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Resumo
A representação de nós é documentada por marinheiros de há séculos para cá e, apesar da importância
do tópico, uma representação categorial de nós através de um sistema experiente não é um tema
recorrentemente abordado. Num universo de cerca de 1300 nós diferentes, saber que usar em cada
situação específica nem sempre se verifica uma tarefa trivial. Através do uso de clustering hierárquico
para construir uma taxonomia, o sistema permite uma pesquisa sobre o dendrograma, tirando partida
de dois níveis de abstracção de características, e admitindo um novo método para calcular a incerteza
durante a procura. Com o sistema de representação categorial de nós de marinheiro é esperado que
um utilizador não experiente possa saber qual o nó que deve correctamente utilizar numa situação
específica, como remendar uma vela ou resgatar alguém que tenha caído ao mar.

Palavras-chave: Categorização, Incerteza, Clustering, Taxonomia, Sistema Especialista, Nó
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Abstract
Knot representation has been documented by seamen for some centuries and, despite the topic’s
significance, a categorical representation of knots through an expert system is not often addressed. In
a universe of about 1300 possible knots, knowing which knot to use in a specific situation is not always
trivial. Using tree clustering to create a taxonomy, the system enables queries to be performed over the
dendrogram, taking advantage of two levels of feature abstraction, and admitting a novel method of
uncertainty to perform the search. With the seaman’s knot categorical representation system, it is
expected that a non-expert user can easily know which knot to use on a boat or in a specific situation,
like when patching a sail or when rescuing someone thrown overboard.

Keywords: Categorization, Uncertainty, Clustering, Taxonomy, Expert System, Knot
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Chapter 1

Introduction
1.1

Motivation

It is a difficult task for a non-expert person to identify a knot. The following example, even it could be
rather appalling, exposes the situation very well. The Yardarm in Figure 1 is a knot that is built with
exactly six feet of rope and is used at sea for the very same purpose as the next knot - Hangman’s knot
(Figure 2). It is widely spread through popular culture and can be easily identified, for example, in
western genre movies. It can be described as a noose with 8 to 13 turns around the bight and its main
purpose is to hang people. If a non-expert examines this knot is very unlikely that he/she would identify
it, even though both knots are used for the very same purpose.
If one is not an expert in the knot domain, it would be impractical for one to find either knot by searching
only through their name. If one does not know how tie the knot, it would also be impractical to search
for the knot based only on their number of turns or the type of rope to be used. A much straightforward
way to find the knot would be to know its purpose, or in other words taking in to account its features.
On board of a ship, many knots are used. Some of them serve many purposes, others are very task
specific. To put into perspective, Figure 3 represents the various parts of a ship of war of the third rate
and the sections of a ship of war of the first rate. The larger ships could have 80 guns or more distributed
by 3 gun decks and carry a crew of over 800 men (Rodger 2006).
Sailors were able to tie hundreds of different knots, and choose wisely depending on the task they were
performing. This work will make clear on how a system with categorical representation can depict their
expertise.

Figure 1 – Yardarm’s knot.

Figure 2 – Hangman’s knot.

Figure 3 – Parts of a ship of war of the third rate and the sections of a ship of war of the first rate. This illustration reveals
the complexity of activities aboard a ship and how knots play an important part on their execution (Chambers 1728).

A system of categorical representation of seaman’s knots is able to replicate an expert in this domain.
This system can be used by a variety non-experts to acquire the knowledge of the expert. It can be used
by police forces in aid of investigations (Budworth 1982), by the navy as an aid for teaching new recruits,
by scout groups, or by any individual that has a recreation motif to use knots.
This system introduces a new form of dealing with uncertainty, based in quantum computation. In this
system, the method allows the retrieval of knots based on the belief of having features, aggregated with
a probability. A user can search for knots that both have and don’t have a feature.
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1.2

Problem Description

Knots are used since immemorial times and play an important role in human his-tory. Even though it is
an important subject, it is not often addressed by computer science.
The knowledge representation and categorization problem is not trivial to address since the knowledge
is sensitive to its domain.
As stated, one of the solutions to address knowledge representation is the usage of a category structure.
In the domain of seaman’s knots, this approach makes a particularly sense, since knots can be
described through internal characteristics, like safe, easy to untie, or ornamental, and usage
characteristics, like used in a sail, or around a tool.
An inexistence of a system that models the expertise of a seaman on knots and lets a user to address
those knots motivated us to make this solution.

1.3

Objectives

The focus of this thesis is to verify if the hierarchical categorization is a reliable approach to represent
the seaman’s knowledge in the knots domain and if this knowledge is easily addressable and retrievable.
The purpose of this system is to categorize seaman’s knots by their features in a taxonomy structure
and allow their retrieval based on the belief of presence or absence of features.
It is intended for the user to be able to query a taxonomy of knots created through hierarchical clustering,
by taking advantage of two levels of features abstraction, and admitting a possibility of uncertainty in the
search.

1.4

Structure

Chapter 2 – Domain of knots, making an acknowledgement on the importance of the subject.
Chapter 3 – Description of various ways of knowledge representation, in order to give a broader view
on how the system could be implemented.
Chapter 4 – Discussion of the architecture solution and all the thinking that was made to get to the final
solution.
Chapter 5 – Experiments and results performed to stress the assumptions made in the architecture.
Chapter 6 – Conclusions of this system and what future work can be done.
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Chapter 2

Knots
2.1

About Knots

Knots represent an important part in the human evolution and it is argued that the knots’ usage predate
the mankind usage of the wheel or the fire (Cotterell & Storm 2003) and were even used as an ancient
language code (Silverstein 2012). There is also a field in mathematics is dedicated to the study of knots
(Crowell & Fox 1963). In fact, besides humans, other animals like the gorilla (Herzfeld 2005) or the
weaver bird (Quader 2005) know how to use knots, which indicates the importance of the subject.
Evidence of usage of knots by the pre-historic man is hard to find, as the materials used to make them
have long deteriorated. Anyhow, the existing evidence makes it possible to prove that the usage of knots
had an impact in their daily lives. For example, the oldest fishing net ever discovered is dated as being
10.000 years old (Hogan 2009).
The application of knots extends to the most diverse contexts and the most obvious one is sailing. The
origin of the term ‘knot’, the nautical mile per hour, is due to the ship log, a tool that used a log tied to
the end of a rope and that was tossed to the sea to measure the ship’s velocity. This rope had knots
tied in regular intervals, letting the sailors know how much time it would take to travel an interval, or in
other words the time that would take between ‘knots’.
Merriam-Webster dictionary defines knot as “an interlacement of the parts of one or more flexible bodies
forming a lump or knob”, which leads us to conclude that a knot, by itself, doesn’t represent much without
is context. Clifford Ashley, in his book of knots (Ashley 1944), describes hundreds of different knots for
diverse applications, being the great majority of them related to sailing. In fact, most of the knots
considered relevant have their source and names based on ships’ necessities when they were at sea.

