2.5.2 Disadvantages

Rule-based AI has a number of limitations, and some of these were major factors

in the downfall of expert systems in the early 1990s. As the complexity of the expert

systems increase over time, it becomes very difficult to encode the rules for a specific domain.

When new facts or rules are added to a large system, it becomes difficult to validate them.

Depending on the expert that helped construct the system, there may be a bias in the

decisions made. As the domain covered by the expert system gets broader, codifying the

rules becomes increasingly difficult. Developing expert systems can take a very long time

because of the manpower and time required to build, validate and maintain the knowledge

base.

2.3 Situation Calculus

”Situation Calculus is a logical language for representing dynamic changes” [31]. It

was introduced by John McCarthy in 1963 [42] and revamped in 1991 by Ray Reiter [43].

The three basic components of situation calculus are actions, situations and fluents. In

this section we explain the basics of situation calculus including its components, axioms and

problems. We will be using a running example of a Robot picking up a box and placing it

at an assigned spot.

2.3.1 Different Chains of Thought

McCarthy and Reiter had slightly different views of the Situation Calculus formaliza-

tion. According to McCarthy (and Hayes), a situation is ”the complete state of the universe

at an instance of time” [31],[44]. Reiter on the other hand said that a situation is ”a history,

a finite sequence of actions” starting with the intial situation ’S0’ [45]. While the approaches

to the formalization may vary, both McCarthy and Reiter viewed situations ”as first order

objects that can be quantified over” [31].

2.3.2 Components

• Actions: ”Actions are what make the dynamic world change from one situation to

another” [31]. Actions are performed by an agent.

Examples:

pickup(x),move(x, y), putdown(x) (2.1)
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”Poss(a, s)−−Action a is executable in situation s” [31]. (2.2)

• Situations: According to Ray Reiter, ”a situation is a finite sequence of actions (a

history)” [45]. According John McCarthy, ”a situation is a snapshot of the state of

the world at any instance of time” [46].

Examples:

S ′ ← do(pickup(x), S) (2.3)

• Fluents: ”Situation-dependent functions used to describe the effects of actions are

called fluents” [31]. Fluents can be thought of as properties of the world. Examples:

holding(x), onTable(x), on(x, y) (2.4)

”Holds(p, s)−−Fluent p holds true in situation s” (2.5)

2.3.3 Axioms

As mentioned earlier, situation calculus is a logical language for reasoning over dynam-

ically changing worlds/domains. Axioms are central to this reasoning, as they enable the

system to understand what rules the selected world follows. An application domain can be

axiomatized using:

• Action Precondition Axioms: Action precondition axioms are necessary and sufficient

conditions that characterize when an action is physically possible [47].

Example [48]:

Poss(pickup(x), s) ≡ [(∀z)¬holding(z, s)] ∧ nextTo(x, s) ∧ ¬heavy(x) (2.6)

• Action effect Axioms: World dynamics are specified by effect axioms. They describe

the effect of a given action on the fluents [48].

Example [49]:

Poss(drop(r, x), s) ∧ fragile(x, s) ⊃ broken(x, do(drop(r, x), s)) (2.7)
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• Foundational Axioms: Foundational or General Axioms are axioms that are true in all

situations.

Example:

∀(x, y, s) : on(x, y, s) ∧ ¬(y = Table)→ ¬clear(y, s) (2.8)

2.3.4 The Frame Problem in Situation Calculus

McCarthy and Hayes [44] found that ”axiomatizing a dynamic world requires more than

action precondition and effect axioms”. They deduced that ”Frame axioms”, which specify

the action invariants of the domain, i.e fluents which remain unaffected by a given action [31],

are required to reason over situations in a domain. But the number of frame axioms required

for a system to reason efficiently is extremely large and sometimes unnecessary. For example,

if we are concerned with changing the color of the box the robot picks up, then dropping

the box will not change the color of the box, and something as arbitrary as electing a new

president will not change the color of the box. Both are frame axioms that would be useful

for the machine because they specify which actions won’t affect the outcome of the next

situation.

2.3.4.1 Reiter’s Solution to Frame Problem

Ray Reiter [43] proposed the concept of Successor state axioms as a solution to the

’Frame problem’. Reiter suggests we assume that effect axioms for a specific fluent ”de-

scribe all the ways an action can change the truth value of the fluent” [48]. ”A syntactic

transformation is then applied to the effect axioms to obtain successor state axioms” [50].

Example [50]:

Poss(a, s) ∧ [(∃r){a = drop(r, x) ∧ fragile(x, s)}∨

(∃b){a = explode(b) ∧ nextTo(b, x, s)}] ⊃ broken(x, do(a, s))
(2.9)

2.3.5 A Common Use Case in Situation Calculus

A typical scenario involving situation calculus starts by providing the system with the

’Initial State’ of the world to be modeled. An initial state is a list assertions that can be

made about the world before any actions take place. In other words, an initial state is all

the assertions and facts about S0, the initial situation. Next, a list of actions and events that

occur in the modeled world are compiled in chronological order. We then create axioms for
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the modeled world, which in turn can be used by the system to infer the next (appropriate)

course of action.

Figure 2.1: Situation calculus workflow. The user starts with an initial state
(Situation S0), and foundational axioms that hold true throughout the

narrative. Next, we get a sequence of actions that occur in the narrative, and
the fact base comprises mainly of these actions. Lastly, we document

axioms/rules based on what we understand about the domain (world presented
in the narrative).

2.3.5.1 GOLOG

Levesque et. al [48] in their 1997 paper on GOLOG, introduced GOLOG as a logic

programming language for dynamic domains. GOLOG’s interpreter ”maintains an explicit

representation of the dynamic world being modeled based on user defined axioms” [48].

GOLOG programs can [48]:

• Reason about the state of the world.

• Consider the various possible courses of action before committing to a specific behavior.

• Be written at a higher level of abstraction than is usually possible.
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2.4 Deep Learning

”Deep Learning allows computation models to learn features/representations of data

with multiple levels of abstractions” [19]. These computational models are composed of

multiple processing layers. ”It is part of a broader family of machine learning methods” [51].

2.4.1 History: The Birth, Decline and Resurgence of Neural Networks

Deep Learning can be traced back to a paper by Walter Pitts and Warren McCulloch

in 1943. In this paper, the authors discussed how the neurons in the brain work and build a

simple model of what can be considered the first neural network [52],[53]. In 1962, Rosenblatt

proposed the idea of a training algorithm in artificial neural networks in his book titled,

”Principles of Neurodynamics” [54],[55]. Rosenblatt thought these neural networks, called

”Perceptrons”, were ”potential models of human learning, cognition and memory” [3]. The

excitement about the field of ”Artificial Neural Networks” was almost completely silenced

by Minsky and Papert’s book ”Perceptrons” [56]. Minsky, whose PhD thesis was focused

around one of the earliest connectionist machines [57], lost faith in this approach and began

to change the direction of his research [3]. His book detailed multiple scenarios that a

perceptron neural network could not handle. This book essentially led to a cutoff in funding

for neural network and connectionism related research for almost a decade.

The introduction and popularization of the ”Hopfield Networks” [58] and ”Backprop-

agation” [59],[60] resuscitated the field of neural networks in the 1980s. As the second AI

winter, which was focused around ”expert systems”, started in the late 80s and early 90s,

the field of neural networks was slowly gaining traction and interest. With the advent of

the 21st century, the amount of data available to train these neural networks increased. The

introduction and successful applications of the multilayer perceptrons and support vector

machines greatly aided the revival of this branch of AI, which was by now classified as a sep-

arate branch called ”machine learning”. By the 1990s and early 2000s, the field of machine

learning changed its focus from the original goal of AI, which was learning in the context of

intelligent systems, to learning with an emphasis on competent learning algorithms which

borrowed from statistical methods and probability theory [61].

With the rise of ”Big Data”, some of the flaws in ”traditional” neural networks began

to appear. Traditional Neural Networks, which used the smallest number of layers [62], were

prone to problems like ”Overfitting” [63]. On the other hand, the last few years have seen the
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”Deep Learning” approach come to the forefront of AI research. Researchers have started

applying Deep Neural Networks to solve problems in many areas.

2.4.2 Recurrent Neural Networks

The first successful application of recurrent neural networks was the Hopfield Net-

work [58]. Recurrent Neural Networks (RNNs) are very useful when applied to data with

sequential inputs, like natural language text or speech. RNNs process the inputs one unit

at a time. They have a ’state vector’ in their hidden layer units, which stores information

about the history of the sequence [19]. In normal feed forward neural networks, the history

of a unit is represented by the context of N − 1 works. In RNNs, the history is represented

by neurons with recurrent connections, thus creating an unlimited history [64]. RNNs can

form a short term memory, so they handle position invariance better than traditional feed

forward networks.

2.4.2.1 Long Short Term Memory

While RNNs are very useful in training natural language and other sequential data,

they are known to be difficult to train. Thus, they don’t always show the full potential of

recurrent models. While RNNs theoretically have an unlimited history, the training time

increases significantly as the training data and (as a result) the history increase in size. Long

Short Term Memory (LSTM) networks address this problem. The first LSTM architecture

was proposed in 1997 [65]. Each cell of the LSTM network includes an ”input”, ”output”

and a ”forget gate”. Each gate is assigned a value between 0 and 1, with 0 meaning ”no

information is stored” and 1 meaning ”all information stored”. The forget gate decides how

much of the history is stored during the training process, based on the value it is assigned [65].

In ideal cases, the forget gate throws away the unnecessary information and train only on

the relevant and important information.

2.5 Using Sentence Ordering Algorithms to Arrange a Text Nar-

rative in the Form of a Fact Base

The first and optional step of the SAAG workflow is to order the sentences in the

story for constructing a fact base. Ordering sentences is an essential task when dealing

with natural language data. Learning to order sentences in an understandable manner is an
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innately human task, which generally requires some amount of intuition. Earlier attempts

at automated sentence order involved the use of naive algorithms like arranging sentences

purely by majority ordering or chronological ordering, but these have clearly not delivered

the desired results [66]. Thus, researchers are actively pursuing new and robust ways to

order sentences that can compare with human ordering.

2.5.1 Why is It Important in a Fact Base

In Situation Calculus, ”a situation is defined as a history, a finite sequence of ac-

tions” [45]. Thus the order of the actions executed play an important role in the inferences

that are drawn by the reasoning engine.

In a broader context, while assembling a fact base, it is important to present the facts

about a single subject in an order that can be easily interpreted by the machine. One

example of this can be seen when developing a prolog fact base or a knowledge base for an

ontology from raw text. The use of pronouns is fairly common when humans write about a

set of topics referring to one or more subjects. The knowledge base/fact base on the other

hand needs to explicitly refer to subjects performing the actions. One way to achieve would

be to apply a sentence ordering algorithm.

2.5.2 State of the Art

Sentence Ordering is an important task in text summarization [67]. Usually performed

as part of the text summarization [66]–[69], there has recently been work on sentence ordering

as a stand alone task [70].

There are 4 major criteria to consider while creating a sentence ordering algorithm

[66]:

• Chronology: Order sentences in the chronological order. In multidocument summa-

rization, sentences are often ordered by publication date of the original text docu-

ment [66]–[69]. Only sorting by publication date can be a naive approach, thus adding

another sentence ordering criteria becomes essential. Chronological sentence ordering

can also be performed by training a model on the occurrence of keywords that indicate

the order of a sentence [70].

• Topical Closeness: This method involves the grouping of sentences by their topic.

In some multidocument summarization applications, researchers use a naive method
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where each document is considered as a separate topic [67]. But this method does

not work for certain kinds of text corpora, like Asynchronous conversations in social

networking sites [71] and corpora of multiple novels etc. For such methods, topical

clustering algorithms are designed based on existing clustering methods like k-means

clustering [72] and Latent Dirichlet Allocation [72]. In other use cases, there is a need to

perform topical clustering/ topical segmentation by using a machine learning method

with sentences encoded in a multidimensional vector at either a word level [73] or at a

document level [74].

• Precedence: One useful method to improve the order of a sentence is to precedence

relation in the existing text corpus. The Precedence criterion measures the substi-

tutability of presuppositional information contained in a defined corpus segment [68],

which may have been acheieved using topical clustering [67].

• Succession: The opposite of precedence, the succession criterion assess the coverage of

consequent sentences after the defined corpus segment [68].

Chen et. al [70] uses a neural network approach to ordering sentences. The authors use

3 different neural network architectures and compare the results. The 3 sentences encoder

used were:

• Continuous Bag of Words (CBoW): Mikolov et. al [75] describes a method that averages

the embeddings of words of a sentence. The CBoW model uses continuous distribution

representation of the context of the words in the corpus. This is how it differs from

other standard bag of words models. Training complexity is [75]:

Q = N ×D +D × log2(V ) (2.10)

• Convolution Neural Networks (CNN): Convolutional Neural Networks were built ”to

capture simple features at a higher resolution and convert them to more complex

features at a coarser resolution” [76]. Formally sentences are represented as [70]:

covk = φ(Wτ
cov(⊕

lf−1
u=0 ek+u) + bcov) (2.11)
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e = maxkcovk (2.12)

Where WcovεR
(d×lf )×df and bcovεR

df are training parameters, and φ(.) is a tanh func-

tion. Also, k = 1, ..., nw− lf + 1, and lf and df are hyperparameters that indicate filter

length and number feature maps respectively [70].

• Long Short Term Memory (LSTM): For a basic explanation of LSTM network’s ar-

chitecture refer to section 2.4.2.1. Using LSTM networks helps eliminate the gradient

vanishing problem in recurrent neural networks(Explained ahead in section 2.5.3.3).

Using the arXiv abstracts dataset3 to train models, the results show that the LSTM

networks outperform the other methods by a good margin.

2.5.3 Method

Sentence ordering for fact-bases in symbolic AI vary slightly from more traditional

summarization applications. For example, in situation calculus, a chronological order is

an important criterion than in triples for an ontology. To order sentences for the creation

of a factbase, we propose using a combination of two approaches. We use short stories

and novels as the data for our overall proposed research method. This means that there

are multiple aynchronous ”topics” focused on many subjects in the text. A combination of

topical clustering algorithms (which will handle grouping similar sentences together based on

the subjects, predicates and object being addressed in the sentence), and the neural network

approach (which orders sentences within those clusters in the appropriate order based on the

occurrences of certain words or characters in the sentence) has been used as the first step of

the SAAG workflow.

2.5.3.1 Topical Clustering + Improvements

An important step of a sentence ordering algorithm is grouping the sentences in the

corpus by their topic. Topical clustering is a technique that is applied in natural language

processing, especially to aid in multidocument summarization tasks [67]. But large text

corpora like novels and textbooks typically consist of multiple topics in the same document.

There has been research for topical clustering in asynchronous conversations (in blogs and

3https://arxiv.org/help/bulk_data

https://arxiv.org/help/bulk_data
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emails) [71]. The algorithm proposed in Joty et. al overcomes the flaws of traditional topical

clustering alogrithms. For example, using LDA for topical clustering only takes into account

the term frequency, where as using the bag of words(BoW) approach does not take into

account multi-party conversations [71].

In this contribution we adapt the existing topical clustering algorithms to first divide

the text corpus into various topics. Next these text segments are ordered by chronological

order. To create well ordered fact base, one of the important aspects is to arrange the facts

about every topic in right order (maybe a combination of various ways like chronological,

precedence or succession words), but the other essential aspect is to extract the subjects

and objects for any pronouns or indefinites by performing dependency parsing within the

topic clusters. While both are possible through known NLP techniques [67], we choose to

perform the former using a deep learning approach, since we have found this approach to

have a higher versatility at identifying factors that contribute to the order of sentences in a

narrative.

2.5.3.2 Neural Network Approach

The second step of our method is to order sentences for the construction of a fact base

using deep learning to train a model that can understand keywords that are important in

predicting the order of a sentence. This requires the creation of a data corpus with sentences

in the ”correct” order. For this purpose, we choose a text data corpus which follows a logical

order similar seen in fact bases and rules bases. Since scientific literature, instruction manuals

and textbooks follow a logical sequence of sentences in a similar manner to the contents of

fact and rule bases, they have been chosen as the training data for this experiment. Scientific

abstracts in particular are a perfect fit for this experiment, since they are already divided

topically, and resemble the results of topical clustering. Hence, we have chosen the ”arxiv

abstract dataset” as the training data for our models4.

Since it has been established that the best model for order prediction is to use recurrent

neural networks with long short term memory [70], we used this neural network architecture

as the baseline and attempted to improve the accuracy of the order prediction, by tweaking

the parameters and altering network architecture. As part of the future work, we plan to

4https://arxiv.org/help/bulk_data

https://arxiv.org/help/bulk_data


20

use capsule networks [77] to see if the accuracy from the convolutional neural networks can

be improved.

Encoding words in the text corpus is the first step of training a sentence order prediction

model. The word embedding vector’s dimensions will be decided empirically, after testing out

a range of possibilities to identify the optimum word vector size. After the word embeddings

have been created, the processed dataset is then used as an input for the neural networks.

2.5.3.3 Recurrent Neural Networks + Long Short Term Memory

Recurrent Neural Networks (RNNs) are known to accept sequential inputs, thus their

applications have been extremely successful when applied to natural language data [78]–[85].

A basic explanation on the working of RNN is provided in Section 2.4.2.

Long Short Term Memory (LSTM) networks were created to improve RNNs. One

disadvantage of RNNs is the vanishing gradient problem [86], where the gradient propagated

back through the network either decays or grows exponentially [87]. LSTM overcomes this

flaw and enables the neural network to learn long term dependencies. For information on

the LSTM architecture refer to section 2.4.2.1. Since LSTM networks have been shown to

be the most successful neural network architecture to learn sentence ordering [70], we use it

as the benchmark for our experiment.

Experiments - Word-level: We have created a recurrent neural network with LSTM to

predict the order sentences in a narrative. We have explored both word and character-level

embeddings for the text data. Our model takes a set of sentences as input and predict the

order for those sentences. The word-level LSTM model, has been trained on 1000 abstracts

and been tested on 300 abstracts. The embedding dimensions for the sentences have been

set to 500, while those for each word are set to 300. There are also 1000 hidden layers in

this network. We trained this model through 300,500 and 1000 epoch iterations. We have

observed an increase in the accuracy of the model as the number epochs. There has also been

an increase in the accuracy of the results based on the number of the abstracts included in

the training data. Since our dataset has a total of 41,000 abstracts, we gradually increased

the number of abstracts in the training data upto 4800 (until we hit a wall with our available

computational resources) to observe at what limit does the result come close to the current

state of art, which uses 884,000 abstracts to get the best results.
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Experiments - Character-level: We have also explored a recurrent neural network

with LSTM which accepts sentence inputs with character-level embeddings. This model

trains much slower due to the lower embedding level, and thus does not require larger

training dimensions. The overall model works identical to the word level model as far as

network architecture is concerned. But we tweaked the parameters to get preliminary results

and gauge the running time for the model. We are currently training an LSTM model with

character embedding dimensions set to 32 and sentence embedding dimensions set to 64. This

network also has a much smaller number of hidden layers at 128. We used this architecture

to train a model upto 4500 abstracts from 200 to 1000 epochs.

2.5.4 Sentence Ordering Evaluation

The evaluation metrics used for sentence order prediction are ”Recall-Oriented Under-

study for Gisting Evaluation”(ROUGE) and ”Bilingual evaluation understudy”(BLEU). For

this experiment we will compare the sentences generated by the different models using the

ROUGE-L, ROUGE-N and BLEU metrics.

• ROUGE-N: ”Rouge-N is an n-gram recall between a candidate summary and a reference

summary” [88],[89]. Rouge-N while used to compare two summaries, can also be used

to compare two text corpora with different sentence ordering. Rouge-N is computed

as follows [88]: ∑
Sε{ReferenceSummaries}

∑
gramnεS

Countmatch(gramn)∑
Sε{ReferenceSummaries}

∑
gramnεS

Count(gramn)
(2.13)

• Rouge-L: Rouge-L is calculated based on the Longest Common Sub-sequence (LCS) [90].

”Longest common sub-sequence takes into account sentence level structure similarity

naturally and identifies longest co-occurring in sequence n-grams automatically” [90].

• BLEU: BLEU (bilingual evaluation understudy) is an algorithm originally developed

as ”a method of automatic machine translation evaluation that was quick, inexpensive,

and language-independent” [91]. A BLEU score is calculated by comparing a candidate

translation to a good quality reference translation. When are the scores accross te

corpus are averaged, we reach the final BLEU score [91].
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2.5.5 Results

Our approach using LSTM neural networks to predict the order of the sentences in

a narrative produced promising initial results. But there were a few restrictions in the

execution of this experiment which prevented training of models that could beat the state

of the art models. Reasons for this include lack of robust computational resources to train

models for extended periods of time, and as a by product the time for each training cycle

taking exponentially longer to produce results. We also ran into a wall with anything more

than 5000 abstracts as a training sample, given the computational resources available at our

disposal. With the above bottlenecks the results produced by our training models can be

seen in Table 2.1.

Table 2.1: Results from the LSTM sentence ordering model.

Embedding
Training
Abstracts

Rouge-1 Rouge-2 Rouge-L BLEU

Word
Level

1000
f:0.29521
p:0.30375
r:0.30393

f:0.18191
p:0.18267
r:0.18313

f:0.26942
p:0.27510
r:0.27546

19.53433

Word
Level

2500
f:0.30013
p:0.30910
r:0.30850

f:0.18666
p:0.18787
r:0.18784

f:0.27420
p:0.28044
r:0.27987

19.58148

Char Level 2500
f:0.3150
p:0.3237
r:0.3229

f:0.2061
p:0.2074
r:0.2071

f:0.2903
p:0.2957
r:0.2958

21.4815

Word
Level

4800
f:0.428711
p:0.43501
r:0.43582

f:0.33390
p:0.33484
r:0.33527

f:0.40424
p:0.40981
r:0.40964

34.6301

Char Level 4500
f:0.31347
p:0.32195
r:0.32375

f:0.197021
p:0.197767
r:0.198859

f:0.28703
p:0.29260
r:0.29425

20.81765

2.5.6 Conclusion and Future Work

The results were slowly improving with every iteration, as the number of training

abstracts were increased. But we were unable to beat the state of the art with our model,

but the results produced by the model were enough to order the sentences in the narrative

into a fact base. Because of the above reasons, the sentence ordering model, while being an

important step in the SAAG workflow (depending on the language used in the knowledge
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base and rule base), is not considered a contribution to this thesis. Instead, we use the

existing models from a state of the neural network LSTM model introduced in Chen et al.

(2016) [70].

Given the ability to fund adequate computational resources and thereby reduce train-

ing time, future work for the sentence ordering step includes training the LSTM models

with more abstracts and testing out the accuracy and effectiveness of the predictions. Along

with this, we plan to explore other types of neural network approaches untested for sen-

tence ordering and see how they compare to the state of the art LSTM model. Among the

other approaches, we specifically would like to explore creating Capsule Network models for

sentence ordering.

2.5.6.1 Capsule Networks

Convolutional neural networks (CNNs) are among the most successful and commonly

used network architectures in deep learning applications, which have performed well with

image, video and text data [76],[92]–[99]. But the CNN architecture though has been known

to have some flaws. CNN models perform very well when classifying images which are similar

to the training data, but this performance worsens when the test dataset contains images

with significantly different orientations or transformations than what is seen by the model.

The Capsule Network (CapsNet) Architecture overcomes this flaw.

”A capsule is a group of neurons whose activity vector represents the instantiation

parameters of a specific type of entity such as an object or an object part” [77]. The CapsNet

architecture introduced in Sabour et. al consists of a shallow neural network containing two

convolutional layers and one fully connected layer [77]. The convolution layer is composed

of 256, 9× 9 kernels with a stride of 1 and ReLU activation [77]. The second convolutional

layer contains ”Primary Capsules”, which are the lowest level of multidimensional entities.

This capsule layer is composed of 32 channels of convolutional 8D capsules. The last layer

has one 16D capsule per class and these capsules are fully connected to the capsules from

the second layer. Using CapsNet has pushed the boundaries on what neural networks can do

with image data [100]–[103], but there has not been many applications of CapsNet focused

around text data. Since CNNs perform well on text data, we make the assumption that

CapsNet may also be able to perform assigned tasks like sentence ordering. Thus as part of

the future work, we plan to create a CapsNet Architecture to learn sentence ordering from
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a selected text corpus and compare the accuracy of the predictions made to the results from

the benchmark.

2.6 Information Extraction

”Information Extraction is an area of natural language processing that deals with

finding factual information in free text” [104]. ”Information Extraction is the process of

identifying within text instances of specified classes of entities and of predications involving

these entities” [105]. Even in a limited domain, Information Extraction is a non-trivial task

due to the complexity and ambiguity of natural language.

2.6.1 Types of Information Extraction

Information extraction helps create a structured representation of the free text data.

The following are broad tasks included in information extraction [104]:

• ”Named Entity Recognition addresses the problem of the identification (detection)

and classification of predefined types of named entities, such as organizations, persons,

place names, temporal expressions , numerical and currency expressions” [104],[106].

• ”Co-reference Resolution requires the identification of multiple (co-referring) men-

tions of the same entity in the text” [104].

• ”Relation Extraction is the task of detecting and classifying predefined relationships

between entities identified in text” [104].

• ”Event Extraction refers to the task of identifying events in free text and deriving

detailed and structured information about them, ideally identifying who did what to

whom, when, where, through what methods (instruments), and why” [104].

2.6.2 Event Extraction

Event extraction techniques can usually be classified into 3 types, based on the method-

ology [107]:

• Data Event Extraction solely relies on quantitative methods to discover relations [107].

• ”Knowledge Event Extraction: Knowledge-driven text mining is based on patterns

that express rules representing expert knowledge” [107].
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• Hybrid Event Extraction: In most applications, it is difficult to stay within the

boundaries of either method [107]. Hybrid event extraction combines both techniques

to leverage the advantages of each.

2.6.3 Fact Extraction

A fact usually involves multiple entities and a relation to associate the entities. Wang(2016)

[108] describes the process of fact extraction as combination of ”Entity” and ”Relation Ex-

traction”. The algorithm described in his thesis, assembles the fact triples from the extracted

information. Additionally, Liu et al. describes ”an end-to-end approach for deriving triples

from natural language text” [109].



CHAPTER 3

CREATING RULES IN TEXT FORM BASED ON A

NARRATIVE USING CROWDSOURCING

3.1 Introduction

Jeff Howe coined the term ”Crowdsourcing” in 2006, and defined it as ”an idea of

outsourcing a task that is traditionally performed by an employee to a large group of people

in the form of an open call” [110]. Crowdsourcing was used to complete tasks that were

deemed easy for humans but were still difficult to ”computerize” (automate) [111].

Yuen et. al 2011 [111] presented a taxonomy of crowdsourcing methods in a survey pa-

per. According to the authors, crowdsourcing work has most often focused on computational

techniques such as creating applications, algorithms, datasets, and performance analysis for

these or other computation systems [111].

Crowdsourcing methods are used to create datasets either as a standalone research

output, or used for various applications or data models. Most dataset creation efforts have

been focused around entity tagging or annotations.

Crowdsourcing services like Amazon mechanical turk5 have been used for NLP tasks

with some success [112],[113]. Zooniverse6 [114] has also been gaining visibility as a platform

for people-powered research. Using such platforms, scientists have been able to create high

quality datasets that drives their research [115]. Crowdsourcing the creation of the training

dataset for our SAAG workflow is essential in producing a well defined, logical, and relatively

complete dataset as compared to those automatically extracted from text, since they miss

the implicit rules in the text.

3.2 Crowdsourcing Dataset Creation

Finding datasets that can be used in an automated or semi-automated axiom generation

workflow has been an extremely difficult task. Hence, our ongoing work includes the creation

of such a dataset. The training data for future supervised axiom generation models involve

the creation of both the rule base and the fact base. The fact base would contain a sequence

of actions, events and situations that take place in a defined world at a specified instance in

5https://www.mturk.com/
6https://www.zooniverse.org/
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time. The rule base needs to contain the rules that define future course of action based on

the fulfillment of certain conditions within a specified scope.

Data Collection has been a common task in a crowdsourcing experiment [111]. For the

purposes of the proposed experiment, crowdsourcing is an essential method to achieve the

completion of a set of ’knowledge base - rule base’ corpora. The creation of a previously

unavailable dataset will be a contribution to the artificial intelligence domain as a whole.

This dataset can be used to train models on domain understanding and to find mappings

between entities in the knowledge base to those in the rule base (See Chapter 7 Future

Work).

3.3 Background

Researchers need to clearly define certain components of crowdsourcing while docu-

menting the methodology. We consider the methods described by Keating and Furberg

(2013) [116] as these components.

• Goal of Research: Clearly articulate the aim of the experiment and the reason crowd-

sourcing is the optimal solution.

• Target Audience: Different crowdsourcing tasks require different types of participants.

It is very important to choose a participant qualified to perform the task assigned

to them. For example, classification of hurricane images requires an expert in earth

science.

• Engagement Mechanisms: Identifying the target audience in turn aids in providing

them with the appropriate motivation for participation.

• Technical Platform: The technical platform is an essential step in the crowdsourcing

process and is highly dependent on the motivation for the participant to stay engaged.

• Data Quality: It is important to know whether the data collected as a result of the

experiment meets the expectations of the researcher and falls in line with the original

research goal.

Rosenstiel (2007) introduced a simple model describing the activation of human be-

haviour called ”Motive-Incentive-Activation-Behaviour” (MIAB) model [117]. Participation
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in crowdsourcing activities requires influencing participants to take action, and thus follows

the MIAB model.

Motivation and Incentives may be linked strongly to each other depending on the use

case and the technical platform in consideration. Motivation, which may be intrinsic or

extrinsic, can be defined as ”the reason for acting or behaving in a particular way” [118]. In-

trinsic motivation refers to acting while fully understanding the value of an activity and

performing these actions simply for achieving fulfillment through the completion of the

task. Extrinsic motivation on the other hand is the scenario where participants need ex-

ternal incentives, for example direct or indirect monetary compensation or other forms of

recognition [119]. Crowdsourcing platforms like amazon mechanical turk use monetary com-

pensation as an incentive. This kind of motivation is completely extrinsic and thus it is

easier to motivate participants irrespective of the task assigned to them. For this purpose,

it becomes important to set an appropriate amount for the compensation. Other crowd-

sourcing platforms like ’Zooniverse’ provide participants with an opportunity at authorship

with their contribution to the experiments. Although extrinsic, this type of task requires the

participant to be interested both in the incentive and the motivation behind the experiment

itself.

Activation refers to the participants’ decision to act. This may be a result of the

motivation and incentive set by the researchers. Once the participants have taken action,

the next important step is to continue to keep the participant engaged in the activity. An

example of this would be to provide the participants with a topic of task that interests them

or for there to be a game-mechanics or other user interface components to keep the activity

going. Sometimes, services like mechanical turk are treated like jobs that pay per task.

In the context of crowdsourcing, behaviour refers to setting and if possible controlling

the desired outcomes of the crowdsourcing task. This part of the MIAB model also involves

setting the specific standards for what results are considered ”acceptable” and thus decides

which participants are rewarded, since one of the issues with crowdsourcing is participants

that simply finish their task with very low standards and accuracy and have very little or

no influence on the results.
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3.3.1 Data

For this experiment, we use a collection of short stories from Project Gutenberg7.

Project Gutenberg is a library of over 60,000 free eBooks, the vast majority of which are

in the public domain in the US. No permission is needed to credit cite or link to Project

Gutenberg as the source, even for commercial use. For this experiment, we have used short

stories from Project Gutenberg scraped into 2 corpora:

• Gutenberg Dataset: ”A corpus of 3,036 digitized books written by 142 authors from

Project Gutenberg” [30].

• Kaggle Project Gutenberg Dataset: A collection of 1,002 stories compiled by Kaggle

user Shubh Chatterjee8.

From a combination of 4,038 stories, we created a subset of short stories based on the

character count, since we wanted to keep the reading time for this stories under 20 mins.

When choosing stories of 40,000 characters or less, we have selected a total of 668 short

stories for the crowdsourcing experiment. 100 of these stories have been randomly chosen to

publish on Amazon mechanical turk as part of the crowdsourcing experiment.

3.3.2 Limitations

Crowdsourcing, while known to create a high-quality dataset relatively inexpensively [115],

does have a few pitfalls considering the specific goal of our dataset creation task. Creating

rules for a GOFAI system requires :

• knowledge about symbolic AI,

• knowledge about the language in which the rule base is written, and

• comprehensive knowledge of the world defined in the fact base.

3.3.2.1 Solutions

In order to overcome these issues, we have decided to use novels and short stories as

the domain of choice for this dataset creation task. Novels and short stories typically create

fantasy world that do not need any background knowledge for the average crowd-sourced

7https://www.gutenberg.org/
8https://www.kaggle.com/shubchat/1002-short-stories-from-project-guttenberg

https://www.gutenberg.org/
https://www.kaggle.com/shubchat/1002-short-stories-from-project-guttenberg
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researcher to understand the world. Thus, it becomes easy for them to write rules that

bind the actions and situations that occur in that world. Another benefit of using novels

and short stories is that every story would typically contain different rules from each other.

For example, in certain stories humans can fly, while in other dragons exist, and in some

other animals can talk. Our hypothesis is that such diversity in the rules of various ’worlds’

would help generalize the training of the model and thus prevent overfitting by constantly

generating rules with an extremely small world as the setting.

Another way to circumvent writing rules for an expert system, which has a steep

learning curve, would be to :

• Set some constraints in the form of the rules

• Have the user write the rules in plain text form.

3.4 Method

While many non-experts may not be knowledgeable about writing executable axioms

in various languages like prolog, RDF/XML etc. A crowdsourcing participant who knows

about the world defined in a novel or short story, can define the rules that govern that

world. The easiest way for the participant to document these rules is in natural language

form. Thus, as part of this crowdsourcing dataset creation task, our plan is to :

• Give the user a set of short stories.