2.2

Knots’ Characteristics

There are several books about seaman’s knots, for example ‘The Ultimate Encyclopedia of Knots and
Ropework’ (Cotterell & Storm 2003), ‘Arte de Marinheiro’ (Silva 1992), or ‘The Ashley Book of Knots’
(Ashley 1944). Usually chapters divide knots by type.
Before going any further, one must acknowledge that there is a proper terminology for the parts of the
rope where the knots are being held. This terminology can be checked in the following Figure 4.
The different types of knots translate into different utility purposes. Ashley presents the following:
1. Occupational – Knots borrowed by sailors and that serve several purposes.
2. Knob, single-strand stopper or terminal – Tied in the rope’s end usually to prevent unreeving using a
unique hawser or strand (both further referred only as strand).
3. Knob, single-strand lanyard – Knob done on the rope’s bight using only one strand.
4. Knob, single-strand button – Knob where the working end forms a unique stem.
5. Knob, multi-strand or terminal – Tied on the rope’s end usually to prevent unreeving and using the
rope’s strands.
6. Knob, multi-strand lanyard – Using a short piece of rope, it is used to hold something or to form a
handle.
7. Knob, two-strand lanyard – Knobs built using two ropes.
8. Knob, multi-strand buttons, tied in hand – Like single-strand knots that are never untied.
9. Knob, multi-strand buttons, tied on the table – Multi-strand buttons for heavy ropes.
10. Single-loop – used to tie rope to another object. It has one loop that is tied on the working end or in
the bight.
11. Double and multiple-loop – It is used to tie rope to another object: it has two or more loops and is
tied on the working end or in the bight.
12. Noose – Variety of loop knot, where the loop contracts when the rope is pulled.
13. Tied in the bight – Knots that are tied in the bight.
14. Crossing – Ties together two ropes’ bights or two ends of the same rope.
15. Binding – It is used to wrap something. The rope’s ends are tied together or are stuck under the
turns.
16. Turk’s head – Tubular knot made over a cylindrical shape.
17. Bends – It is used to tie two ropes or two parts of the same rope, either on the ends or in the bight.
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18. Shroud – These knots are multi-strand bends and are usually used as an emergency repair of
rigging.
19. Belaying and make fast – It is used to tie ropes onto another object. Belay stands for taking S-turns
around an object, make fast is to add a single hitch over the belaying.
20. Hitches to spar and rail – Round turn used to permit a right angle pull.
21. Hitches to masts, rigging and cable - Round turn used to support lengthwise pull.
22. Hitches to stake and post, pile and bollard – Round turn used to stop the boat.
23. Ring hitches – It is used to attach the rope around a ring (like on an eye of an anchor).
24. Hooks, beckets and toggles – Tie the rope around hooks.
25. Holdfasts – Weak knots, made to quickly hold an object to something.
26. Occasional – Specific knots situation, like the midshipman’s hitch, used to rescue man fallen
overboard, or a lock knot used around a roll to tie it.
27. Lashings and slings – Wrap and bind, with a multiplicity of turns, boxes or other containers for
transportation or storage, or to tie two objects together.
28. Monkey’s fist – It is used on the end of a heaving line and tied over a weight, like a stone or a marble.
29. Flat – It is used aboard the ship to prevent gear from chafing. It can be identified by having only “two
dimensions” because it serves a purpose only when displayed attached to an object.
30. Fancy – Ornamental knots, despite of having a utilitarian purpose or not.
31. Square – Commonly called as ‘macramé’.
32. Tricks – Knots that are used for amusement, usually to perform illusions.
33. Splices, Long and Short – Splices are used to fast two ends of a rope together.
34. Splices, Eye – Splices that form an eye in a rope.
35. Splices, Odd – Splices that are somehow inventive.
36. Sinnet, Chain – Sinnets are used to prevent gear from chafing. Chain sinnets resemble square
knotting.
37. Sinnet, Flat – Flat or tubular sinnets with little or no torsion.
38. Sinnet, Solid – Non-flat or non-tubular sinnets that usually require cores.
39. Marlingspike, Practical – Rigging for practical purposes.
40. Marlingspike, Decorative – Rigging for decorative purposes.
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From the previous categories one can extract environmental features for the knot. For example, from
the lashing knots one can infer that they are used around containers, and that they are probably done
in the bight of the rope. The first feature, around container, is directly retrieved from the type of knot,
since lashings are used for transporting containers, like boxes for example. Even though some of the
lashing knots are using the working end or using both ends of the rope, most of the lashing knots are
done in the bight. Knowing this, one can assume that, probably, any lashing knot is done in the bight of
the rope. The assumption of probability is addressed ahead in the salience section.
Ashley also classifies some of the knots over several functional characteristics. The relevant
characterizations are the following:
•

Important

•

Unimportant

•

Strong

•

Weak

•

Practical

•

Impractical

•

Useful and Ornamental

•

Purely Ornamental

•

Best for a given purpose

•

For the Initiated only

•

Reliable

•

Dangerous

•

Difficult to untie

•

Easy to Untie

•

Liable to Capsize

•

Of Theoretical Interest

•

General Utility

If a knot is described as strong it is assumed that is one feature of the knot. There is also a special
nomenclature for the rope sections, on where the knots are tie, as one can see in Figure 4.
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Figure 4 – Rope sections. The rope goes from the Working End, where knots are usually held, to the running end. The
remaining sections are used in knots.
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Chapter 3

Knowledge Representation
Knowledge representation is the field of study that tries to organize the information in a way that a
computer can identify (Russel & Norvig 2010).
Knowledge representation requires two things – the knowledge base and an interpreter that manipulates
it. These two parts, in the context of knowledge representation, by themselves alone have no useful
representation, i.e. a set of objects alone doesn’t have any usefulness if one doesn’t know how to use
them and vice-versa (Stillings et al. 1987).

3.1

Conceptual Representation

Accordingly to Osherson, the thinking process is done by creating representations of aspects of the
world and mentally manipulating them (Osherson et al. 1998).
There are two kinds of representations objects – natural kinds and artifacts. The first are the ones that
occur in nature, like flora or fauna, the second represents the categorization of artificial (person-made)
objects, like t-shirts or knots.
One of the principles associated with categorization is similarity. If two objects are similar to one another
there is a possibility for categorization. Furthermore, there is the possibility to infer visible properties
from invisible ones.
There are two major forms of categorization, coding experience and licensing of inferences. Coding
experience is probably represented in its primary form through categorization. By observing objects, we
might instantiate an object, e.g. a chair, and later extrapolate the characteristics for other chairs. This
enables us to greatly reduce the reasoning processes (which are known to be limited).
One of the mostly known ways to represent this categorization is through taxonomy which is a hierarchy
with successive levels that increasingly generalize objects, and where intermediate levels are more
likely to code experience than higher or lower levels (Rosch et al. 1976). For example, the concept of
mammal would be in a higher level, dog would be in an intermediate level, and ‘Snoopy’ would be in a
lower level.
Inference is the generation of a new belief through another belief. The inference can be deductive, which
implies the new belief is impossible to be false if the old one is true, or inductive, which states that the
new belief is improbable of being false if the old one is true.
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Another aspect of categorization is the inductive potential. For example, if we consider all the existing
objects that are ‘blue’ and all the existing objects that ‘weight 20 kg’, it is easy to imagine an interception
between them, like a big blue ball. Yet, both of them are not usually treated as a category even though
they may have features in common. This happens because there are no other salient properties other
than blue for the ‘blue’ objects, or 20 kg for the objects that ‘weight 20 kg’. Therefore, no other invisible
properties can be assumed, just remotely supposed.
There are two approaches to measure the similarity between two objects – Geometrical and Featural.
The Featural compares the similarity regarding the object’s order, for example, it is different to say “The
tea smells like cinnamon” than “the cinnamon smells like tea”. Even though the distance between the
features is the same, they are not symmetrical. In the present document, this approach is not relevant,
therefore not addressed.
In the Geometrical approach, the dissimilarity between two items is measured and represented by a
distance in a multidimensional space. To find categories, one lays on the notion of nearest neighbor.
However, there is the course of dimensionality, when one searches for similarities between pairs of
items, one might find that too many similar items (or nearest neighbors) are considered – e.g. 18 pairs
out of 20. In a metric space, it is not possible for an item to have so many neighbors, making this
approach rather inadequate.

3.2

Human motivation for representing knowledge

An AI approach to knowledge representation usually implies, even if implicit, an epistemological attitude
that can be viewed as “reductionist”, i.e. it tries to break the knowledge into primitives so it can be
modeled in a pragmatic way (Stillings et al. 1987).
The references for all the scientific classifications are the botanic and zoological classifications of the
XVII and XVIII centuries (Otman 1996). Those classifications are done by experts who retrieve the
criteria that they find significant (Otman 1996).
To encode knowledge, it is proposed that it settles in three dimensions (Sowa 1999), the User, the
Applications, and the Database. As one can see in Figure 5, a conceptual schema unifies all the
dimensions, where each dimensions serves its own purpose. Even though there is a separation of
responsibilities, the user interface performs queries and edits over the database, the database grants
persistence of data that can be used and shared with the applications, and applications enable actions
and services over the user interface.
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Figure 5 – Conceptual Schema for an integrated system (Sowa 1999).

3.3

Features

In order to find a category for an object, one may first have to insert an instance of that object into
another category (Osherson et al. 1998). This happens because humans represent the world through
categorization and try to fit objects in the best representation possible. In psychology, these
representations are called concepts.
The notion of categorization through an object is possible because objects present features. This
approach was primarily made in the Artificial Intelligence environment in the LISP implementation
manual (McCarthy et al. 1960), where an object is referred as being associated with properties. Such
approach lead to what is nowadays acknowledged as object-oriented programming (Russel & Norvig
2010).
To measure the similarity between objects in order to categorize them, one may use features. Tversky
uses an approach that counts the number of discrete features that are associated with a certain object
(Tversky 1977). Similarity between objects is assumed to increase with the number of features they
share (Osherson et al. 1998). To calculate the similarity between two objects, one may use the following
equation inspired in the Tversky model and where Ca is the category an B the feature set (Wichert 2000;
Tversky 1977):
𝑆𝑖𝑚𝑐(𝐶𝑎, 𝐵) =
=

|𝐶𝑎 ∩ 𝐵| |𝐶𝑎 − (𝐶𝑎 ∩ 𝐵)|
−
|𝐶𝑎|
|𝐶𝑎|

(1)

2
. |𝐶𝑎 ∩ 𝐵| − 1 ∈ [−1,1]
|𝐶𝑎|

The similarity function observes the number of present features and subtracts the number of absent
features, this way obtainning the similarity between a feature set and a category. The result is given in
the [-1, 1] boundary, where 1 is the most similar and -1 is the less similar.
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3.4

Hierarchical Representation

Treating characteristics individually and equally, without co-relating them, leads to a lack of structure
(Yang & Liu 1999). Even though the reference is to internet digital documents the same principle
persists. One of the possibilities is the usage of hierarchical structures.
With hierarchical representation is possible to improve usability through keyword-based classification,
and enable an efficient and accurate search through divide-and-conquer (Li et al. 2007).
One approach to hierarchical representation is with an automatic hierarchy generation. First we must
create a class relationship, by defining the similarities between those classes. Then a hierarchical
clustering method is used to build that hierarchy (Li et al. 2007).
The taxonomical categorization can be regarded as the fundament of the classification systems (Otman
1996). It relates the characteristics that are associated with a state and associates a value to each
characteristic, which turns that characteristic into a quantifiable measure.

3.5

Salience

Salience is used to emphasize the importance of a feature. Greater salience is given to features with a
greater importance (Smith & Medin 1981; Wichert 2000). In a category, features can be either present
or not. If they are present, they can be described with a certain relevance, which is the cardinality of the
set. To say that it is cold and to say that it is freezing or very cold is different in terms of salience (freezing
has a greater salience than cold). A sub-set of features for a category can also be regarded as a subcategory. If a sub-category is not going to be represented by any more features, it can still be
characterized by invisible features. Wichert states that, to each feature, a number of invisible features
should be attributed, depending on its relevance. This is a possible approach to deal with uncertainty,
even though it is not chosen to model the uncertainty in the knot categorization system.

3.6

Binary Vectors

Binary vectors are structures whose elements are either 0 or 1, and are used to represent features
(Wichert 2005) where the absence of a feature is translated by a 0 and the presence by a 1.
To illustrate with an example, take in consideration the features A, B, C, D, E, F, and G. Suppose
features A and F are features that are present for a certain object. The object can be characterized by
the binary vector [1 0 0 0 0 1 0].
These vectors are used to represent the known features for a knot.
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3.7

Productive System

Barnes states that the one of the essential properties of thought is the event prediction (Barnes 1944).
Cognitive psychology acknowledges the brain as an information-processing device and, to translate that
information into predictive events, there are three key steps that can be applied to a knowledge-based
agent:
A stimulus as to be treated as an internal representation for the agent,
The representation needs to be processed in a cognitive way so new internal representations can be
generated, and there is a retranslation into the action (Barnes 1944; Russel & Norvig 2010).
The same principles apply to the “Working Memory” in a system that models the human short-term
memory, where the steps are the Perceptual Processor, the Cognitive Processor, and the Motor
Processor (Newell 1994).
The productions of this “working memory” are then part of the long-term memory (Russel & Norvig 2010).
Productions are condition-action rules where a stimulus triggers an if-then rule and an action occurs.
The production system theory is a case of success in computer models of human problem solving
(Wichert 2014). This system theory intends to achieve a goal, which is a desired situation, through a
sequence of actions, and through a computational theory on how a human behaves. The production
system is composed of:


Set of rules. The if-then rules that represent the human-modeling for long-term memories, also
called productions.