• Ask the user to write a set of rules for each story. (We will provide the user with

detailed examples of rules written for other short stories that they may be used as

reference to create these rules.)

• We then process the contents of the short stories into a factbase, using the technique

described in the section.

• We also process the rules base by separating out the content of the rules into the

antecedent and consequent and later deducing the relationship between the concepts

used in the rule.
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3.5 Incentive

Mechanical turk works on a monetary incentive system. The amount of the money

provided per task, is decided by the researcher and the participant gets compensated through

the portal. Mechanical turk charges a commission fee which adds upto 20% of the fee assigned

by the researcher. This fee doubles when the number of assignments per participant is above

109.

The crowdsourcing experiment designed as part of this thesis, involves a task with

2 main parts. The first part is to read a short story presented to the participant. After

the participant has finished reading the story, the next part of the task is to document

the rules for the domain/world described in the story. The detailed explanation for what

these rules are and how they should be written will be provided to the participant, with

some examples. Since the task is fairly simple and does not require any expertise from the

participant, there is no specific age or qualifications required for the participants of this

experiment. While simple, this task maybe slightly time consuming, depending on how long

it takes the participant to read the short story. For these reasons, we have set an incentive

of upto $0.50 as a reward for each task.

3.5.1 Incentive Adjustment

The requirements for the successful completed task have been decided and documented

in this section. The stories selected are fairly simple to read and do not require any expertise

on the part of participants. Also many of the stories are fairly well known, since they are in

the public domain and have been published a long time ago. If the participant acknowledges

that they have already read the story in the past, then they may skip the first part, but they

will only receive 1/5th of the compensation promised.

The overall compensation has been decided, depending on the length of the story

selected randomly for the participant. This is an optimal way of handling the incentive,

since the time required to read the stories and the resultant task of writing the rules vary

significantly based on the story length.

9https://requester.mturk.com/pricing
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The requirement for the obtaining the full compensation is a threshold of 10000 char-

acters. The exact compensation can be decided based on the following formula:

Comp =
Nchar

Charmax
· Compmax (3.1)

Where,

Comp = Calculated compensation,

Compmax = Maximum Compensation decided by the researchers,

Nchar = Number of characters in the story,

Charmax = Maximum characters set as threshold.

3.6 Curation and Evaluation

Datasets collected by crowdsourcing are high in quality. It has been observed that

variance in the compensation amount does not significant affect the quality of the re-

sults [115],[120]. The results gathered by this experiment need to be curated and then

evaluated for its use in the next step of this thesis, since the main goal of this thesis is to

create rule base for a given knowledge base. The rules defined by the participant are in plain

text form and will be converted into their logical representations in the next part of this

thesis. Thus the evaluation has to focus on the accuracy of the statements in creating a rule

base.

Evaluating a set of rules written by humans for a particular topic is qualitative in

nature. One potential method is to crowdsource the evaluation of the rules created by

another participant. Crowdsourcing evaluation methods is a fairly common method [121]–

[124]. Other methods used include [125]:

• Expert Evaluation : A good way to evaluate the output from the experiment is to have

a domain expert curate the data. Although it is a method to obtain accurate results,

it is hard to scale up this approach, since there has to be a large number of experts to

evaluate the results from crowdsourcing experiments.

• Voting/Rating Mechanism : The scalability issue can be resolved by using a voting

or rating mechanism for other participants in the crowdsourcing experiment. While
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overcoming the scalability issue, this does reduce the reliability of the evaluation, since

the participants don’t necessarily have expertise in the domain used in the experiment.

• Third party evaluation : Certain third party organizations help evaluate the quality

of results. These organizations offer detailed evaluation of the results but may take a

long time to produce results and they would cost additional money, which cannot be

afforded by many researchers.

We propose the evaluation of results obtained from the crowdsourcing experiment be

conducted in two parts. First an expert evaluation of the results has been conducted on the

text results of the amazon mechanical turk HITs(Human Intelligence Tasks). This evaluation

step is conducted to accept or reject entries submitted by mechanical turk (mturk) workers.

An expert evaluation of the rules produced by the mturk workers is based on a few guidelines

and examples set by the requester at the beginning of the experiment, along with examples

of both good and bad results. A few of the categories examined for this expert evaluation

are:

• Rule form: We look for rules broadly in 2 forms. A ”simple” rule, where a condi-

tion/fluent is stated to be true or false for the given world. And a ”complex” rule,

where a conditional trigger is presented and the result of how the world is affected by

that trigger being fulfilled is also document.

• Grammar and Mistakes: We look for rules with good sentence construction and correct

grammar and no spelling mistakes or incomplete sentences.

• Specificity: Another important aspect considered in approving mturks HITs is the

usage of concepts/agents, actions and relations in the rule. It is best for the rule to

explicitly mention the concepts used in the knowledge base and avoid use of ambiguous

pronouns and indefinite words.

We rejected HITs that do not meet the 3 criteria mentioned above. Other than the

criteria which apply to most entries, there were other submissions that were immediately

rejected because they submitted rules that only contained garbage phrases, or direct excerpts

copy-pasted from the story. The results from the first batch published indicated that out of

the first 60 HITs, 28 had to be rejected for not meeting these criteria. But with the lessons
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learnt from this batch we updated the instructions and have seen a higher amount of success

in the submissions since then.

Since the major purpose of the evaluation step is to create rules for a knowledge base,

we propose that the evaluation method should be focused on that aspect. The second step

of the evaluation for the rules will be conducted after the text results of the crowdsourc-

ing experiment has been converted to formal rules. Detailed explanation of the evaluation

method and metrics used will be documented in the Chapter 6.

3.7 Potential Issues

Crowdsourcing works on the principles of:

• dividing a large task into small parts and combining the individual results into achieving

a large and high quality result, and,

• the combined opinion of large group of participants is typically better than that of one.

It also overcomes the potential biases of a single researcher.

But crowdsourcing is known to sometimes return vast amounts of noise that maybe of

little relevance to the task [125],[126]. Quality checks and evaluation methods as described in

the previous section each attempt to overcome some parts of the issues of crowdsourcing, but

do not solve all of them. Thus mixed method approaches are preferred, and these methods

are usually customized to the need of the individual projects and experiments.

3.8 Results and Conclusions

We successfully conducted a crowdsourcing experiment where amazon mechanical turk

participants were asked to write rules for a given story. We used 65 randomly selected stories

from the databases described in section 3.3.1. 3 participants were asked to write rules for

each story. Each participant was asked to write a minimum of 5 rules, and a maximum of

20 rules for each story.

These results were meant to be processed into formal situation calculus rules using

NLP based techniques. However, there were many inconsistencies in these results that led

to difficulties in processing these sentences into situation calculus rules. We thus had to

examine these inconsistencies, elaborate on their causes and how to fix these rules so that
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they may be useful in creating formal situation calculus rules. In chapter 4, we explore why

the results of our crowdsourcing experiment were inconsistent, what were the inconsistencies

in these results, what was our takeaway from running this experiment, and what we did to

fix these inconsistencies. The exploration we conducted based on the inconsistencies of the

crowdsourcing experiment actually led to some interesting findings which is a contribution

to this thesis.



CHAPTER 4

OBSERVATIONS ON AUTOMATED AXIOM GENERATION

WHEN CROWDSOURCING IS AN INADEQUATE PROXY

FOR HUMAN EXPERT IN THE LOOP

4.1 Background

In this thesis, we create and execute a semi-automated method for axiom generation.

The 3 major components of this method are: 1) A sentence ordering model to arrange

sentences in the data similar to those seen in a situation calculus knowledge base. 2) Crowd-

sourcing based method for writing rules in text form. 3) Using NLP and Deep Learning

methods to extract formal rules from the results of crowdsourcing.

The original intention of using crowdsourcing for the axiom creation was 2-fold. 1)

There exists no ”Rule base, Knowledge base” combination dataset to train a completely

automated model. 2) In order to create such a dataset, we need human intelligence as part

of a method that is not completely manual.

But general crowdsourcing services have participants who do not have expertise in:

1. Symbolic AI

2. Situation calculus (or any language in which axioms are created)

3. The domain defined in commonly used knowledge bases.

We overcome this by:

1. Set some constraints in the form of the rules.

2. Have the user write the rules in plain text form.

3. And most importantly choosing short stories and novels as the domain for axiom

generation experiment.

4.2 Observations (Lessons Learnt)

After conducting the experiment to use crowdsourcing to obtain rules for a narrative,

a few interesting results came to light. This chapter covers the results of the crowdsourcing

36
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experiment, an evaluation of these results and observations of these results. Based on these

results we also make a case for crowdsourcing being an inadequate proxy for human experts,

even in cases where domain expertise is not required.

4.2.1 Rules from the Crowdsourcing Experiment are Inconsistent

While developing the workflow for crowdsourcing experiment, potential sources of un-

certainty were identified and solutions addressing these sources of uncertainty were docu-

mented in Section 3.3.2, 3.3.2.1 and 3.7. But even with precautions in place for different rule

outcomes (i.e. contradictory rules), according to the criteria set forth at the workflow design

stage was the grammatical and linguistic consistency of the rules written by the participants

of crowdsourcing experiment. This assumption however failed to meet the standards required

for the larger thesis methodology. The resultant rules show inconsistencies in references to

instances, classes, events etc. While accommodations for the traceback of these occurrences

were made by inclusion for conference resolution, lemmatization and spell check functions

in the work following the results of the crowdsourcing experiment and its NLP based ex-

traction, the inconsistencies in the linguistic and grammatical variances (and many a time

errors) making it very hard to generalize and create an automated or even semi-automated

solution for this problem. This along the with sentence formatting errors seen in the results

of the crowdsourcing experiments, like missing punctuations or incomplete sentences, make

NLP based extraction even harder because they result in confusing and sometimes mislead-

ing dependency parsing results. For example, ”had the author never met Mr. Hammer the

event would have never occurred in the first place.” results in a dependency parse with 2

objects and no subjects in the LHS of the complex rule. The addition of one ’,’ fixes this

issue. The correct sentence would read as ”Had the author never met Mr. Hammer, the

event would have never occurred in the first place.”

Human experts performing this task would not be required to write the rules in natural

language text, and could skip straight to writing rules required in the language of their choice.

Thus saving time and effort in the longer run.

4.2.2 Curation Takes a Long Time

An unexpected outcome of this experiment was just how long it took to curate the

results. Curators need to at least skim the story before or during the curation and rule
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evaluation process. They also need to check if the rules fit certain criteria (described in Sec-

tion 3.6) and individually approve each of these attempts. Additionally, given how amazon

mechanical turk’s workflow, paying out bonus is an additional step that needs to be stream-

lined. Given the lack of record keeping in the mturk UI, this is a time-consuming process.

For further details on length of human evaluation of rules check section 4.3.2.1.

4.2.3 Axiom Boundaries are Difficult to Frame

The frame problem is one of the oldest ones in situation calculus (see Section 2.3.4), and

there are solutions available. But given our attempt at (semi-)automation and generating

axioms through a non-traditional method, this problem resurfaces, and future work will need

to include a way to mitigate this problem.

One of the key explorations in the future work section of this thesis (see Section 7.4) is

a deep learning-based axiom generation model. Using this method, the frame axioms would

ideally be included in the training data. But since there is no such data available, and we

are using crowdsourcing to first create this dataset for the AI community at large to attempt

to explore this area. But in such a case solving the frame problem becomes important.

And because of the novelty of the method for the creation of this dataset, this yet unknown

solution will also be a novel contribution. It may be based off Ray Reiter’s existing solution

but needs to be adapted to fit into an automation or crowdsourcing based workflow. The

evaluation may need to address this as well as part of the future work, especially in the

situation calculus domain.

4.2.4 Rule Extraction Has High Complexity

”Even in a limited domain, Information Extraction is a non-trivial task due to the com-

plexity and ambiguity of natural language” [104] (for more details see. Section 2.6). Rule

extraction, a type of IE, applies the principles as entity extraction, but is a more complex

endeavour, even compared to applications in triple extraction for knowledge base construc-

tion [108],[109]. Rule extraction has additional factors to consider in its identification of

the clauses, entities in the clauses, and relationships between the entities in each clause and

the overall relationship between clauses. This may be one of the reasons rules extraction has

not been attempted many times in the past, and even in the cases where rule extraction has

been attempted and been successfully performed, most of the work in this area focuses on
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extracting rules from text documents with formal language, that explicitly mention rules in

the text [22]–[29]. The concept of finding factual information from free text is still a com-

plex problem to solve because of the way humans generally write rules in natural language.

When given the option to write rules in an informal language, without the requirement of

expertise in the framing of rules (be it for writing axioms for a symbolic AI system or for a

medical or legal document). The formal nature of a document and the writing style makes

it possible to identify and extract patterns that emerge as a result. But since crowdsourcing

participants do not follow such patterns or fixed templates or writing styles, it is hard to

create a generalized method for the extraction of these rules.

4.2.5 Considered Choice of Fictional Stories and Its Potential Limitations

A cognizant decision was made to choose fictional stories from Project Gutenburg as

the data for our SAAG workflow. This was done because each fictional story would be its

own self-contained domain, and there may be limited chance of personal bias slipping into

such fictional settings. For example, a non-fiction book like the ”Art of War”10 contains

rules stated in the document explicitly and may be used to directly extract rules, but the

understanding, but people with prior knowledge and/or expertise in the subject may be

much more adept at identifying and writing rules for such books, which does not provide a

level playing for the crowdsourcing participants. Additionally, non-fictional books will result

in rules that document our current world and thus will create one large rule base that will

be difficult to scope down, because we are left with a very large number of rules most of

which will not be useful in reasoning for a given story.

However, choosing fictional books introduces its own uncertainties, as seen in the

lessons learnt section above (see section 4.2). The complexity of these stories made it harder

to evaluate the accuracy of the rules independently and made it difficult to identify the

boundaries of the domain. Both the complexity of the rules and the lack of boundaries for

the rule base are discussed in detail in sections 4.2.4 and 4.2.3 respectively.

4.3 Human Evaluation of Crowdsourcing Results

Since the rule outputs from mechanical turk are inconsistent and have grammatical and

other errors, we need to evaluate and fix these errors in the dataset. Since these errors can not

10https://www.gutenberg.org/files/132/132-h/132-h.htm

https://www.gutenberg.org/files/132/132-h/132-h.htm
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be generalized into any patterns to automate the correction of these errors, we developed a

manual evaluation method. This evaluation will be focused on the rules produced in natural

language text form. The evaluators will not be responsible for the conversion from English

(Natural Language) to Situation Calculus.

4.3.1 Evaluation Criteria

In this section we expand on the evaluation criteria briefly mentioned in section 3.6.

Our evaluation method observed each rule at 3 levels. If all the criteria in each level are

met, the appropriate label will be added and the evaluator will move on to the next level.

4.3.1.1 Level 1: Acceptable Criteria for Rules

Rule form: Evaluators will look for rules broadly in 2 forms. A ”simple” rule, where

a condition/fluent is stated to be true or false for the given world (i.e. A simple rule is

usually a statement that holds true or false in the story). For example, ”There is no sound

in a vacuum.” And a ”complex” rule, where a conditional trigger is presented and the

result of how the world is affected by that trigger being fulfilled is also document (i.e. A

complex rules are conditional rules, with ”if-then” or other conditions, and can be divided in

2 separate clauses). For example, ”If the wolf sees pigs, then wolf will chase after the pigs.”

Evaluators will mark the rule as ”simple” or ”complex” based on the above criteria.

Specificity: Another important aspect considered in evaluating rules is the usage

of concepts/agents, actions and relations in the rule. It is best for the rule to explicitly

mention the concepts used seen in the knowledge base and avoid use of ambiguous pronouns

and indefinite words.

If there is context for what concept the pronoun is referring to, then the rule is accept-

able. For example, ”If the wolf sees pigs, then he will chase after the pigs.”,”if abby is free,

she will feel better.”

If there is no context for the concept being referred to with the pronouns, the rule

should be marked as rejected. For example, ”If he doesn’t see the stop sign, he will continue

driving.”,”They play football every friday.”
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4.3.1.2 Level 2:Fixing Grammatical Errors and Sentence Construction Issues

Evaluators look for rules with good sentence construction and correct grammar and no

spelling mistakes or incomplete sentences. There are 3 types of conclusions for evaluators

checking rules for grammar and sentence construction.

• If the rule can easily be understood and needs minor changes including spelling/punc-

tuations or basic sentence construction fixes, then evaluators correct the sentence and

mark it as changed.

• If the rule seems difficult to understand or correct, then evaluators mark it as unusable.

• If evaluators find the rule difficult to understand based on the sentence construction but

the rule seems useful (i.e more context is needed for evaluators to approve or change

the rule), then they mark the rule as ”Undecided” in the Fixed Sentence column

(indicating an intention to use the rule, but that the evaluators are unclear on how to

fix the grammatical issues in the sentence).