Working Memory. A set of rules that characterize the current state of the world.



Recognize act cycle. The cycle of using the working memory with the productions to produce
new rules.

Figure 6 – Production system. The working memory serve as input to the long term memory, where the set of rules is
modified. This set of rules serve as input to the working memory (Wichert 2014).
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3.8

Deductive systems

Deductive systems are a subgroup of production systems (Winston 1993; Wichert 2000). Like productive
systems, they are a rule-based system where the consequences of an assertion are used in a working
memory.
In deductive systems, differently to the reaction systems, strategies of conflict resolution are not needed
because any rule that is produced can lead to a possible assertion. This implies that the complete set
of rules can be triggered.
Another particularity of deductive systems is that they may either produce rules forward or backwards,
i.e. they may use forward chaining and backward chaining. The forward chaining produces rules from
the antecedent to the consequence of the rule, the backward chaining produces the rules from
consequence to the antecedent. Backward chaining may be used when the set of rules is empty,
granting that all the features get concentrated. Forward chaining permits to run the productions without
having to worry about hypothesis that are not present in the features.
To represent the knowledge in a formalized and understandable way one may take the mental method
of an expert (Lucas & van der Gaag 1991; Otman 1996; Wichert 2000). One possible and frequent way
to represent knowledge as an expert system is through a taxonomy, as it happens in animal taxonomy,
metallurgical industry parts, or with sailor’s knots.

3.9

Decision Trees

Decision trees have their origin in the economic, finance, and management context (Russel & Norvig
2010). They were regarded as tools to make decisions over simple problems. Their structure is plain,
having their value on the nodes where an event occurs and a certain decision is made (Smith 2010).
Decision trees take as input a vector of attributes and have as output a single value. Figure 7 represents
a decision tree where the following attributes are given with certain values (Quinlan 1986):
-

outlook [sunny, overcast, rain]

-

temperature [cool, mild, hot]

-

humidity [high, normal]

-

windy [true, false]

The usage of decision trees can be directly applied to the rules used in a taxonomy (Wichert 2000;
Quinlan 1986), firstly because a node corresponds to a decision on which branch should be chosen
next, and secondly because this decision, for both the decision tree and the taxonomy, has to be
weighed. In summary, there is a set of hypothesis and there is a need to choose a good hypothesis.
But to choose a good hypothesis one must analyze the features from the set. As it was previously stated,
there are two approaches relevant for decision making, salience and uncertainty. Salience is easily dealt
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with by attributing a heavier weight to the features with a higher salience, giving more importance to
these features. As for uncertainty, we can measure it through entropy:
𝐻(𝑉) = ∑ 𝑃(𝑣𝑘 ) log 2
𝑘

1
= − ∑ 𝑃(𝑣𝑘 ) log 2 𝑃(𝑣𝑘 )
𝑃(𝑣𝑘 )

(2)

𝑘

Through a fair estimation of salience and entropy, it is possible to establish a realistic probability for the
decision tree.

Figure 7 – Decision tree. To predict the weather forecast, attributes are hierarchized in such a way that temperature is the
most important attribute to make a decision, in order to realize if the outcome is either a Positive or a Negative instance
(Quinlan 1986).

3.10 Clustering
Clustering (Gorunescu 2011) is the process of grouping objects that aggregate a same set of
characteristics. Those aggregations are called clusters. Objects are similar inside a cluster and
dissimilar with objects from other clusters.
There are four common formulas to measure the distance between clusters:
-

Minimum distance, also called nearest-neighbor

-

Maximum distance

-

Mean distance

-

Average distance

The techniques for clustering might be generically classified as partitional clustering and hierarchical
clustering (Everitt 2011; Liu et al. 2000). Han also considers other methods for clustering (Gorunescu
2011): density-based, grid-based, model-based, methods for high-dimensional data, and constraintbased clustering.
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Partitional clustering divides n data records by k clusters, in such a way that the grouped data records
are closer to each other than to other data records in different clusters. This type of classification has
the disadvantage of having different results due to: the initial seeds, the outliers and the order of data
records.

3.11 Tree Clustering
In Hierarchical clustering, the number of partitions is not set from the beginning. Instead, a sequence of
partitions is made, so that the data records are combined into clusters to make a tree. Tree clustering
(Gorunescu 2011), also called dendrogram, is a commonly used algorithm which groups the inner
similarities in a pattern set in such a way that, for n patterns, the final tree is a binary tree having n
clusters. For these n patterns, a sequence of ‘1 to n’ clusters is formed. This sequence can be formed
either Bottom-up or Top-down. Bottom-up aggregates the data records by working from the leafs to the
root. Top-down divides the data to make the clusters and working from the root to leafs;
Hybrid (Chipman & Tibshirani 2006), through the usage of mutual clusters, i.e. a subset of data where
the distance between data features is smaller than the minimum distance from any data feature in the
subset to outside the subset.
These clusters, once made, cannot be changed (Everitt 2011).
An inherit problem of clustering is the Curse of Dimensionality (Beyer et al. 1999). This problem states
that, as dimensionality grows, the distance between the various data records gets progressively similar,
i.e. the distance difference from the nearest neighbor to the farthest neighbor gets drastically the same.
Such problem puts the clustering technics to waste.
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Chapter 4

Solution Proposal
The purpose of this system is to categorize seaman’s knots by their features in a taxonomy structure
and allow their retrieval based on the belief of presence or absence of features.
The various steps to accomplish this objective are described below. They include the formation of the
dataset and how the data is structured, the hierarchical clustering algorithm, the process of retrieval,
and the role of uncertainty in dealing with that retrieval process.