4.3.1.3 Level 3:Labeling the Commonsense Rules

One advantage of ”Humans in the loop” methods is the ability to generate or identify

common sense statements, or even common sense rules. Creating programs that ”have

common sense” has been a goal of AI researchers for a long time [127]. According to

McCarthy (1960) [127], ”A program has common sense if it automatically deduces itself a

sufficiently wide class of immediate consequences of anything it is told and what it already

knows.” Researchers have been trying to create models that are able to identify common sense

since the 1960s. But automating this process still remains a significant challenge artificial

intelligence. Identification of common sense rules during the evaluation method described in

this chapter proves that crowdsourcing methods (and by extension methods with humans in

the loop) can be used to generate common sense rules, which when converted into situation

calculus show that common sense rules for a symbolic AI system can be generated using the

semi-automated method proposed in this thesis. In addition to proving the claims made in

the this section, these common sense rules can be used, either in its natural language form,

or in its situation calculus form, as part of a rule base during the designing other common

sense reasoning systems. For achieving the above results, we have added a third level in the

evaluation method. This step involves asking evaluators to label the crowdsourcing results as
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”CSR” (Common Sense Rule) or ”NCSR” (Not a Common Sense Rule). Since the evaluator

does not need to read the story from which these rules are generated, the CSR labeling is

done based on whether the rule is understood by the evaluator without having read the story

or without being provided any context for the story. If the rule does not follow common

sense, or the evaluator needs to actually read the story to verify the validity of the rule, then

the rule is marked as ”NCSR”.

4.3.2 Observations

4.3.2.1 Overview

For evaluating the crowdsourcing results, the outputs from amazon mechanical turk

were split into 9 batches with 20 rules sets each. Time taken to complete the evaluation

ranged between 1 to 3 hours. 7 of the 9 evaluators reported that the entire evaluation took

around 1 hour.

The results from the crowdsourcing evaluation are summarized in Figure 4.1. In fig-

ure 4.1, we can see the distribution of accepted and rejected rules, and the comparison of those

rules with the their properties (i.e. Simple/Complex and CommonSense/Non-CommonSense

Rules). When these properties are rendered in a Mosaic Plot, we see that a Majority of Rules

that were created in the crowdsourcing experiment were simple rules. Also, for the divide

between the CommonSense Rules(CSR) and Non-CommonSense Rules (NCSR), we can see

that a majority of the Simple Rules do contain common sense statements. The complex

rules on the other hand are even divided contain approximately the same amount of CSR

and NCSRs. Additionally, we can see that there is a positive correlation between ’Simple and

CSR’ and ’Complex and NCSR’. Inversely, there is a negative correlation between ’Complex

and CSR’ and a highly negative correlation between ’Simple and NCSR’.

The accepted rules are summarized in Figure 4.2. In figure 4.2, we can see that most of

the simple rules did not need to be fixed during the evaluation process. The complex rules,

especially the NCSRs had errors and needed their sentence construction fixed.

4.3.2.2 Individual Rule Observations and Limitations

While the majority of the corrections involve addition of missing articles, spelling

mistakes and fixing typos, there are some interesting examples of ”fixed rules” that highlight



43

the limitations of the crowdsourcing approach and of an objective evaluation method like

the one described in this chapter, section 4.3.

A pattern seen in the rules produced during the crowdsourcing are an inconsistency in

the concepts being referred to in the rules. For example in a set of rules referring in the story

”A gift from earth”11, the residents of the planet of Zur are referred to in a few different

ways. The rules ”Zurians and Humans are identical physically.”,”If the Earthmen come,

the people of Zur will talk about them.”,”If anyone on Zur acquires metal, then he or she

will become rich.” each uses a different referring to the same concept. Such inconsistencies

become especially difficult to identify or not curated by an expert in the domain (knowledge

about the story), but also an expert in the writing rules for AI systems. Even if this problem

is not fixed at this stage, bringing consistency to these concepts will need a whole new set of

rules or relationships added manually to identify to the system that the 3 concepts are one

and the same.

Another limitation of rules written using crowdsourcing is the lack of boundaries for the

domain for which rules are being written. The rules input for a story will include important

information that cannot be directly obtained by the reading story, but it is improbable

to estimate how many rules are needed to efficiently run an expert system. While this is

normally the case for even traditionally created expert systems (with expert input rules), in

such systems experts are able to prioritize the most important concepts and rules that need

to be added to the rule base in order to run the system smoothly. With crowdsourcing, even

though one may produce a large quantity of rules by creating multiple HIITs for each story,

prioritization of these rules is not possible. Thus there is a chance that researcher may end

up with a set of unimportant rules, while missing some key rules.

A repeating comment from evaluators of the crowdsourcing results, were that there were

multiple instances where a ”rule” as output by the crowdsourcing experiment participant

actually contained 2 or sometimes 3 distinct rules. These rules were not conditional in

nature, and thus could not be classified as a complex rule. In these cases, one can identify

the number of rules an output breaks into, but actually splitting these rules into 2 or 3

sentences would be the same rerunning the crowdsourcing step in the scientific workflow,

and thus cannot be fixed during the evaluation step. This is because we need to separate the

rule generation to rule evaluation, in order to avoid confirmation bias in the final results of

11http://orion.tw.rpi.edu/~anirudhprabhu/ShortStoriesForMturk/AGiftfromEarth

http://orion.tw.rpi.edu/~anirudhprabhu/ShortStoriesForMturk/ A Gift from Earth
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the experiment. Examples of such results include ”Mark breaks up his time into mornings,

afternoons and evenings.”, ”If bodily damage happens, the body will repair itself quickly

and efficiently if people receive the cancer treatment.” etc.

The full set of evaluated rules can be found in the appendix in section D.

4.4 Crowdsourcing in the Context of Expert Replacements

Crowdsourcing has been used to complete tasks that are deemed easy for humans,

but are still difficult to ”computerize” [111]. Crowdsourcing platforms have been used

create high quality data that drives research [115]. Commonly used crowdsourcing tasks in

mechanical turk include Surveys, Image Classification, Image Tagging, Sentiment Analysis,

Emotion Detection, Audio transcriptions, Search Relevance etc.

Crowdsourcing methods have boasted some successes over the years [112],[113],[115],[

128]–[136]. In figure 4.3, we compare the various crowdsourcing applications based on the

complexity of the task assigned to the participant and the likelihood of the results being

used as part of an automated workflow. The bottom left quadrant of figure 4.3 is empty as

expected, since a simple task which is not used in an automated workflow need not employ

crowdsourcing to achieve its results.

As seen in the top left quadrant of figure 4.3, most crowdsourcing experiments that

have claimed to be a success have been used to in application environments with fixed needs

or where there is an urgency in the requirements. For example, tasks like identification of

contents of an image, or classifying images, videos or text require decision making in a fixed

domain, i.e. the participant identifies that multimedia content given to them belongs to

one of n types pre-decided by the requester. Such tasks that create a bounding box for the

participants performing their tasks are more commonly used in crowdsourcing and rarely

require expertise or formal training in the experiment being performed, or context provided

for the larger use case driving the tasks assigned to the participants of the crowdsourcing

study. Thus an extrinsic motivation like monetary compensation provided for each com-

pleted task is usually enough for these studies. The success of crowdsourcing platforms like

Mechanical Turk and others that follow a similar model exemplify the frequency of such

studies conducted [115]. These studies are usually part of workflow that involve using these

result to be machine read and applied to descriptive, predictive or prescriptive models.
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When participants are asked to give their opinions on various topics, like those seen

in free text surveys (without fixed options), add complexity to the situation by asking the

participants to perform tasks beyond common identification, classification or transcription.

In these cases, the participant is asked to provide their opinion on a topic presented to

them, and this exhibit their interest, understanding and articulation skills on a specific top-

ic/question. The variance in answer length, specificity and eloquence in these experiments

is testament to the complexity of such tasks. Even if the ”quality” of the answers provided

in such surveys and crowdsourcing experiments does not affect the success of these experi-

ments, because the goal of these experiments is to gain opinions and answers from a wider

demographic of participants to somehow explain the views of a population sample about

a specific topic or to make generalized policy decisions. In such experiments too, expert

opinions are not needed during crowdsourcing stage of the workflow, because the role of

the expert is examine and interpret the results gained from the crowdsourcing study. Such

experiments can be seen in the bottom right quadrant of figure 4.3. In addition to such

tasks, the bottom right quadrant of figure 4.3 also shows tasks like semantic segmentation

or image summarization, where the results from crowdsourcing are used as the final result

of training model and not as part of an automated workflow.

But there are experiments where crowdsourcing tasks require the participants to ex-

hibit their interest, understanding and articulation, and crowdsourcing study is just a part

of a larger computational workflow (as seen in the top right quadrant of figure 4.3). The

crowdsourcing experiment performed in this thesis fits this category perfectly. Such exper-

iments which ask participants to perform complex tasks where results affect the outcome

of workflow use crowdsourcing to replace expert participation in the experiment. Replacing

experts with crowdsourcing can not be done for reasons, such as:

• Experts require a larger monetary compensation for the task compared to general

crowdsourcing participants.

• There aren’t enough experts to perform the task for the study.

• With only a few experts, there is a chance that some of the expert’s views and biases

may slip into the system. because of the previous 2 reasons, it is also difficult to

aggregate over a large number of rules from a number of experts.
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4.4.1 Boundaries of Crowdsourcing Tasks and Their Success

Based on our observations (see section 4.2) from the crowdsourcing experiment detailed

in Chapter 3, we can see that applying to crowdsourcing as a replacement to experts-in-the-

loop has significant issues, and thus does not produce high quality results. Our assertion

based on these findings is that crowdsourcing is an inadequate proxy for experts in the loop,

and should be avoided in tasks where participation is considered as expert replacements.

This is because the problems in the quality of the data collected from such experiments

requires much more work to evaluate, clean and process the data for future tasks in the

scientific workflow.

Thus, the success of a crowdsourcing experiment depends on how the task is organized,

and the scope of that task in the larger the scientific workflow. Research designing crowd-

sourcing studies should be cognizant of these boundaries, and how they affect the success of

the experiment.

4.5 The ”Humans in the Loop” Discussion and ”Experts in the

Loop” Distinction

Most AI researchers, especially those using machine learning methods, focus on au-

tomating predictive models based on the training data available [137]. Automated ap-

proaches benefit from and usually require large training datasets. However in many cases

there are either very small datasets or largely incomplete (sparse) or undocumented datasets

available, and in some rare cases (like this thesis) there are no datasets available for cer-

tain explorations. In such cases, building an automated workflow becomes insufficient (and

sometimes impossible) to gain scientific insights from the data. Here scientific workflows

can benefit from human input to reduce the difficulties faced by lack of usable data for ma-

chine learning or other artificial intelligence applications in the fields of Natural Language

Processing, Pattern recognition etc where human input can help shape the training data

either through labeling or tagging. Workflows that require benefit from human interaction

and input are called ”Humans in the loop” (HITL) workflow. In literature, HITL has of-

ten been conflated to include domain expertise, or expertise in the field of the data being

trained, and input or opinions from laypeople who are asked to participate in studies, surveys

etc [137]–[139].



47

While the concept of ”Experts in the loop” (EITL), is gradually being used and rec-

ognize in the recent years [140],[141], especially in the field of Health Informatics and

Medicine [142]–[144]. Researchers have not delved into the various uses, advantages and

limitations of experts in the loop. Infact, most of the literature reviews of HITL approaches,

either imply that experts can include domain experts [137], or mention it as fitting under

multiple sub-categories of the HITL framework [139]. There needs to be better documen-

tation of the experiments and workflows using EITL, so as to understand under what cat-

egories, EITL would be beneficial to the scientific exploration over the broader HITL, or a

fully automated workflow. The experiments conducted on crowdsourcing and our examina-

tion of its results have shown that there are definitely boundaries of the HITL, and EITL

would resolve the issues faced during the crowdsourcing experiment. Defining the entire

EITL framework, and documenting the boundaries of the approach, including advantages,

limitations and decision making criteria is currently out of scope for this thesis, the future

work that has emerged from this experiment is the use this experiment as a starting point

to compare HITL and EITL in various applications and various domains.

While fleshing out the role of experts in scientific workflows, it is important to also

define (or at least articulate) what an ”expert” is, in the context of the research area and

the level of automation in the workflow. Weinstein (1993) argues that ”there are two kind of

experts: those whose expertise is a function of what they know (epistemic expertise) or what

they do (performative expertise)” [145]. In the design of modern scientific workflows, the

requirements for the type of expertise may include either type identified by Weinstein or a

combination of the 2 types. Hence, we propose considering expertise as a spectrum ranging

from amateur enthusiast to leading expert. When experts are being chosen during the

creation of workflows in an interdisciplinary settings, ”the desired outcome of the workflow”

and ”the time and resources available to train participants in the loop” are key factors

that go into deciding the need level of expertise of the participants in a scientific workflow.

For example, in the SAAG workflow proposed in this thesis, if the participants may have

additional training in NLP or an understanding about the context of the axiom generation

workflow, then we may be able to reduce the inconsistencies exhibited in the crowdsourcing

results due to the informal language used by the participants in their rules. But that would

require significant amount of time and resources invested to train the participants on the

above mentioned topics. Thus, it would be a better choice to have experts who already
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have formal training in the NLP and knowledge about symbolic AI to participate in the

axiom generation workflows, either to write rules or to curate the written rules for a given

knowledge base.

4.5.1 Citizen Science Explorations and Their Boundaries

According to Hossain and Kauranen (2015), crowdsourcing applications can be grouped

in the following areas [146]:

• Idea Generation : Participants are encouraged ”to submit new ideas and the best ideas

are selected” [146]. Sometimes ”crowds can outperform professionals in many levels of

new product ideation” [146],[147].

• Microtasking : Microtasking is a ”system in which users are assigned to complete small

tasks for monetary or non-monetary rewards [148].

• Open Source Software : In Open Source Software development, continual active as-

sessment of inputs by the community increases software quality” [146].

• Public Participation : ”Public participation via crowdsourcing can engage a wide

range of people and it can facilitate an open dialogue between citizens and decision-

makers” [146],[149],[150].

• Citizen Science : ”Citizen science is a form of collaborative research in which the

participation of crowds is utilized in solving real-world problems” [146],[151].

• Citizen Journalism : ”Citizen journalism is an alternative media, which is turning to

the crowds for Internet journalism” [146],[152].

• Wikies : ”Wikies facilitate online work in collaborative environments using a global

network of volunteers” [146].

Crowdsourcing areas like Citizen Science and Microtasking are good venues for this

comparative study of HITL and EITL, because they provide many applications where both

experts and non-experts work together as part of the same scientific workflow, or experts and

non-experts are used interchangeably for the similar by different researchers. For example,

the Carbon Mineral Challenge conducted by the Deep Carbon Observatory (DCO) [153]
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used a workflow where citizen scientists would discover minerals and reach out to DCO

researcher would direct them to labs where experts would identify the mineral species, doc-

ument whether a new mineral had been found. And image classification, for example, can

be performed by both experts [154] and non-experts (crowdsourcing) [155] based on the

content of the images, the urgency of the need, amount of data to be classified and any addi-

tional context of the scientific exploration. Similar comparisons, based on the same factors

mentioned above, can be made in NLP applications like text tagging, sentiment analysis,

document classifications etc.

4.6 Conclusion

The results produced by the crowdsourcing experiment conducted in this thesis pro-

duced inconsistent results which could not be used to a workflow where these results need

to be processed automatically as part of larger computational workflow. Based on the ob-

servations of the results, their flaws, and the lessons learned from the additional evaluation

that had to be performed for these results and the fact that the NLP processing step could

be entirely avoided if an expert in situation calculus were to axioms for the stories used

as the knowledge base for this thesis, we assert that crowdsourcing is an inadequate proxy

for experts in the loop, and should be avoided in tasks where participation is considered as

expert replacements.

Future work for this exploration includes comparing the EITL workflows to HITL work-

flows and creating a complete framework for ”Expert in the loop” in artificial intelligence,

including documenting the boundaries of the approach, including advantages, limitations

and decision making criteria.
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Figure 4.1: A mosaic plot representing the properties of the rules that have
undergone the evaluation process as described in Section 4.3.
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Figure 4.2: Mosaic plot representing the properties of the rules that have
undergone the evaluation process as described in Section 4.3.
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Figure 4.3: Comparison of the crowdsourcing tasks. The X-axis shows
complexity and the Y-axis shows the likelihood of the results being used in an

automated workflow.



CHAPTER 5

CONVERTING TEXT RESULTS OF THE CROWDSOURCING

EXPERIMENT INTO FORMAL RULES AXIOMS

5.1 Background

Text documents contain a plethora of information, enough to create valuable struc-

tured datasets. Extensive research has been conducted on triple extraction and knowledge

base construction [108],[156]–[160]. Extracting rules from text on the other hand is a more

ambitious effort. Rule extraction from text data has been explored since the 1990s [27].