4.1

Overview and Architecture

In order to achieve a categorical representation that can be later manipulated to retrieve results, one
can divide the system in two distinct moments: the actual construction of the data and its categorization,
and the retrieval process that allows the user to consult the data and achieve positive results.
Figure 8 depicts a broad modules view on how the data is manipulated before it is able to be clustered.
First, a dataset was created resorting to a book of knots and over the manual extraction of their features.
After merging the unique knots into single entries, the knot’s data could be divided into two levels of
resolution, a more general of features and a more specific of atomic features. In order to have a
representation that is easily manageable, the knots are represented by features in a binary array and
the atomic features in a map structure where a feature is the key and a binary array of atomic features
is the value. Finally, the data is ready to be categorized in a form of a tree cluster, also called as a
dendrogram. The final result is a taxonomy of knots that share equal features and is able to be searched.
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Figure 8 – Pipes and Filters View on the data creation modules. Data has to be organized into a formal representation before
the clustering.

This search is performed by a user that wants to know a knot based on its features. As one can see in
Figure 9, there are three layers of abstraction to the implemented code.
The user is only able to search for features and expect the return of a knot that has those features. This
is called the presentation layer.
In the logic layer, the query made by the user takes a form that can be interpreted by the system, in
order to retrieve a set of knots. In this layer, the user’s input is break apart into features, atomic features,
and uncertain values, according to the words that were written. For each of these words there is a
confirmation on either the term is present in the taxonomy. If the term is not present, synonymous terms
are looked up in a dictionary. If a synonymous word is found in the taxonomy, the term is substituted by
its synonymous. Then the uncertainty of possible values is considered. This uncertainty allows the user
to search for terms that might or might not be present in the knot. Finally, the user’s query is in the same
formal form as the knots in the dendrogram.
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Figure 9 – Pipes and filters and layers view on the retrieval process. The query needs to travel trough three layers in order to
retrieve a result. The user is only able to see the presentation layer.

With this formal procedure, the query takes place in the data layer, where the dendrogram is searched
for knots with similar specifications as the ones in the original user’s query. These results are later
returned to the logic layer where the final probability of the results being satisfactory is calculated –
based on the similarity between the knots from the query and the knots in the dendrogram – and finally
displayed to the user.
We believe this solution fulfils the solution for the presented problems for reasons on both domain and
retrieval modules.
The corpus is built using a reliable source, which allows the knots of the taxonomy to be meaningful in
the light of the problem. If the knots were represented by random features or if they were characterized
based on uncheckable facts, the domain wouldn’t be so meaningful and queries would return hollow
results.
Knots are related between themselves, which approximates the categorization process of the human
brain and allow the comprehension on how knots are aggregated based on their features.
Query’s information is maximized through the search of synonymous features. If a feature can be
translated by many synonymous features, they are probably not all represented in the categorization
system. Anyhow, this synonymous words can be compared to the existing features in the dendrogram,
allowing the user to search for features that in fact are not present but can represent the same concepts.
Uncertainty is considered in the search. This allows more possibilities to be considered and retrieved. If
a user is not certain on a feature’s presence in a knot, the user may indicate uncertainty in the features
query. This is a novel approach to the uncertainty search and is inspired in quantum computation.
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4.2

Domain

Prior to the beginning of this project, no dataset or database of seaman’s knots was found to be complete
and available, therefore it had to be created. This was a manual procedure and involved the work of
various people. In first place, we had to select which data to use. Then, how this data would be structured
in order to be both meaningful and easily manageable, in the context of addressing seaman’s knots by
their features.

Figure 10 – Description of the knot "rigging stopper" in the Ashley Book of Knots (Ashley 1944). This description is one of the
3 entries in the book about this knot.

Knowledge of knot making is addressed in various books, as already mentioned. One of those books is
generally considered as the reference on the subject, the Ashley’s Book of Knots (Ashley 1944). The
book divides knots into chapters, where each chapter aggregates knots that serve a same purpose or
functionality.
A single knot can be described over various chapters. This is determined by the presence of the knot’s
features that are addressed in that chapter. For example, the knot “rigging stopper” has three entries in
the book (1513, 2782, and 3302) and is described over three chapters: Bends, Eye Splices (Multi-Strand
Loops), and Practical Marlingspike Seamanship.
Attending this data, we can acknowledge different information on the knot. In a very straightforward way,
is possible to identify that the entries on the book that concern the knot are the numbers 1513, 2782,
and 3302. By reading the entry number 3302, we can also understand that a “rigging stopper” can also
be called by “fighting stopper”.
Observing the description above, is also possible to extract some features from the knot. Quoting the
book as it can be seen from the Figure 10, the knot is “employed to repair a shroud or other stay that
was carried away in action”. It is also possible to extract more information from this entry or the other
entries of the book, but for the purpose of exemplifying the knot’s features description, the reader should
consider no more than Figure 10.
In addition to that description there are also the features that are associated with each of the chapters.
In this case, we can know from the chapter that the rigging stopper unites two ropes or two parts of the
same rope, forms an eye (loop) when spliced, and serves a practical purpose aboard the ship.
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Overall, the retrieved information for this knot is:
-

Described in the entries 1513, 2782, and 3302;

-

With the names “rigging stopper” and “fighting stopper”;

-

And is used to repair a shroud, repair a stay that was carried in action, ties two rope ends, forms
an eye when spliced, and serves a practical purpose.

The reader should come back to this example in the topic of Features and Atomic Features to better
comprehend features and atomic features.
In principle, the process of identifying seaman’s knots by their names and description can be quite
straightforward. Anyhow, there are two inherent difficulties on creating this new dataset. In first place,
the book didn’t present itself in a form of editable text, raising the difficulty of automatically extract
hundreds of entries from the book. To accomplish this challenge, a group of people were asked to
introduce knots into a table. They had to introduce both the entry numbers and the names corresponding
to the knots. This knots were later merged by their name.
Only part of the knots has their descriptions to be structured into features. Most of the corpus features
are assigned taking into account only their chapter description. In this case, the “rigging
stopper”/“fighting stopper” would be described has being used to repair a shroud, used to repair a stay
that was carried in action, used to tie two rope ends, form an eye when spliced, and serve a practical
purpose. Although the dataset is not complete, in a sense that could be in more detail, it depicts in a
general way the utility of each knot.
Apart from the difficulty of automatically extract knots and their features there are also an inherited
problem of a Natural Language, linguistic variability, i.e. same features can be expressed by different
words or sentences.
In order to ease this problem, features are structured in a method that can later be abstracted to create
a taxonomy.

4.2.1 Features and Atomic Features
Motivated by the usage of semantic networks (Steel 2012; Novak 2010) and in how the human brain
aggregates similar concepts (Huth et al. 2016), we decided to divide the similar concepts into groups.
These groups are then divided into two levels of abstraction, Features and Atomic Features.
Features are the higher level of abstraction. They serve the purpose of grouping members that share a
similarity. Using the same example as before, the rigging stopper knot is used to repair a shroud, repair
a stay that was carried in action, tie two rope ends, form an eye when spliced, and serve a practical
purpose. In this case the features are “repair”, “tie”, “splice”, and “practical”, as pictured in Figure 11.
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Figure 11 – Array of features and arrays of atoms. This knot is characterized by four features, where two of them ("Tie" and
"Splice") have atomic features.