Delanoy et. al (1993) used a machine translation based approach that the authors called

MaLTe(Machine Learning from Text) for converting text to rules [27]. Dragoni et. al (2016)

combined the linguistic information in WordNet with logic-based dependency extraction [22].

Wyner and Peters (2011) explored a rule based approach to extracting rules from doc-

uments [24]. One common trait observed in most of the research projects tackling rule

extraction is that they use datasets that explicitly mention rules as part of their text.

While these methods are known to be accurate and somewhat complete in the rules

they extract, a lot of information embedded in the data is lost when considering certain

’implicit’ rules. Also, most text datasets do not have sentences that describe and contain

rules explicitly. Narratives constructed by humans are full of rules that need to inferred

based on context and subtext. The research method defined for rule extraction defined in

this thesis achieves the above mentioned goal.

5.2 Algorithm/Methodology

In this thesis, we attempt to convert rules presented to us in an unstructured text

format into structured rules in Situation Calculus. Two commonly used approaches to

achieve this goal are machine learning and information extraction (NLP) based methods. In

this thesis, we have created and executed a workflow based on known NLP techniques for

converting raw text into formal situation calculus rules.

53
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5.2.1 NLP Based Methods

NLP based methods parse sentences using language parsers like ’StanfordCoreNLP’,

’spaCy’ etc. and examine the grammatical and linguistic features of the data to extract

concepts and properties to form rules. Rule bases, like fact bases consist of key concepts

and relationships between these concepts. Our approach tries to use known NLP techniques

like POS (Part of speech) tagging [161], dependency parsing [162], and co-reference resolu-

tion [163] to annotate the rules that are available in text form to identify the concepts and

relationships that exist in the unstructured text we have obtained from the crowdsourcing

experiment. We have used the ’spaCy’ pipeline for both these tasks. ’spaCy’ is one of the

leading open-source NLP parser written in Python [164].

Since the text data has been obtained from a crowdsourcing experiment, there are

bound to be sentences with different structures, potentially with some mistakes. Our method-

ology first parses each sentence and identifies whether the sentence really describes a rule or

can be converted into one. If not, we discard the sentence from the rule base. In this section

we have created a methodology that accepts text as input and converts them to rules for

situation calculus.

5.2.1.1 How to Handle Rules

Rules need to have subjects and objects that the rule addresses. Such rules will have

two verbs and must have at least one subject-object pair. Using the number of verbs that

occur in the rules, we can identify and broadly categorize the rules for our algorithm. As

seen in Figure 5.2, there are 2 types of rules we see in the sentences :

• Rules with an antecedent and consequent. While it is not officially a type of rule, we

haven chosen to call these complex axioms.

• Rules which contain only one statement which highlight a condition met in the narra-

tive, but which aren’t explicitly stated in the text.While it is not officially a type of

rule, we have chosen to call these simple axioms.

In addition to identifying the type of rule using the POS tagging method, we provided the

same criteria to the humans evaluators in the crowdsourcing evaluation step for them to

classify the rules as simple or complex.
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5.2.1.2 Complex Axioms

In order to successfully convert text to an axiom, we have developed the method shown

in Figure 5.3. We first check for any pronouns used in the text, since it is does not help

identify the concept being addressed by the rule. The sentences with pronouns are replaced

with the noun or proper noun using the Co-reference Resolver. If there is no reference found,

then it is impossible to link the subject and object to a concept in the knowledge base and

thus we must discard the sentence. When the required references are found, we can move on

to matching the concepts or entities stated in the rule to those that exist in the knowledge

base and discard the sentences that do not contain any concepts from the knowledge base.

For the sentences that are remaining, we separate out the antecedent and consequent.

This split is done using clause segmentation, specifically using the claucy python pack-

age [165],[166]. The antecedent forms the right hand side (RHS) of the rule, while consequent

forms the left hand side (LHS) of the rule. These 2 statements are conjugated by a ’≡’ or a

’⊃’ sign in the formal representation of situation calculus, but our text to rules conversation

makes rules that can be run using golog (a prolog implementation of situation calculus).

Thus the antecedent and the consequent are separated by ′ : −′. The claucy package is

a python implementation of clausIE [165], built to be integrated into the ’spaCy’ pipeline,

which we use as our comprehensive natural language processing library of choice [164]. We

have also used spacy for dependency parsing, and to create a pipeline for co-reference resolu-

tion package. We have used ’neuralcoref’ python package12 to perform co-reference resolution

for both Complex and Simple Axioms.

5.2.1.3 Simple Axioms

Simple Axioms usually are single statements that hold true for the narrative, but are

not explicitly mentioned in the narrative. These sentences have one verb and may contain up

to one subject-object pair. Our methodology for handling such rules, as shown in Figure 5.4,

mainly extracts triples using the ’clauseIE’ prepositions as per the ’claucy’ python package

implementation [165]. Similar to the complex axioms, we also use ’spacy’, ’neuralcoref’ and

’claucy’ packages to implement the text to rules conversion for simple axioms.

12https://github.com/huggingface/neuralcoref

https://github.com/huggingface/neuralcoref
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5.3 Results

We applied the text to rules extraction method to all the rules accepted during the

crowdsourcing evaluation. The crowdsourcing evaluation eliminated some of the issues

caused by the inconsistencies in the rules output by the crowdsourcing participants. We

have thus successfully converted natural language text to formal situation calculus rules in

Golog. Some examples of rules extracted are:

• looked(children, at the sky) :- see(children, a bright star).

• use(Citizens, elevators).

• are(you, a Earthwoman) :- attract(you, Zurian men).

• are(you, an Earthman) :- come(you, from an overpopulated planet).

• eat(you, your own livestock) :- are breaking(you, regulations).

• are connected(those bright islands, by strings of light) :- be(it, an unusual view).

All the rules generated using our text to rules workflow can be found in appendix E.

Of the 1233 rules that were accepted after the crowdsourcing evaluation, 99 were discarded

because our method was neither able to detect clauses, nor extract triples from the rule.

That still meant that 1134 formal situation calculus rules were extracted using our text to

rule conversion method. Examining the rules created, we found that a majority of the rules

did not contain any syntactical errors and could be read into a golog rule base. But syntactic

correctness is just one aspect of validating the rules in a rule base. On closer examination,

there were issues with the results produced using our text to rules conversion method. The

next sections explore these issues, the causes for these issues, and planned future work to

resolve these issues. A more detailed examination of these rules will also be performed in

chapter 6.

5.4 Observations and Limitations

Our contribution of converting text to situation calculus focuses on using existing NLP

methods and python packages to successfully complete this conversion. But the results pro-

duced in this exploration have shown the limitations of our approach and thus the limitations
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of the NLP methods and commonly used packages used in text processing tasks and NLP

explorations. Broadly categorized, the issues in the extraction fall into 3 categories.

The first limitation we found in the rules is that claucy’s triple extraction was not able

to extract negative words as part of the triple extraction (especially the predicates). For

example, the text rule ”Citizens must not use elevators.” was extracted as ”use(Citizens, el-

evators).”, but the rule must be ”not(use(Citizens, elevators)).” Another example of the same

issue can be found in the text rule, ”Love never dies.”, which is extracted as ”dies(Love).”

and must instead be written as ”not(dies(Love)).”.

The second limitation is the lack of flexibility in the clause segmentation task for

dividing the rule into antecedent and consequent. If-then rules perform well for clause

segmentation tasks, but if the rule is phrased differently (as is usually the case), the clause

segmentation fails to correctly identify the subjects and objects of the rule. For example,

the text rule ”People who are poor cannot afford meat very often.” is extracted as ”are(who,

poor) :- afford(People, meat).”. If a human was performing this extraction, they can easily

identify that this rule can also be read as ”If people are poor, they cannot afford meat.”,

which in turn will correctly form the rule, ”are(People, poor) :- not(afford(People, meat)).”,

by accurately identifying the subjects and the negatives in the sentence. Another example of

this can be seen in the rule ”You must wear a suit to go outside.”, which has been extracted

as ”wear(You, a suit).”. If a human was performing this extraction, they can identify that

this rule can also be read as ”If you want to go outside, you must wear a suit.”, which in

turn can be formalised as ”go(outside):-wear(person, suit).”

The third limitation was found in the execution of the co-reference resolution. There

are some errors in the entity being referenced in rules like, ”If the character and her Pa

and Ma see someone else, the character and her Pa and Ma her see someone else will get

scared.”, where the object being referenced was incorrectly identified. Another commonly

seen mistake is the the entity being replaced does not take into account the pronoun being

replaced and its context. This is especially seen when ”her/his” is the pronoun used in the

sentence. For example, rules like ”If the pain cycle is the worst, Miryam bites down on

Miryam under lip.”, ”If Miryam bites down on Miryam under lip, the flesh shows as white

as Miryam teeth.”, ”The Madame gets all The Madame can for The Madame money.” and

”Davie always gets relieved of consequences for Davie actions.”, we can see that the entity

being referenced is correctly identified, but the context of their replacement has not been
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identified. So when we use the ’neuralcoref’ implementation from the ’spaCy’ pipeline, we

can see that there are mistakes in the replacements. In the above rules, the entity reference

replacement should be written as ”Miryam’s”, ”Madame’s” and ”Davie’s” respectively. This

is an important step to be performed, because without taking into account the context of

the replacement, further processing becomes difficult. In all of the rules mentioned above,

identifying the subjects of consequent of the rule shows errors, this can be traced back to

the limitations of the co-reference resolution method and its built-in entity replacement.

The last limitation is the lack of generalization in rules, where pronouns clearly imply

a generalization. In this case, the pronoun needs to be ignored or needs to replaced with a

super class of the subject implied by the pronoun. For example a rule like, ”if someone gets

no air or heat, they freeze to die.” accurately describes the conditional trigger and the effect

of that action taking place. But using existing NLP methods to extract a rule from the given

sentence does not work, because the above rule fails at the co-reference stage, because there

is an implied generalization made here with the words ’someone’ and ’them’, both references

a super class of the concept (like ’person’) that is not mentioned in the rule, only in the

story.

5.5 Future Work

After examining the results from the text to rules conversion, we noticed some limita-

tions of our method and identified the causes of these limitations. In summary, limitations

of our developed method trace back to errors caused by the inadequacies of existing imple-

mentations of the known NLP methods when it comes automated axiom generation tasks.

Future work for this contribution includes overcoming the limitations of the NLP based

method and execution of a deep learning method based on machine translation algorithms.

An overarching theme of these limitations shows the difference between humans performing

complex tasks and algorithms designed to do the same thing. Algorithms and computational

workflows rely on general patterns to automate tasks or solve problems, but in cases where

such generalized patterns cannot be identified or the outliers are as numerous as the valid

data points, humans performing the task may be the efficient way to solve the problem.

A new exploration to overcome this limitation will be to build a dataset for the text

to rules conversion and training a deep neural network model to perform the text to rules

conversion. An important point to consider with this exploration is to have an expert
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generated text to rule conversion dataset in the programming logic language of choice. With

enough variance in the type of rules converted from sentences, the neural network should be

able identify the key components of the sentences and combine them to create formal rules.

For our future work, we plan to create a sequence to sequence model based on machine

translation applications to convert natural language text to formal rules.

5.5.1 Machine Translation

Machine learning, and deep learning methods by extension, use the principles of the

machine translation to convert text into a structured format like rules. The premise here

is ”rules have a defined linguistic structure and the transition of unstructured text to the

structured rules can be considered a translation of the unstructured text.” Machine transla-

tion based approaches may not need to rely on pre-existing knowledge depending on whether

the method chosen is supervised or unsupervised. In unsupervised methods, we need to rely

on the knowledge extracted from within the text data. In such cases, we use monolingual

corpora from 2 different languages and map them to the same latent space and the model

learns to reconstruct both languages from this feature space [167].

Most commonly used methods seen though are supervised machine learning methods,

where the user provides the the model with parallel data for 2 languages and the model

maps the translation from one word onto the other, there by learning to reconstruct the

second language [168]–[171]. Our approach for machine translation will follow a supervised

approach, with the input being unstructured text and the output is the rule generated from

the text.

5.5.1.1 Deep Learning

There are a some considerations to create a neural network to achieve the above task.

First and foremost, we need to understand how to represent the text data from the training

corpus. Most text based deep learning models train at a word-level [79],[80],[172], but there

are certain tasks where character-level [173]–[175], phrase-level [78],[176],[177], or sentence-

level [96],[178] representations are essential.

For our experiments, we use both word and character-level embedding, since there is a

need for learning the structure of a rule with the positions of their concepts and relationships.

Depending on the availability of time, we would also like to explore a knowledge graph
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embedding [109],[179] to pick out the concepts in the knowledge base and use those in the

rules. This may be a harder problem to solve in situation calculus, especially for our use

case. Since there exists no comprehensive knowledge graph like dataset in the domain chosen

for this thesis.

Given the success of RNN-LSTM and Seq2Seq models for machine translation tasks

[78],[109],[170],[171],[180],[181], we decided to create a text to rules translation with this

combination. More details of the implementation will be added after the experiment has

been completed.

5.5.1.2 Evaluation

BLEU (BiLingual Evaluation Understudy) is a commonly used metric to evaluate the

success of a machine translation task [78],[167],[169],[171]. Since BLEU does not fully capture

the quality of a translation [181], we explore other metrics to evaluate the results of the text

to rules Model. These quantitative metrics combined with the qualitative evaluation metrics

described in Chapter 6 will provide an understanding of the quality of the success of the

experiment.

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

machine translation evaluation that is based on a generalized concept of unigram matchine

translation and human produced reference translations [182]. It was created to improve

upon BLEU. While BLEU seeks correlation at the corpus level, METEOR highlights good

correlation at the sentence or segment level. METEOR creates an alignment between 2

strings (the machine translation and the human translation). Banerjee and Lavie (2005)

define a ”mapping between the unigrams such that every unigram in each string maps to at

least one unigram in the other and to no unigrams in the same string” [182].

The Unigram precision (P) and recall (R) for METEOR are computed same as for

BLEU [183]:

P =
m

wt
(5.1)

R =
m

wr
(5.2)
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Where m is the number of unigrams in the candidate translations that are found int

he reference translation, and wt and wr are the number of unigrams found in the candidate

and reference translations respectively [183].

Fmean is computed by combining the precision and recall via ”a harmonic mean, with

recall weighted 9 times more than precision” [182],[183].

Fmean =
10PR

R + 9P
(5.3)

In order to take longer segment matches into consideration (more than just unigram

matches), METEOR calculates a penalty for an alignment as [182]:

Penalty = 0.5 ∗
(

#chunks

#unigrams matched

)3

(5.4)

Finally, the METEOR score is calculated as [182]:

Score = Fmean ∗ (1− Penalty) (5.5)
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Figure 5.1: Our proposed method for converting results of the crowdsourcing
experiment (rules in text form) into formal rules. In the figure, the solid lines

and shapes represent the main workflow, and the dotted lines represents
comments or notes needed at the corresponding step for easily understanding

the method.
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Figure 5.2: We identify the ”type” of axiom, based on the results of the
crowdsourcing evaluation. The evaluators look for the presence of an

antecedent and consequent. A rule with multiple subject object pairs, or a
antecedent and consequent is classified as a ”complex axiom” by our algorithm.

If it meets neither of the 2 criteria, the axiom is considered ”simple”.
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Figure 5.3: Processing complex axioms involves separating out the antecedent
and consequent, identifying the concepts mentioned in those parts,and storing

those concepts in the rule base.
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Figure 5.4: Processing simple axioms broadly involves identifying the subject,
action(verb) and object. We extract triples using the prepositions identified by

the python implementation of ‘clauseIE’.



CHAPTER 6

EVALUATING RULES EXTRACTED FROM A TEXT

NARRATIVE

6.1 Need for Evaluation

”A key factor which makes a particular discipline or approach scientific is the ability to

evaluate and compare the ideas within the area” [184]. Thus, when exploring new research

areas it is essential to have a method to evaluate the success of the experiment.

The main contribution of this thesis is the semi-automated generation of rules using

neural networks. Automated Axiom generation tasks do not have an established method

of evaluating the results produced by the method where the rules are not explicitly stated

in the document. In this chapter, we explore the existing research in the fields of ontology

evaluation, and expert system evaluation to identify the important factors in evaluation of

a fact base and more importantly the rule base (which in our method has been generated

using crowdsourcing and Text2Rule conversion, see chapters 3 and 5) of a GOFAI system.

6.2 What Can We Learn from Existing Evaluation Approaches?

6.2.1 Ontology Evaluation

”Ontology evaluation is the task of measuring the quality of an ontology” [185]. ”Most

evaluation approaches in ontologies fall into one of the following categories” [184]:

• Comparing the ontology to a ”golden standard” [184],[186].

• Utilizing the ontology as part of an application and evaluating those results [184],[187].

• Comparing with a source of data about the domain documented in the ontology [184],[

188].

• Having humans evaluate the ontology ”based on a set of predefined criteria, standards

and requirements” [184],[189].

When we broadly compare ontology development and axiom generation and try to

identify what category of approaches would be most effective at evaluating automatically

generated axioms, human evaluation seems like the optimal option. Since writing rules has

66



67

always been a task performed by human experts, it would ideal to have humans evaluate the

rules of a GOFAI system. When considering human evaluation, the most important factor

in constructing an evaluation approach is to choose the right criteria using which an expert

can evaluate the results (in our case, the axioms).

Burton-Jones et. al [190], describes a set of semiotic metrics to assess the quality

of an ontology. These metrics were designed to ”assess the syntactic, semantic, pragmatic,

and social aspects of ontology quality” [190]. The metrics introduced by the authors aren’t

necessarily all human evaluated. Some metrics used are evaluated using data driven methods.

The rating criteria used by authors are [190]:

• Lawfulness : Focuses on identifying syntactic errors in the ontology.

• Richness : Based on the number of the properties used to describe the ontology.

• Interpretability : Measure by checking if the terms in the ontology are meaningful.

• Clarity : An extension of the interpretability metric, clarity checks for the number of

senses in WordNet. The goal of having high clarity is for terms in the ontology not to

be ambiguous.

• Consistency : This metric focuses on the internal inconsistencies in the ontology. In-

consistencies in an ontology refers to when having incoherent logical inferences, such

as contradictions in the ontology.

• Comprehensiveness : Counts the number of classes and properties in an ontology.

• Accuracy : Measure of the accuracy of the knowledge given by the ontology. Accuracy

is measured by domain experts, when they test their knowledge against the inferences

output by the ontology.

• Authority : This metric is measured based on the number of reference made to an

ontology from other ontologies.

• Relevance : This metric examines the degree to which the ontology provides informa-

tion of the type needed by an application.

• History : Focuses tracking usage of an ontology by other applications.



68

6.2.2 Expert System Evaluation

As seen in section 2.2.2, expert systems consist of knowledge bases, rule bases and a

set of termination criteria. The amount of evaluation performed on an expert system and

the importance attached to it, depends on the size, complexity, criticality and other aspects

of the expert system [191]. Grogono et. al presents an approach to verify a knowledge base,

including the rules of an expert system. The authors do this by detecting anomalies in the

construction of the knowledge base. Anomalies are not necessarily errors, but they indicate

flaws in the system which may lead to errors. The four kinds of anomalies described are

[191]:

• Ambivalence : When the inferred set of hypothesis contains semantic constraints,

the knowledge base is considered ambivalent. Ambivalence may be caused by human

experts holding different views and/or mistakes in the rules entered.

• Circularity : If rules are continuously fired in an infinite loop, the knowledge base is

circular.

• Redundancy : If the inclusion or omission of a literal or a rule make no difference to

inference made by the AI system, then the knowledge base contains redundancies.

• Deficiency : When a knowledge base is unable to infer a final hypothesis for a specific

environment, even though according to the system specifications it should reach a final

goal.

6.3 Are They Directly Applicable?

Since generating axioms is the main focus of the experiments mentioned in this thesis,

the evaluation metrics chosen should be specifically focusing on reviewing the various aspects

of an axiom. An axiom or a rule in a Symbolic AI system typically consists of antecedents

and consequents, but for this purpose we are interested in evaluating the rules generated and

hence must confirm the soundness of the antecedent and consequents statements themselves.

Hence the granular components of rules may be listed as :

• Concepts : Concepts may refer to instances of actors, objects or entities that may be

relevant, and present in the knowledge base. This generally holds true until the rule

calls for the creation of a new instance
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• Conditions : Most rules in expert systems follow the IF-THEN format, but there are

other conditions that can be seen used in AI systems, like iff or while conditions. The

antecedent component of the rule typically contains conditions, since it is the execution

of the condition that leads to the firing of the rules.

• Actions : Agents or Actors perform actions. Execution of actions takes place in the

antecedents and the consequents and is essential temporal ordering of events and sit-

uations. In Situation Calculus, action play an essential role, since according levesque

et. al [45], ”a situation is a history or a finite sequence of actions”.

6.3.1 Adapting Metrics

In this chapter we develop metrics to evaluate the axioms generated by our proposed

method. To do this, we must first evaluate components of the axioms stated above. Some of

the metrics stated in section 6.2, may not be directly applied to axioms, but can be modified

to do so.

For example, the Intrepretability metric would measure if the concepts used in the

rules are meaningful and/or exist in the knowledge base. For text generation tasks, this

would be a particularly important and challenging metric (in terms to achieving a high score),

because character level models are known to generate different words from those that exist in

the corpus. Measuring this metric can be automated, since comparison with the knowledge

base can done automatically using any commonly used pattern matching algorithm. And

we can compare the concepts to a dataset like WordNet [192] to find out if the words are

meaningful, similar to the method described in [190]. We define interpretability as :

Interpretability =
Count(Concepts in RuleBase ∩ Concepts in KnowledgeBase)

Count(Concepts in RuleBase)
(6.1)

Lawfulness measures the syntactic errors in the rulebase. Since axioms are meant to

be machine readable any syntactic errors should be easily identifiable. In addition to errors

generated by the system, we will also check for anomalies such as those mentioned in section

6.2.2 [191]. While identification of errors maybe automated, anomaly identification needs to

be done by human experts.
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Accuracy measures if the rules generated conform to domain knowledge. This metric

also needs to be evaluated by a group of domain expert can examine the rules and test the

system for logical inferences. This metric has 2 steps in the evaluation, (1) First we establish

if the rule needs a domain expert to evaluate the accuracy. If the rule does not require

knowledge of domain (i.e the need to read the story), we classify it under the category

AccuracyC , which implies that the resultant statement/condition is a commonsense rule.

(2) If the human evaluation requires knowledge of the domain, then statement/condition is

classified under the category AccuracyA, for all other rules. If NR is the total number of

rules, and T is number of rules that are true according to human evaluators, AccuracyA

is measured as T
NR

. AccuracyC is measured with the same formula, but only considering

common sense rules as the complete set.

6.4 New Metric - Coverage

One of the metrics that is essential to evaluate generated axioms is coverage. This

metric does not evaluate one rule at a time, instead it is evaluated over an automatically

generated rule base. Coverage measures how well the rule base covers the knowledge of the

selected world to be modeled. Coverage and accuracy have differences in what they measure.

While accuracy measure whether a rule matches the knowledge of the domain, the coverage

metric measures whether a rule base covers the known laws in the domain.

Coverage is calculated using the TF-IDF (Term Frequency - Inverse Document Fre-

quency) approach [193] at the fact level. In our approach to calculate the coverage of a rule

base we call the TF equivalent as Fact Frequency (FF) and the IDF equivalent is called Cov-

erage Constant (CC). If a fact occurs in the rule base and the fact bases, the FF-CC score

will always be 0. If a fact does not occur in either the rule base or the fact base, the FF-CC

score will be greater than 0. Summation of the FF-CC score for all facts in the rule base

is the coverage score. The coverage score can be normalized by dividing the obtained score

from the previous step by the count of the facts commonly occurring in the knowledge base

and the rule base. This normalization is done in the case where a comparison of multiple

knowledge and rule bases is being conducted with a significant difference in the number of
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facts present in the data being compared. Ideal coverage score for a rule base is 0, lower the

coverage score, the better the coverage of the rule base.

FF = Count(FactKB) (6.2)

CC =

1, if the fact occurs both in the knowledge base and rule base

0.5, if the fact occurs only in the knowedge base
(6.3)

Coverage =
∑

FF ∗ log(CC) (6.4)

Coveragenormalized =
∑ FF ∗ log(CC)

NFRB
(6.5)

,where NFRB =Total number of facts in the rule base.

For example, if a knowledge base has 20 facts and the corresponding rule base has 8

rules. We then examine the facts mentioned in both the knowledge base and rule base. Each

fact in the knowledge base is checked to see if it is called in the rule base. If a fact that

appears 3 times in the knowledge base also occurs in the rule base then:

FF = 3 (6.6)

CC = 2/2 = 1 (6.7)

FF − CC = 3 ∗ log(1) = 0 (6.8)

Similarly, we sum up all the FF-CC scores to form the final Coverage score.

6.5 Results

The final results of the thesis workflow was obtained after the execution of the text to

rules contribution. As mentioned in Chapter 3 and 5, the results produced during crowd-

sourcing were inconsistent and thus unfit for processing in an automated computational

workflow. 3 out of the 4 evaluation metrics/methods have been implemented on the results
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obtained from running the entire SAAG workflow and these findings can be found in Ap-

pendix F. In this section we describe the findings of our evaluation method and observations

on studying those findings.

6.5.1 Interpretability

Interpretability measures if concepts used in the rules are meaningful and/or exist in

the knowledge base. The formula to calculating the interpretability of a rule base is defined

in Section 6.3.1. As mentioned in Sections 5.4 and 4.2, we can see that one of limitations of

the rules produced from crowdsourcing were the inconsistent references to the same entity

using different names. This inconsistency has been highlight and even quantified during the

execution of the interpretability calculation. The highest interpretability score obtained for

a rule base was 0.214, and the lowest interpretability score was 0. Which means that the

best ”knowledge base - rule base” corpus created using our SAAG workflow had 21.4% inter-

pretability and the worst ”knowledge base - rule base” corpus had no concepts in common

(thus the interpretability score of 0), which meant that no rules would be executed during

the querying of the knowledge base. The average interpretability score of all the corpora pro-

duced using the SAAG workflow was 0.067. Complete results of the interpretability scores

for all corpora can be found in Appendix F.1.

6.5.2 Coverage

Our approach to calculating the coverage of a rule base used a counter intuitive applica-

tion of the TF-IDF metric [193]. Calculating the coverage of a rule base involved a fact-level

examination of both the knowledge base and the rule base. Since facts are made up of

concepts, and we quantified the inconsistencies in the concepts during the interpretability

evaluation, we those inconsistencies are not only evident but also enhanced at the fact-level

examination of the rule base. Since we were comparing ”knowledge base - rule base” corpora

of significantly varying sizes, we had to normalize the coverage to examine the rule bases on

the same scale. The normalized coverage showed there were only 2 rule bases had facts that

covered some portion of the knowledge base. Most of the normalized coverage scores were

−∞, which meant that none of the rules in the rule base covered the knowledge base at all.

An interesting and important point observed by examining the results was that rule

bases with a relatively high interpretability score can still have very low coverage. This is
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because the interpretability is examined at the concept level, while coverage is calculated at

the fact level. And at the end of the day, Golog or other logical representation languages

view a fact as the representation of a datum. Complete coverage and normalized coverage

scores can be found in Appendix F.1.

6.5.3 Lawfulness

Lawfulness was calculated simply by the count of syntactic errors in the rule base. In

order to evaluate the lawfulness, we simply loaded the rule bases into the Golog interpreter

built in SWI-prolog13. There were 204 errors produced, which means that 930 lawful rules

generated in 65 rule bases by implementing the SAAG workflow. Since our current iteration

of the SAAG workflow relied on known NLP methods to extract concepts to create facts and

rules, the number of errors produced in creating the rule bases was low. The detailed error

outputs on loading the rule bases can be found in Appendix F.2.

6.6 Future Work

The evaluation method described in this chapter was created to be applied to all

”knowledge base - rule base” corpora, not just to the results of the SAAG workflow. The

metrics devised for this evaluation can be applied to corpora compiled in various languages

used to build symbolic AI systems. One of the key direction for the future future work of

this evaluation method involves applying the evaluation metrics to corpora from different

domains and encoded in different languages. Another metric that needs to be completely

tested is Accuracy.

6.6.1 Accuracy

Accuracy measures if the rules generated for the rule base conform to domain knowl-

edge. Of all the metrics developed for this contribution, Accuracy is the only metric that is

applicable to automatically generated rule bases. If rule bases are created by experts, then

the rules are going to be an accurate representation of the domain. As mentioned in section

6.3.1, accuracy is calculated at 2 venues: one that checks if the rule needs a domain expert

to evaluate the accuracy of the rule, there by labeling the common sense (CSR) and non

commense rules (NCSR) and second that actually has domain experts evaluate the NCSRs.

13http://www.cs.toronto.edu/cogrobo/Systems/golog_swi.pl

http://www.cs.toronto.edu/cogrobo/Systems/golog_swi.pl
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In this thesis, we have completed the first step and successfully labeled CSRs and NCSRs.

The second step though requires an independent evaluation conducted by domain experts.

This step is time consuming and needs a set of domain experts to complete the process in

a timely manner. Such an endeavour may cost more money that the original crowdsourcing

experiment, and as a result is out of the scope of this thesis.

Also accuracy as metric makes more intuitive sense when the rules are generated in

a fully automated manner such as deep learning method used to generate rules for a given

knowledge base (see section 7.4.3). Thus we plan to apply this metric along with all the

other evaluation metrics to the results produced by our exploration detailed in the long

terms future plans section in chapter 7 of this thesis document.

6.7 Testing Wider Applicability

A long term vision for this evaluation method is to apply these metrics to many ”knowl-

edge base - rule base” corpora. A major point of focus for the future will involve testing

the evaluation metrics on many datasets to show the value of evaluating rule bases this way.

We approach this goal by evaluating many existing rule rich ontologies, expert systems and

other symbolic AI applications using our metrics. We also plan to refine these metrics as we

learn of inadequacies in their formulation during the testing phase.

With the increase in the automation of various parts of expert system design pipeline

[22],[28],[29],[108],[109], our evaluation method becomes an integral part of the future land-

scape of rule based AI.



CHAPTER 7

CONCLUSIONS AND FUTURE WORK

7.1 Thesis Review

Automated Axiom generation is a difficult research problem to solve. Most of the

work in this area focuses on extracting rules from text documents with formal language,

that explicitly mention rules in the text [22]–[29]. This thesis developed a semi-automated

method to generate axioms for a set of text narratives, when rules aren’t explicitly mentioned

in the text.

Chapter 1 introduces the research problem we explore during this thesis, the research

methodology developed to solve this research problem, the key contributions that emerged

in the execution of this methodology, and broader impact of this work. Chapters 3,4, and 5

focus on the individual steps of the thesis methodology.

Chapter 2 takes an in depth look at the history of Artificial Intelligence (AI). We

specifically focus describing the evolution of Rule based AI, and the field of Natural Language

Processing (NLP), and the current state of the field. Understanding the history of these fields

helps identify the white spaces and unanswered scientific questions that continue to loom over

the researchers. This work provided the motivation in creating the larger research direction

for this thesis, and helped identify how certain techniques are useful to execute specific parts

of the Semi-Automated Axioms Generation (SAAG) workflow.

In chapter 3, we create rules in natural language based a narrative using amazon

mechanical turk, a popular crowdsourcing platform. This chapter also explores the data used

for the crowdsourcing experiments, the limitations to this approach and how we overcome

these limitations. Also explored are the incentives for the participants in the experiment,

along with curation and evaluation criteria that are used for our experiment.

The results of the crowdsourcing experiment are inconsistent and cannot be used in

a workflow where these results need to be processed automatically as part of larger com-

putational methodology. Hence, in chapter 4, we document the results from chapter 3,

point out the issues with these results, and how we overcome these inconsistencies with an

human evaluation of crowdsourcing results. We also expand on the lessons learnt from the

crowdsourcing experiment, by observing and exploring the process in the context of expert

replacements. This exploration led to us finding a set of boundaries for the usability of

75
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crowdsourcing as tool or means to overcome the automation bottleneck where human intel-

ligence is required for certain steps in the scientific workflow. We also discuss in detail the

concept of ”Humans in the loop” (HITL), and ”Experts in the loop” (EITL) and how they

are distinct from each other. We provide a platform for further exploring and developing a

framework for EITL workflows, and document future directions this work that will aid in

the workflow design process for artificial intelligence applications.

In chapter 5, we converted the results from the crowdsourcing into formal situation

calculus with a workflow developed using known NLP techniques. We also examined the

results from the text to rule conversion method and pointed out the limitations of using only

NLP techniques to extract formal logical rules from raw text. Additionally, we propose a

fully automated method based on machine translation applications to convert text to formal

rules.

Chapter 6 presents an method to evaluate ”knowledge base - rule base” corpora for

the usage in symbolic AI applications. In this chapter we adapted some existing metrics

from ontology and expert system evaluation methods and introduced a novel metric called

’coverage’ to measures how well a rule base covers the knowledge represented in the world

being modeled. We also describe the results from the evaluation method when applied to

the rule generated from the SAAG workflow.

7.2 Lessons Learnt

This thesis started as an ambitious exploration of the boundaries of artificial intelli-

gence. After observing the evolution of the fields of machine learning and symbolic AI in

parallel and the rarity in the efforts to combine them, we developed an approach to automat-

ically generate rules using deep learning for a given knowledge base in any domain. However,

the feasibility and validity of this method could not be explored or tested because of the lack

of ”knowledge base - rule base” corpora available for training. Thus, there was a shift in

focus to developing a method to generate these corpora without needing pre-compiled and

curated training datasets.

Our proposed workflow for this new exploration was a semi-automated axiom gener-

ation (SAAG) workflow which used crowdsourcing as the key step to generate these rules.