By themselves, features can have little meaning. By saying that a knot is “practical”, we can infer that
the knot can be applied beyond a theoretical purpose, but to attribute a feature “tie” does not add any
value from what we know that a knot serves for. In contrast, if we say that the feature “tie” is associated
with “two ends” of a rope, value is added to the description of the knot. The term “two ends” is an atom
feature. By its own an atom feature does not add any valuable information to the knot, only when
associated with a feature. In this case there is a combination of the feature “tie” and the atom feature
“two ends”. Henceforth, for a matter of simplification, atom features will be referred to as atoms.
Setting these two levels of abstraction allow the comparison for similarity between knots to be easier to
calculate, since only the higher abstraction considered when comparing knots knots. Anyhow, the data
remains unstructured without a proper set of rules that define what are features and atoms. The following
rules define just that:
-

Features are either a verb or an adjective that is defined by one of the Ashley’s characterizations
that were previously mentioned;

-

Atoms are always associated with features, i.e. an atom does not exist by its own;

-

Both atoms and features can be composed by more than a word. In this case, words should be
connected by the character ‘-‘ instead of a white space. E.g. “easy-to-tie”;

-

The character ‘.’ Separates the feature from the atom. E.g. "tie the rope to a firm handle" would
be addressed as “tie.rope-to-firm-handle”;

-

Atoms with the same name can be associated to different features. Again, this is possible
because an atom has no meaning without a feature. E.g. Both “jam.wet” and “slip.wet” are
possible to describe a knot even though the name for the atom is the same;

-

In order to deny a feature or an atom, the suffix "-not" should be used. E.g. If the book uses the
description "when tying this knot you shouldn't use piano wire", the user should write "use.pianowire-not".

-

A general heuristic is to avoid conjunctions and features or atoms that are too long.
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Even though there are dozens of possible features for a seaman’s knot, two of them highlight as they
are present in the majority of the knots. One of the features is “tie”, present for every time there is a
specification on how a knot is tied, on the type of rope that is used, or on the objects that the knot is tied
to. E.g. tie in the end of the rope, tie in a large rope, or tie to a pole. The other is “use”, for every time
there is a specific usage for the knot. E.g. use in a parcel, or use to tie a crank.
In summary, knots are represented by a set of features and atoms. These sets are later used to compare
knots and create a hierarchical categorization of knots.

4.2.2 Binary Arrays
Comparing sets of features can be computationally heavy because sets have no order. In order to ease
the computational complexity there are two simple actions that can be taken, introduce order to the set
(turn it into an array) and use a computationally lighter data structure instead of a String.
The absent possible features of a knot are assumed to not be present, i.e. only the given features are
present in the knot. Furthermore, every feature in the array is either present or absent. This leads to a
binary representation. For this purpose, we will use a BitArray (Zhou et al. 2003) structure.
As we will see ahead, this approach brings various positive outcomes, such as the easiness of retrieving
knot features when comparing two feature arrays.

Figure 12 – Knot represented in a BitArray and a Map. There are two present features (indexes 1 and 4), where each feature
has a BitArray of atoms.

Features and atoms can be described by binary arrays. The length of these arrays is static, where the
length for the feature array is equal to the number of features (there are 147 possible features to
characterize a knot), and the length of the atoms array is equal to the maximum number of atoms that
characterize a feature (the feature “tie” has a total of 40 possible atoms, therefore the length of the atom
array is 40).
Every Knot has a Bit Array of features and a Map of atom features, where the index of the Map is the
same index as the feature. In Figure 12 is possible to observe a feature Array and an atoms Map.

20

4.2.3 Inverted Index
Features and atoms have a constant position in each of the arrays, e.g. if we search for the feature
“strong” in a knot, that feature will always occupy the same index in every feature array, independently
of the knot. A possibility to keep track on which position each feature corresponds to is, for every time a
knot is being created and a feature array is being constructed, verify all of the existing knots and check
if the feature already exists for any of these knots. This process is time consuming and far from efficient.
A much simpler approach is to create inverted indexes (Gorunescu 2011).
There are three inverted index being used in the project, one for knots’ names, another for features’
names, and a third for atoms’ names. Every time a knot is being added to the dataset, there is a
verification on if the knot already exists, if a feature is already designated for an index, and if a atom is
already attributed to an index.
For example, as we can see in Figure 13, the “surgeon” knot is created with the features “use” and “tie”,
and the atoms “use.surgeon” and “tie.wound”. If next, as represented in Figure 14, we had the knot
“surgeon” with the feature “use” and the atoms “use.operation”, there isn’t a necessity to create a new
knot, just to add a new atom feature to the existing knot.

Figure 13 – Representation of the surgeon knot before adding the atom ‘use.operation’.

Figure 14 – Representation of the surgeon knot after adding the atom ‘use.operation’.
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When we first create the new knot, the inverted index of names is updated with the name “surgeon”, the
features inverted index is updated with the features “use” and “tie”, and the atoms inverted index is
updated with the atom “wound” and “surgeon”.
Names and features inverted indexes are both of the collection LinkedList, form the Java™ Standard
API. The atoms inverted index uses Google’s® Guava1 Common Collection Multimap. This collection,
unlike the Java’s™ standard Map, allows for a key to have several values. In the previous case, the
atoms’ index would gain the entries “surgeon → use” and “wound → tie”. If we later added an atomic
feature “practical.surgeon” to depict that the knot is practical and used in a surgery scope, the inverted
index’s entry for surgeon would become “surgeon → use, practical”.

4.2.4 Tree Clustering
To perform a knot categorization, it was used a hierarchical tree clustering. The implemented algorithm
was adapted from an existing one (Johnson 1967; Fournier-Viger 2014). Even though the original code
was severely rewritten to fit the purposes of the domain, methods for time and memory measurement
were kept. They are later revisited in the Experiments and Results chapter.
After modeling the data set, is possible to perform the tree clustering. This is an agglomerative algorithm,
i.e. bottom-up, where the knots start by being individual clusters and are then merged to join a new
cluster. This new cluster has always two branches and can be also named as a dendrogram. There is
no limit on how many knots can be in one cluster but it can be a maximum threshold for the singlelinkage distance that separates the knots – namely the knots within a cluster.
The cluster uses single-linkage to calculate the distance between the clusters because this
measurement minimizes the difference between the features arrays. This is important for the system
because we want to have the most similar knots together.
Apart from what have be said in the Knowledge Representation chapter, is important to add how the
comparison of clusters is made. The implemented solution uses only the features arrays to compare the
knots, this way excluding the atom arrays for the distance measure. To demonstrate this assumption,
take the following example.

1

https://github.com/google/guava
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Figure 15 – Jar Sling (Ashley 1944).

The jug sling, Figure 15, is used to carry small loads like a bottle, a jar, a jug, or a bag. This knot can be
depicted by the feature “carry” and the atoms “carry.small-load”, “carry.bottle”, “carry.jar”, “carry.jug”,
and “carry.bag”.
The magnus hitch, Figure 16, is used to lift large loads, like stones. This knot can be depicted by the
feature “carry” and the atoms “carry.large-load” and “carry.stone”.

Figure 16 – Magnus Hitch (Ashley 1944).

If we measure the distance of the two knots using only the features, this distance is zero because they
only have the only same feature “carry”. If, on the other hand, we use both the features and the atomic
features to measure the distance between the two knots, the conclusion is that distance is 7, one by
each of the different atoms.
Both knots serve the same purpose, to carry something, and on a semantic level this is the most
important to describe the knot. Considering features and atoms in the measurement of the distance
would cause unbalanced results and disfavor knots that are more completely described. Therefore, this
approach was not considered.
Furthermore, the dimensionality problem that is aggregated with the clustering algorithms is eased with
this approach. The dimension of the knots is immediately reduce by not considering the atom features
and, by aggregating similarities a priori, is possible to reduce the dimensionality without losing any
information.
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4.2.5 Distance Functions
Clustering algorithm uses single linkage, i.e. the Nearest Neighbor (equation 11), to calculate the
minimum distance between clusters. That equation is only the method of comparison, i.e. it compares
the nearest clusters instead of clusters with the longest distance between them. But to measure that
distance we have to choose the unity of measurement, like if we would use the metric or the imperial
system.
The feature and atom arrays that characterize each knot have always a fixed length, namely 147 for the
feature array and 30 for the atom array. This numbers correspond to the total number of features and
to the maximum number of atoms for one feature, respectively.
Hamming distance function (Hamming 1950) is a function that allows to measure the difference between
two arrays of the same length. For every position ([i, n-1]) of an array (v) the Hamming distance is the
sum of the module of the difference between each position of the array.
𝑛−1

𝐻𝑎𝑚𝑚𝑖𝑛𝑔(𝑣1 , 𝑣2 ) = ∑ |𝑣1𝑖 − 𝑣2𝑖 |

(3)

𝑖=0

In particular, the result of the Hamming distance for bit arrays varies between ’0’ – if the bits in the same
index of the two arrays are the same – and ‘1’ – if the bits in the same index of the two arrays are the
different. This is the same as performing a XOR between the two arrays and then count the different ‘1’
bits.
𝐻𝑎𝑚𝑚𝑖𝑛𝑔 (𝑣1 , 𝑣2 ) = |𝑋𝑂𝑅(𝑣1 , 𝑣2 )|

(4)

The Euclidean distance is default way to measure the distance in a Euclidean space. This value is also
the shortest distance between two point in a Euclidean space and is calculated through the following
formula,
𝑛−1

𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 (𝑣1 , 𝑣2 ) = √∑(𝑣1𝑖 − 𝑣2𝑖 )

2

(5)

𝑖=0

Where ‘n’ is the dimension of the array, ‘i’ is the index of the array and ‘v1’ and ‘v2’ are the arrays. Knowing
that the distance in each index is either ‘0’ or ‘1’, and likewise the Hamming distance, the Euclidean
distance can be calculated has the root of module the XOR of the two arrays.
𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛(𝑣1 , 𝑣2 ) = √|𝑋𝑂𝑅(𝑣1 , 𝑣2 )|

(6)
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Therefore,
𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛(𝑣1 , 𝑣2 ) = √𝐻𝑎𝑚𝑚𝑖𝑛𝑔(𝑣1 , 𝑣2 )

(7)

In order to implement the Euclidean distance, an assumption was made. Even though the bit arrays
exist on a discrete space, the distance between two arrays is assumed to be in a continuous space,
even though it is not possible in a binary discrete space.
The distance functions can both be implemented resorting to logical operators, since there is a need of
only comparing bits. Anyhow, the distance functions were implemented using different approaches. For
the Hamming distance, each position of each array is verified and compared. The Euclidean distance
uses the XOR operator to compare the arrays. With this implementations, the Hamming distance has a
Θ(n) complexity and Euclidean distance has a Θ(1) complexity.

Figure 17 – Turk's heads made with two and three turns.

It is possible to assume a ‘0’ distance between knots. In the context of the work, different knots can
serve the exact same purpose and have the exact same features and atoms. This is due to two reasons.
The main reason is that the data is not complete. For example, it is possible to analyze from Figure 17,
a Turk’s Head with three turns (Three-Turn-Turk’s-Head) and another with four turns (Four-Turn-Turk’sHead) are exactly the same apart from a turn. If the number of turns is omitted from the features array,
the two knots may be described as being different if they have a different name. The other reason of
assuming 0 distance is the necessity of having knots with features only defined by the chapter. This
decision enables a larger corpus and is addressed in more detail in the evaluation chapter.
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4.2.6 Nodes and Leafs
The dendrogram from Figure 18 is a tree cluster performed with the Hamming distance over four knots.
Each knot, in the bottom of the figure, is represented by an array of features. Knots are always leafs in
the tree, i.e. they have no branches. Leafs are aggregated by Nodes, and Nodes can aggregate other
Nodes. A node is not a knot but is represented by an array of features and by the distance of the knots
it aggregates. The Node’s array is the OR of the arrays of each of its branches.
Tree clustering can be performed with a threshold for the maximum distance between knots. If we would
give a threshold of 4 for the tree clustering it would form two clusters. In this case one with three knots
and another with just one.
By being a binary tree, every dendrogram has a total of K Leafs and K - 1 Nodes. The total size of the
tree is 2K - 1 edges.

Figure 18 – Tree Cluster. This cluster has four leafs (knots) and three nodes. If there was a threshold of 4, there would be two
clusters.

The following examples in Figure 19 and Figure 20 present the logs of the tree cluster performed over
a set of 34 knots and using Hamming Distance. The first is performed with a distance threshold of 8.
The second has a threshold of 147. Each of the trees correspond to a cluster. In the case of Figure 19
there are 17 clusters. In the case of Figure 20 there is just one cluster.