Observing the results of the crowdsourcing method and the contributions that followed, we

understood the boundaries of usability of crowdsourcing for tasks where crowd participation
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is considered for replacing experts in the workflow. We also found that crowdsourcing and

the inconsistencies caused by the results of complex crowdsourcing tasks, make it very dif-

ficult for it to be included in automation driven pipelines or even computational workflows

in general. Since crowdsourcing was envisioned to be the cornerstone of the SAAG workflow,

the effect of crowdsourcing results ripple down the next steps of the workflow.

This exploration however, sparked new ideas for improving the individual contributions

of this thesis and thus be better equipped for delving head first into the extremely complex

and still unsolved problem of fully automated axiom generation. In the next section, we

expand upon our future plans to continue, improve and expand on our work on automated

axiom generation, so that we can explore new venues and face new hurdles in the quest to

answer the question ”To what extent can we fully automate the axiom generation process

for GOFAI?”

7.3 Impact and Future Applications

The SAAG workflow presented in this thesis has produced a set of rules bases and fact

bases generated from 65 project gutenburg short stories. The impact of this work though,

can be seen in more than just a directly application or reproduction of the workflow. The

”natural language rule dataset” produced as an intermediate step of the SAAG workflow

can be used as a summary of the world shown in the story. This dataset may be used in

abstractive [194],[195] or extractive summarization [196] training tasks (by combining both

the stories and the text rules), or as a starting point for a textual entailment [197] dataset

(by just using the rules).

In addition to the data produced from this thesis, the metrics developed and obser-

vations made in this thesis will improve scientific research not only in artificial intelligence,

but in the many interdisciplinary scientific explorations. The evaluation metrics presented

in chapter 6 can be used to evaluate any ”knowledge base-rule base” combination for any

logical language and any domain. Our examination of the crowdsourcing results showed the

boundaries of crowdsourcing as an approach and its use in automated workflows. We also

showed the need for the term Experts in the loop (EITL) to be distinct from the Humans

in the loop. This is because there are distinct considerations and factors to include ”ex-

perts in the loop” vs ”non-experts in the loop”. Part of the future work of this thesis is to

create a framework for experts in the loop for scientific workflows. The impact of such a
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framework can be felt in ”workflow design” (for both workflow systems or just for scientific

computational workflow) in the future. Citizen science initiatives and expert driven scientific

explorations will also benefit from understanding better when and how human and expert

involvement in scientific workflows will improve their research. In its entirety, this thesis

work can also be considered a stress test of certain facets of artificial intelligence. The de-

tailed documentation of the white-spaces and limitations of commonly used approaches in AI

provide much needed direction for future development of AI methods and novel applications

of those methods.

7.4 Future Work

Scientific explorations that navigate through uncharted territories always produce a

array of interesting research paths, alternative approaches and improvements on the current

approach (both planned and unplanned). This thesis is no different, and has produced

ideas for future research and explorations (both short term and long term) that will shape

the future of AI, and will help think about Symbolic AI and Machine learning in a more

symbiotic environment, where advances in one area can and will influence the evolution of

the other. In this section, we document some of the future researched planned for the field

of Automated Axiom Generation (AAG).

7.4.1 Short Term

The Sentence Ordering LSTM model (See chapter 2) was chosen based on the a detailed

study that compared all the common text embedding models to predict the order of the

sentences in a paragraph [70]. But the study has not compared some methods that are

very popularly used for deep learning on image data, like Generative Adversarial Networks

(GANs), and Capsule Network (CapsNet). One of the short terms plans for the future is

to test out how the sentence ordering model can be improved by testing both GANs and

CapsNet models and see how they compare to LSTM networks.

A deep learning method for converting text in natural language to formal rules (Chapter

5) was being developed using machine translation as a the basis for this conversion. But

this exploration could not be tested because there was no data available to train the neural

network model. In the future, we plan to use the dataset compiled during this thesis and
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datasets we can collect from contacting other researchers in the field to train a deep learning

model to convert text from natural language to formal rules in situation calculus.

7.4.2 Mid Term

The contributions in chapter 3 led to some interesting discoveries about crowdsourcing

experiments and about Humans in the loop workflows in general. With this work we defined

some boundaries on the applicability of crowdsourcing, and its use in the context of expert

replacements. We also documented the distinction between ”Humans in the loop” and

”Experts in the loop” workflows. Future work for this exploration focuses around comparing

HITL and EITL workflows and creating a complete framework for ”Experts in the loop” in

artificial intelligence, including documenting the boundaries of the approach, the advantages,

limitations and decision making criteria.

7.4.3 Long Term

The original work being explored during this thesis was the development of an auto-

mated axiom generation methodology, i.e. learning to write axioms for a given knowledge

base. Automating the axiom generation process has been proven to be a difficult research

question to solve. One long term goal from this thesis is to explore the area of automated

axiom generation by looking at the intersection of the symbolic AI and machine learning,

and see if a machine can write axioms about any given domain. One such method involves

creating a deep learning model that is trained on existing situation calculus datasets (both

the factbases and rulebases), with new rules as a desired output. The goal of the deep neu-

ral networks would be to find the mapping between the concepts in the factbase and the

required axioms. Once the model produces an initial set of axioms/rules, the model will be

iteratively improved using reinforcement learning. In the reinforcement process, each rule

will be evaluated and assigned a score, if the score is below the predefined threshold, then

the rule is rejected.

This is but one of the many potential methods to create an automated axiom gener-

ation workflow, the majority of which have not been explored yet. The long-term goal of

this exploration is to develop a system which can taken in facts about any given domain and

accurately state the rules for that domain. To achieve this, detailed experiments and explo-

ration much be done on transferability of the concepts learned from one domain to another
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completely unrelated domain. Quantifying transferability between domains, and scalability

is another goal. For e.g. Can we use small training corpora and test on large ones, or to see

if a demo, like the AllenNLP [198] semantic parsing demo14 is possible?

14http://demo.allennlp.org/nlvr-parser/

http://demo.allennlp.org/nlvr-parser/
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APPENDIX A

IRB APPROVAL FOR CROWDSOURCING EXPERIMENT

Below you will see both the initially IRB proposal for the crowdsourcing experiment, and

the renewal of the IRB proposal submitted after the time limit of the initial approval was

done.
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rules that important to the story, according to you. You are required to enter a minimum of 7 
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DATA CONFIDENTIALITY AND SECURITY 

 No information regarding your name or other personally identifiable information will be 
collected during the survey. All data collected will be stored in a password protected 
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be retained for a minimum period of three years after the completion of data collection. 
Under no circumstances will the personally identifiable information be disclosed.  

SHARING OF RESEARCH RESULTS 

 The results of this study may be presented at scientific or professional meetings, published in 
scientific journals, or otherwise shared with the general public. However, no statements will 
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be directly attributed to you, and your name or other identifying information will not be 
publicly shared or included in any published materials. 

CONTACT INFORMATION 
For further information or questions about this research, please contact: 
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APPENDIX B

CROWDSOURCING EXPERIMENT IN MECHANICAL TURK

Figure B.1: Examples of the batches published in Amazon Mechanical Turk.
Each batch summary shows the average time taken per task. Number of tasks

(assignments), the creation and completion time of each task.
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Figure B.2: Examples of the results in Amazon Mechanical Turk. The figure
shows the interface presented to requester for approving or rejecting rules.
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Figure B.3: Screenshots from the Amazon Mechanical Turk interface that are
presented to the participants of the crowdsourcing experiment.
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Figure B.4: Instructions from the Amazon Mechanical Turk interface that are
presented to the participants of the crowdsourcing experiment.



APPENDIX C

CROWDSOURCING RULES EXAMPLES FROM PUBLISHED

BATCHES IN MTURK

Story :A Hitch in Space

• Jeff Bogart can create an identical clone of a person

• At any given time only one of the clones was visible/available for Jeff Bogart.

• The real Joseph and imaginary Joseph never exist in the same room together

• The ship could not exceed a velocity of 15 miles per second

• Joseph had to stay away from the ships jet or else it would destroy him

• Joseph could not stay out in space longer than the suit oxygen that remained

Story : A Witch in Time

• If nat hadn’t used her paralysis ray, abby would have been hanged

• If you are accused of witchcraft, you will be hanged.

• if abby hadn’t traveled with nat to other times, nat wouldn’t have been blamed for

Time Meddling

• If you stay too long on the sun, your skin will tan.

• If you have protection, you won’t be affected by a paralysis ray.

• If you are hit by the paralysis ray, you’ll lose consciousness

• If you have a time machine, you can travel through time

• If you are from the 17th century, you won’t be able to speak 25th century language

• If viewers hadn’t been frozen like statues, they would have seen abby’s body being

repositioned to be hanged
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Story : A Gift from Earth

• If the Earthmen come, the people of Zur will talk about them.

• If the youngest brother speaks at the conference, the other brothers become annoyed.

• If anyone on Zur acquires metal, then he or she will become rich.

• Anti-factions exist to oppose any suggested changes.

• Humans use the guise of cooperation to take advantage of one another.

• Zurians and Humans are identical physically.

• If you are born in Zur, you are not an Earthman

• If you are an Earthman, you do not speak the language of Zur

• If Earthman find metal in another world, they will take it

• If you are a Earthwoman, you attract Zurian men easily

• If you are an Earthman, you come from an overpopulated planet

Story : Accidental Death

• Keep climbing even if you keep slipping

• To program the ship for a star-jump, you merely told it where you were and where you

wanted to go

• To program the ship for a star-jump, you merely told it where you were and where you

wanted to go

• Time in space seems shorter than time on earth

• Terminal velocity for a human body falling through air is about one hundred twenty

m.p.h.

• The natives of Chang are hostile towards humans.

• If that suit runs out of oxygen, people will lose consciousness due to anoxia.

http://orion.tw.rpi.edu/~anirudhprabhu/ShortStoriesForMturk/ A Gift from Earth
http://orion.tw.rpi.edu/~anirudhprabhu/ShortStoriesForMturk/ Accidental Death
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• If you switch on the emergency tank, it will bring you back.

• If you crack the suit, you can breathe fresh air.

Story : A Pail of Air

• There is no sound in a vacuum.

• the fire must never go out

• Earth loses sun’s protection if it moves away from it

• Earth gets very cold if taken away from the sun.

• if someone got no air or heat, they freeze to die

• if the character and her Pa and Ma see someone else, they will get scared

• there is vacuum outside the nest, so the air must be taken by pails

• once there is no sun and no moon, they must use clocks to remind them of time

• Always keep a big reserve of air.

• Suit is required to be worn when going out of the nest.

http://orion.tw.rpi.edu/~anirudhprabhu/ShortStoriesForMturk/ A Pail of Air


APPENDIX D

RESULTS FROM CROWDSOURCING EVALUATION

Displayed below are the results from the Crowdsourcing Evaluation from chapter 4. The

tables contain the following headers:

Table D.1: Data description for crowdsourcing evaluation.

Title Description
RuleSet There are 20 rulesets in each batch sent for evaluation. This pa-

rameter keeps track of the rule set. This is used the unique ID for
the evaluation table.

Story This parameter links to the original story for which these rules were
generated. The participants do NOT need to read the story to
evaluate the rules, these story links are included for easing further
processing and linking rule bases to the fact bases.

Rule The rule output by the mechnical turk participants. This is the
result that need to be evaluated.

Accepted/Rejected If there is context for what concept the pronoun is referring to,
then the rule is acceptable. If there is no context for the concept
being referred to with the pronouns, the rule should be marked as
rejected.

Simple/Complex A ”simple” rule, where a condition/fluent is stated to be true or
false for the given world. And a ”complex” rule, where a conditional
trigger is presented and the result of how the world is affected by
that trigger being fulfilled is also document.

CSR/NCSR The Common Sense Rule (CSR) labeling is done based on whether
the rule is understood by the evaluator without having read the
story or without being provided any context for the story. If the rule
does not follow common sense, or the evaluator needs to actually
read the story to verify the validity of the rule, then the rule is
marked as Not a Common Sense Rule (NCSR).

Fixed Rule This column contains the rules that have been corrected by the
evaluators during their review.

Table D.2 shows a preview of the crowdsourcing evaluation. The entire dataset can be

found at ”https://zenodo.org/record/5154094”.
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Table D.2: Data preview for crowdsourcing evaluation.

RuleSet Story Rule Accepted/Rejected Simple/Complex CSR/NCSR Fixed Rule
1 Consignment If you go in the

jungle, the man-
killer will find
you.

Rejected Complex NCSR Undecided

1 Consignment The prisoner did
a bad thing and
now paying for
it.

Accepted Simple CSR The prisoner is
doing time for
his crime.

1 Consignment If the cops know
the prisoner’s
break out, they
will find them.

Accepted Complex NCSR If cops know the
prisoner broke
out, then they
will find him..

1 Consignment If you run on
foot for miles,
your feet will
hurt.

Accepted Complex CSR If you run for
miles, then your
feet will hurt.

1 Consignment Cops are trained
to find prisoners
who escape

Accepted Simple NCSR Undecided

1 Consignment The car was go-
ing too fast.

Rejected Simple NCSR Undecided (su-
perlative)



APPENDIX E

TEXT TO RULE CONVERSION FULL RESULTS

Table E.1: Data description for text to rules conversion results.

Title Description
RuleSet There are 20 rulesets in each batch sent for evaluation. This parameter

keeps track of the rule set. This is used the unique ID for the evaluation
table.

Story This parameter links to the original story for which these rules were
generated. The participants do NOT need to read the story to evaluate
the rules, these story links are included for easing further processing and
linking rule bases to the fact bases.

Rule The rule output by the mechnical turk participants. This is the result
that need to be evaluated.

SitCalcRule This column contains the rules that have been converted to Situation
Calculus Rules written in Golog using the Text2Rules method described
in chapter 5.

Table E.2: Data preview for text to rules conversion results.

RuleSet Story Rule SitCalcRule
1 A Child’s Dream of a Star If children looked at the sky, chil-

dren would always see a bright
star.

looked(children, at the sky)
:- see(children, a bright
star).

1 A Child’s Dream of a Star Looking at the Bright Star made
children imagine many things.

imagine(children, many
things).

1 A Child’s Dream of a Star When the boy looked at the
Bright Star the boy remembers
the boy sister who died at a young
age.

looked(the boy, When) :-
died(who, at a young age).

3 A Child’s Dream of a Star Everything happens at the right
time.

happens(Everything, at the
right time).

3 A Child’s Dream of a Star Death is inevitable. is(Death, inevitable).
3 A Child’s Dream of a Star Patience is a virtue. is(Patience, a virtue).

Table E.2 shows a preview of the text to rules conversion results.The entire dataset

can be found at ”https://zenodo.org/record/5154116”.
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APPENDIX F

EVALUATION RESULTS FOR THE SAAG WORKFLOW

F.1 Interpretability, Coverage and Normalized Coverage

Table F.1: Data description for evaluation results for the SAAG workflow.

Title Description
Story This parameter links to the name of the original story for which

these results were obtained.
Coverage Coverage measures how well the rule base covers the known laws of

the selected world to be modeled.
Coverage normalized The coverage score can be normalized by dividing the obtained

score from the previous step by the count of the facts commonly
occurring in the knowledge base and the rule base.

Interpretability Interpretability measures if the concepts used in the rules are mean-
ingful and/or exist in the knowledge base.

Table F.2: Data preview for evaluation results for the SAAG workflow.

unique.MBR SitCalcRules.Story. Coverage Coverage normalized Interpretability
1 A Child’s Dream of a Star -2.77258872223978 -Inf 0
2 A Cold Night for Crying -49.9065970003161 -Inf 0.113636363636364
3 A Gift from Earth -33.9642118474373 -Inf 0.0714285714285714
4 A Hitch in Space -31.8847703057575 -Inf 0.0634920634920635
5 A Little Journey -12.476649250079 -Inf 0.0555555555555556
6 A Matter of Order -21.4875625973583 -Inf 0.121212121212121

The complete results for all the stories used in the SAAG workflow can be found at

”https://zenodo.org/record/5154156”.

F.2 Lawfulness

Attached below is the detailed output of loading all the rule bases generated using the

SAAG workflow into SWI-Prolog. There are 204 errors produced, which means that 930

lawful rules generated in 65 rule bases by implementing the SAAG workflow.

1 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Child ’ s Dream of

a Star . p l : 5 :

2 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’
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3 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Child ’ s Dream of

a Star . p l : 6 :

4 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

5 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Child ’ s Dream of

a Star . p l : 1 0 :

6 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

7 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Cold Night f o r

Crying . p l : 1 :

8 Arithmet ic : ‘ co ld ’ i s not a func t i on

9 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Cold Night f o r

Crying . p l : 7 : 3 : Syntax e r r o r : Operator expected

10 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Cold Night f o r

Crying . p l : 1 1 : 3 : Syntax e r r o r : Operator expected

11 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Gi f t from Earth .

p l : 1 1 :

12 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

13 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Gi f t from Earth .

p l : 1 2 :

14 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

15 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Gi f t from Earth .

p l : 1 3 :

16 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

17 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Hitch in Space . p l

: 1 1 : 3 : Syntax e r r o r : Operator expected

18 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Hitch in Space . p l

: 1 3 :

19 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

20 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Hitch in Space . p l

: 1 6 :

21 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

22 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Hitch in Space . p l

: 1 7 :

23 Arithmet ic : ‘ s t range ’ i s not a func t i on

24 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Hitch in Space . p l

: 1 8 :

25 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

26 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Hitch in Space . p l

: 2 0 :

27 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’
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28 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A L i t t l e Journey . p l

: 6 :

29 Arithmet ic : ‘ expens ive ’ i s not a func t i on

30 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A L i t t l e Journey . p l

: 1 2 : 1 7 : Syntax e r r o r : Operator expected

31 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Pa i l o f Air . p l : 2 :

32 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

33 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Pa i l o f Air . p l : 9 :

34 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

35 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Pa i l o f Air . p l

: 1 1 : 3 : Syntax e r r o r : Operator expected

36 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Pa i l o f Air . p l

: 1 3 : 3 : Syntax e r r o r : Operator expected

37 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Trave le r in Time .

p l : 1 :

38 Arithmet ic : ‘ yourpre sentaddres s ’ i s not a func t i on

39 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Trave le r in Time .

p l : 3 :

40 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

41 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Trave le r in Time .

p l : 5 :

42 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

43 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Trave le r in Time .

p l : 6 :

44 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

45 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Trave le r in Time .

p l : 7 :

46 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

47 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Trave le r in Time .

p l : 1 0 :

48 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

49 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Trave le r in Time .

p l : 1 2 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

50 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /A Witch in Time . p l

: 4 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

51 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Acc identa l Death . p l

: 1 : 3 : Syntax e r r o r : Operator expected

52 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Acc identa l Death . p l

: 4 : 4 : Syntax e r r o r : Operator expected
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53 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Acc identa l Death . p l

: 5 : 3 : Syntax e r r o r : Operator expected

54 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Acc identa l Death . p l

: 9 :

55 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

56 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Acc identa l Death . p l

: 1 0 :

57 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

58 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Acc identa l Death . p l

: 1 4 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

59 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Al l Cats Are Gray .

p l : 2 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

60 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Al l Jackson ’ s

Chi ldren . p l : 6 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

61 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Al l The People . p l

: 3 :

62 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

63 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Al l The People . p l

: 7 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

64 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Aloys . p l : 1 : 3 :

Syntax e r r o r : Operator expected

65 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Aloys . p l : 7 : 3 :

Syntax e r r o r : Operator expected

66 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Aloys . p l : 1 3 :

67 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

68 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Aloys . p l : 1 5 :

69 Arithmet ic : ‘ v e r y i n t e l l i g e n t ’ i s not a func t i on

70 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Am I S t i l l There ? .

p l : 2 :

71 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

72 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Am I S t i l l There ? .

p l : 6 :

73 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

74 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Am I S t i l l There ? .

p l : 1 5 :

75 Arithmet ic : ‘ exper imenta l ’ i s not a func t i on

76 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Inc iden t on

Route 12 . p l : 4 : 3 : Syntax e r r o r : Operator expected
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77 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Inc iden t on

Route 12 . p l : 8 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

78 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Occurrence at

Owl Creek . p l : 5 :

79 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

80 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Occurrence at

Owl Creek . p l : 1 4 : 3 : Syntax e r r o r : Operator expected

81 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Occurrence at

Owl Creek . p l : 1 9 : 3 : Syntax e r r o r : Operator expected

82 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Occurrence at

Owl Creek . p l : 2 4 :

83 Arithmet ic : ‘ r e c e i v ed ’ i s not a func t i on

84 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Occurrence at

Owl Creek . p l : 2 5 :

85 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

86 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Occurrence at

Owl Creek . p l : 2 7 : 3 6 : Syntax e r r o r : i l l e g a l c h a r a c t e r

87 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Occurrence at

Owl Creek . p l : 2 9 : 3 : Syntax e r r o r : Operator expected

88 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Occurrence at

Owl Creek . p l : 3 1 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

89 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Ounce o f Cure . p l

: 2 : 3 4 : Syntax e r r o r : Operator expected

90 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Ounce o f Cure . p l

: 9 :

91 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

92 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /An Ounce o f Cure . p l

: 1 2 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

93 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /And Al l the Earth a

Grave . p l : 4 : 2 5 : Syntax e r r o r : Operator expected

94 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /And Al l the Earth a

Grave . p l : 8 : 3 : Syntax e r r o r : Operator expected

95 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /And Al l the Earth a

Grave . p l : 1 5 : 2 : Syntax e r r o r : Unexpected end o f f i l e

96 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Arm of the Law . p l

: 1 0 :

97 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

98 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Arm of the Law . p l

: 1 1 :
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99 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

100 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Arm of the Law . p l

: 1 4 :

101 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

102 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /As Long As You Wish

. p l : 4 :

103 Arithmet ic : ‘ o f super i o rmakeandsynthet i c source ’ i s not a func t i on

104 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /As Long As You Wish

. p l : 5 :

105 Arithmet ic : ‘what ’ i s not a func t i on

106 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /As Long As You Wish

. p l : 6 :

107 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

108 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /As Long As You Wish

. p l : 8 :

109 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

110 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Ask a Foo l i sh

Question . p l : 4 :

111 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

112 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Ask a Foo l i sh

Question . p l : 1 5 : 3 : Syntax e r r o r : Unexpected end o f f i l e

113 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /B−12 ’ s Moon Glow . p l

: 1 2 :

114 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

115 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /B−12 ’ s Moon Glow . p l

: 2 8 :

116 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

117 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bad Medicine . p l : 7 :

118 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

119 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bad Medicine . p l : 9 :

120 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

121 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bad Medicine . p l : 1 1 :

122 No permis s ion to modify s t a t i c procedure ‘ c a l l /2 ’

123 Defined at /App l i ca t i ons /SWI−Prolog . app/Contents / sw ip l /boot/ i n i t . p l : 310

124 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bad Medicine . p l

: 1 4 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

125 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bad Memory . p l : 1 0 :

126 Arithmet ic : ‘ g r e a t e r ’ i s not a func t i on

127 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bad Memory . p l : 1 4 :
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128 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

129 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / Be l ly Laugh . p l : 1 :

130 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

131 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / Be l ly Laugh . p l : 8 : 3 :

Syntax e r r o r : Operator expected

132 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / Be l ly Laugh . p l : 1 5 :

133 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

134 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / Be l ly Laugh . p l

: 2 1 : 3 : Syntax e r r o r : Operator expected

135 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bes ide S t i l l Waters

. p l : 1 0 : 3 : Syntax e r r o r : Operator expected

136 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bes ide S t i l l Waters

. p l : 1 2 :

137 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

138 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bes ide S t i l l Waters

. p l : 1 3 :

139 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

140 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Beyond L i e s the Wub

. p l : 4 :

141 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

142 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Beyond L i e s the Wub

. p l : 8 : 3 : Syntax e r r o r : Operator expected

143 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Beyond L i e s the Wub

. p l : 1 0 :

144 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

145 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Beyond L i e s the Wub

. p l : 1 1 : 3 : Syntax e r r o r : Operator expected

146 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Beyond L i e s the Wub

. p l : 1 7 : 3 : Syntax e r r o r : Operator expected

147 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Beyond Pandora . p l

: 4 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

148 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Beyond the Door . p l

: 1 8 :

149 Arithmet ic : ‘ the re ’ i s not a func t i on

150 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Black Eyes and the

Dai ly Grind . p l : 1 :

151 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

152 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Black Eyes and the

Dai ly Grind . p l : 1 6 : 1 : Syntax e r r o r : End o f f i l e in quoted atom
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153 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bread Overhead . p l

: 1 : 1 2 : Syntax e r r o r : Operator expected

154 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bread Overhead . p l

: 7 : 5 2 : Syntax e r r o r : Operator expected

155 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bread Overhead . p l

: 1 1 :

156 Arithmet ic : ‘ r e l e van t ’ i s not a func t i on

157 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bread Overhead . p l

: 1 8 :

158 No permis s ion to modify s t a t i c procedure ‘ f l o a t /1 ’

159 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breakdown . p l : 8 : 3 :

Syntax e r r o r : Operator expected

160 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breakdown . p l : 1 0 : 3 :

Syntax e r r o r : Operator expected

161 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breakdown . p l : 1 2 : 1 :

Syntax e r r o r : End o f f i l e in quoted atom

162 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breeder Reaction . p l

: 1 :

163 Arithmet ic : ‘ areason ’ i s not a func t i on

164 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breeder Reaction . p l

: 2 : 3 : Syntax e r r o r : Operator expected

165 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breeder Reaction . p l

: 7 : 3 : Syntax e r r o r : Operator expected

166 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breeder Reaction . p l

: 1 4 :

167 Arithmet ic : ‘ t rue ’ i s not a func t i on

168 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breeder Reaction . p l

: 2 0 :

169 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

170 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breeder Reaction . p l

: 2 1 :

171 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

172 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breeder Reaction . p l

: 2 4 : 3 : Syntax e r r o r : Operator expected

173 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breeder Reaction . p l

: 2 6 :

174 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

175 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Breeder Reaction . p l

: 2 7 :
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176 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

177 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bridge Cross ing . p l

: 6 :

178 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

179 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bridge Cross ing . p l

: 8 :

180 Arithmet ic : ‘ phenomenal ’ i s not a func t i on

181 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bridge Cross ing . p l

: 1 5 :

182 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

183 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Bright I s l and s . p l

: 8 : 3 : Syntax e r r o r : Operator expected

184 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Brown John ’ s Body .

p l : 1 1 : 3 : Syntax e r r o r : Operator expected

185 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /By Ear th l i gh t . p l

: 4 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

186 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l

: 1 : 3 : Syntax e r r o r : Operator expected

187 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l

: 3 : 3 : Syntax e r r o r : Operator expected

188 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l : 5 :

189 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

190 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l : 9 :

191 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

192 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l

: 1 0 : 3 : Syntax e r r o r : Operator expected

193 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l

: 1 6 : 3 : Syntax e r r o r : Operator expected

194 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l : 1 9 :

195 Arithmet ic : ‘ p o s s i b l e ’ i s not a func t i on

196 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l : 2 0 :

197 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

198 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l

: 2 1 : 3 : Syntax e r r o r : Operator expected

199 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l : 2 7 :

200 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

201 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l : 2 9 :

202 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’
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203 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l

: 3 1 : 3 : Syntax e r r o r : Operator expected

204 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l : 3 4 :

205 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

206 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cancer World . p l

: 3 7 : 3 : Syntax e r r o r : Operator expected

207 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 2 : 3 : Syntax e r r o r : Operator expected

208 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 5 : 3 : Syntax e r r o r : Operator expected

209 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 8 :

210 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

211 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 1 0 : 0 : Syntax e r r o r : Operator expected

212 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 1 1 :

213 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

214 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 1 4 :

215 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

216 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 1 5 : 3 : Syntax e r r o r : Operator expected

217 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 1 8 : 3 : Syntax e r r o r : Operator expected

218 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 2 1 : 3 0 : Syntax e r r o r : Operator expected

219 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 3 1 :

220 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

221 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 3 7 :

222 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

223 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 3 9 : 3 : Syntax e r r o r : Operator expected

224 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 4 3 :

225 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’
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226 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cause o f Death . p l

: 4 4 : 3 : Syntax e r r o r : Operator expected

227 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Chain Reaction . p l

: 2 : 1 3 : Syntax e r r o r : Operator expected

228 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Chain Reaction . p l

: 6 :

229 Arithmet ic : ‘ atabank ’ i s not a func t i on

230 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Chain Reaction . p l

: 1 7 :

231 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

232 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Circus . p l : 8 :

233 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

234 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Circus . p l : 9 :

235 Arithmet ic : ‘ s im i l a r ’ i s not a func t i on

236 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Circus . p l : 2 4 : 3 :

Syntax e r r o r : Operator expected

237 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Coming Att rac t i on .

p l : 2 :

238 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

239 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Common Denominator .

p l : 3 :

240 Arithmet ic : ‘ fromVenus ’ i s not a func t i on

241 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Common Denominator .

p l : 1 6 :

242 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

243 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Common Denominator .

p l : 2 0 :

244 Arithmet ic : ‘ r a t h e r c o s t l y ’ i s not a func t i on

245 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Common Denominator .

p l : 2 4 :

246 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

247 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Common Denominator .

p l : 3 1 :

248 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

249 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Common Denominator .

p l : 3 3 :

250 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

251 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Communication . p l

: 7 : 1 : Syntax e r r o r : End o f f i l e in quoted atom
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252 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Consignment . p l : 5 :

253 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

254 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Consignment . p l : 8 :

255 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

256 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Consignment . p l

: 1 1 : 3 : Syntax e r r o r : Operator expected

257 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Control Group . p l : 1 :

258 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

259 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Control Group . p l : 3 :

260 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

261 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Control Group . p l

: 4 : 3 : Syntax e r r o r : Operator expected

262 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Control Group . p l : 7 :

263 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

264 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Control Group . p l

: 9 : 3 : Syntax e r r o r : Operator expected

265 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Control Group . p l

: 1 3 : 3 : Syntax e r r o r : Operator expected

266 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Control Group . p l

: 1 5 :

267 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

268 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Control Group . p l

: 1 7 :

269 Arithmet ic : ‘ impos s ib l e ’ i s not a func t i on

270 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Crossroads o f

Dest iny . p l : 4 : 9 : Syntax e r r o r : Operator expected

271 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Crossroads o f

Dest iny . p l : 9 :

272 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

273 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Cry from a Far

Planet . p l : 6 : 3 : Syntax e r r o r : Operator expected

274 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dead World . p l : 8 :

275 Arithmet ic : ‘ ab so lu t e ’ i s not a func t i on

276 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dead World . p l : 1 1 : 3 :

Syntax e r r o r : Operator expected

277 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dead World . p l : 1 3 : 3 :

Syntax e r r o r : Operator expected

278 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dead World . p l : 1 9 : 3 :

Syntax e r r o r : Operator expected
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279 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dearest Enemy . p l : 1 :

280 Arithmet ic : ‘ s e l f ’ i s not a func t i on

281 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dearest . p l : 3 :

282 Arithmet ic : ‘ near ’ i s not a func t i on

283 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dearest . p l : 4 :

284 Arithmet ic : ‘ near ’ i s not a func t i on

285 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dearest . p l : 5 : 1 :

Syntax e r r o r : End o f f i l e in quoted atom

286 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Death Wish . p l : 5 : 2 :

Syntax e r r o r : Unexpected end o f f i l e

287 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Death o f a Spaceman

. p l : 4 : 3 : Syntax e r r o r : Operator expected

288 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Diagnos i s . p l : 3 : 5 0 :

Syntax e r r o r : Operator expected

289 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Diagnos i s . p l : 1 3 : 3 3 :

Syntax e r r o r : Operator expected

290 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Diplomatic Immunity

. p l : 1 0 : 1 4 : Syntax e r r o r : Operator expected

291 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Diplomatic Immunity

. p l : 1 2 : 1 4 : Syntax e r r o r : Operator expected

292 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s a s t e r Rev i s i t ed .

p l : 2 :

293 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

294 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s a s t e r Rev i s i t ed .

p l : 3 :

295 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

296 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s a s t e r Rev i s i t ed .

p l : 7 :

297 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

298 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s a s t e r Rev i s i t ed .

p l : 1 2 :

299 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

300 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s a s t e r Rev i s i t ed .

p l : 1 6 : 3 : Syntax e r r o r : Operator expected

301 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s a s t e r Rev i s i t ed .

p l : 1 9 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

302 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s q u a l i f i e d . p l

: 1 : 3 : Syntax e r r o r : Operator expected

303 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s q u a l i f i e d . p l : 4 :
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304 Arithmet ic : ‘ amorethorough inves t igat ion ’ i s not a func t i on

305 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s q u a l i f i e d . p l : 8 :

306 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

307 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s q u a l i f i e d . p l

: 1 3 : 9 : Syntax e r r o r : Operator expected

308 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s / D i s q u a l i f i e d . p l

: 1 7 : 1 : Syntax e r r o r : End o f f i l e in quoted atom

309 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dis turb ing Sun . p l

: 3 :

310 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

311 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dis turb ing Sun . p l

: 6 : 3 : Syntax e r r o r : Operator expected

312 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dogfight −−1973. p l
: 6 :

313 No permis s ion to modify s t a t i c procedure ‘ ( i s ) /2 ’

314 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dogfight −−1973. p l
: 1 0 :

315 Arithmet ic : ‘ c loseenough ’ i s not a func t i on

316 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Dogfight −−1973. p l
: 1 1 : 1 1 : Syntax e r r o r : Operator expected

317 ERROR: /Users /anirudhprabhu/Dropbox/Work/Thes i s / Ru l e F i l e s /Don ’ t Shoot . p l : 2 : 1 :

Syntax e r r o r : End o f f i l e in quoted s t r i n g

318 t rue .

319

320 ?−

Figure F.1: Detailed output loading all rule bases into the SWI-Prolog

environment.
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