26

Figure 19 – Dendrogram of 34 Knots, using Hamming Distance and a Threshold of 8.
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Figure 20 – Dendrogram of 34 Knots, using Hamming Distance and a Threshold of 147.
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4.3

Retrieval

After executing the categorization process we are able to perform queries over the dendrogram. A user
is able to search for knots by providing the features. This solution mimics a question made to an expert,
e.g. if a user wants to know which knot should be used to tie a neck tie, the expert would recommend
the Four-in-Hand, the Pratt, the Half-Windsor, the Windsor, and the Bow-Tie. On the other hand, if the
user would ask the expert which knot should be used to tie a bow tie, the expert would obviously
recommend the Bow-Tie. The user’s first query can be traduced has “tie.neck-tie”, and the second as
“tie.bow-tie”.
Let us suppose the user does not want a regular neck tie knot, just the one for the bow tie. The user
could ask the expert “I want to know which knot I can use to tie a neck tie, although I do not want to use
a traditional one, just the one for the bow tie”. In practice, what the user is doing is searching for a feature
– “tie.bow-tie” – and denying another – “tie.traditional-neck-tie”. Every feature in a knot is either present
or absent, therefore denying the feature “tie.traditional-neck-tie” is redundant.
For this reason, when a query is performed the given features are present and all the others are
assumed to be absent.

4.3.1 Similarity function
The similarity function presented by Wichert (Wichert 2000; Tversky 1977) measures a distance
between a feature vector and its category. In this solution the category is determined by comparing the
present features of the query’s features array (v1) and the features array of the knot in the dendrogram
(v2),
𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑣1 , 𝑣2 ) =

2
|𝑣 ∩ 𝑣2 | − 1, [−1, 1]
|𝑣1 ∪ 𝑣2 | 1

(8)

By normalizing the similarity function to obtain a value between 0 and 1 we get,
𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑣1 , 𝑣2 ) = 2−1 (

2
|𝑣 ∩ 𝑣2 |) , [0, 1]
|𝑣1 ∪ 𝑣2 | 1

(9)

The similarity for a normalized category space is no less than the Jaccard function, a well-known
similarity coefficient (Jaccard 1901),
𝐽𝑎𝑐𝑐𝑎𝑟𝑑(𝑣1 , 𝑣2 ) =

|𝑣1 ∩ 𝑣2 |
|𝑣1 ∪ 𝑣2 |

(10)

The Jaccard distance function is the formula used to measure the distance between query arrays and
knot arrays in the dendrogram.
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4.3.2 Single Set Rule
Using the same example of the bow-tie, let the feature array for this knot be [1 0 0 1 0 0 1]. If the user
searches for how to “tie a bow-tie”, the feature array for the query would be [1 0 0 0 0 0 0] and a map of
atom features of {0 = “bow-tie”}. The system would return a single knot with a probability of just 0.33,
even though there is only one retrieved knot.
Independently of the probability of success, if there is only one option in the set, the knot on that set is
the right answer, with 100% of certainty.

4.3.3 Query for Synonymous Words
One of the weaknesses of feature indexing is that synonymous words are not considered. This leads to
a limitation in the lexicon that a user can query in the knot retrieval, e.g. for a knot that is characterized
by a feature “useful” we could say that the knot is also “handy” or “helpful”.
In order to take advantage of the taxonomy retrieval and try to enhance the lexicon the user can apply,
it is possible to resort to a database of synonymous. For this purpose, we are employing an online tool,
thesaurus2.
There are two alternatives to use this module, before the tree clustering and in the retrieval process. If
the synonymous words were considered when creating the feature arrays, it would lead to binary arrays
that would have many more present features, even though this wouldn’t add any more useful information
about the seaman’s knot. Features that have many synonymous words would be favored in terms of
weight. This would lead to unbalanced branches in tree clustering.
Instead, if the retrieval process ponders synonymous words, the system can create uncertainty in the
query. Taking the same example, if a user searches for a knot that is “handy” and “secure”, the query
would try to return a knot that is “useful” and “secure”.
An alternative to this retrieval architecture would be the introduction of a deductive system. A deductive
system has a long term memory and a short term memory. The long term memory is defined by a set
of rules and this determines the relation between the facts. A short term memory is a set of new rules
that would increase the number of rules in the long term memory. In the context of this work, rules would
indicate which features would correspond to each knots. This alternative was chosen not to be pursued
for a number of reasons.
The usage of inverted indexes allows an easy existence verification for the possible knot’s name,
features, and atom features.
The query for similar words mimics the short term memory by allowing a verification for possible
synonymous. The synonymous words are not added to the inverted index because there could be

2

Thesaurus.com service provided by words.bighugelabs.com
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ambiguity, e.g. the feature “fast” refers to firmly fix the rope to an object but it could be wrongly
interpreted as “quick” to tie.
The last and perhaps strongest reason not to use a deductive system is the clustering algorithm. For
every time a new rule was added to the long term memory, the dendrogram would have to be
recalculated and this would derail any retrieval efficiency.

4.3.4 Decision Tree
The implemented hierarchical clustering algorithm is unsupervised, where all leafs correspond to knots
and any tree node indicates the distance between their children. Plus, a node has a Bit Array with all
the features of its children. Liu et al. propose a supervised clustering algorithm that divide sparse or
dense regions (Liu et al. 2000). In the context of the seaman’s knots classification we can apply
decisions on each node, even after the unsupervised clustering, and get accurate results in high
dimensional datasets. This result is obtained by checking, in each node, if a feature is present. Figure
21 is a visual example on the decision to check the children of each Node.
Let the features array [0 1 0 0 0] to be the one under query. Node ‘A’ has the feature in the index 1
present, then proceed to check its children. Leaf ‘G’ does not have the feature, but Node ‘B’ has it.
Proceed to ‘B’. Leaf ‘D’ does not have the feature, check ‘C’. ‘C’ has the feature in the index 1 present,
check children. Both ‘E’ and ‘F’ have the feature present. Check ‘E’ and push ‘F’ to the stack. ‘E’ is a
leaf, so return ‘E’. Pop from the stack. ‘F’ is a leaf, so return ‘F’. The stack is empty, therefore terminate.

Figure 21 – Dendrogram using the decision tree. the feature array [0 1 0 0 0] is under search, so E and F are returned.
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4.3.5 Uncertainty
Decisions made in every Node in Figure 21 correspond to a search for a knot represented by the features
array [0 1 0 0 0]. There is only one present in this array, where all the other four are absent. Now, let us
assume the user wants to search for a knot that is ‘secure’ and it maybe ‘temporary’. This search would
traduce in a knot that is represented by the array [? 1 0 0 0], where ‘?’ represents a feature that may be
present or absent.
Inspired by the uncertainty principles of quantum computing, where instead of bits the positions are
represent by quantum bits, or qubits, a unit that may acquire value of 0, 1, or another value between 0
and 1 (Wichert 2014) with a certain probability. Anyhow, when observed the state is either 0 or 1.
The array that is being searched would take both the form of [0 1 0 0 0] and [1 1 0 0 0], because the
feature ‘temporary’ can be both present and absent in a knot represented in the dendrogram. A priori
one does not know what the probability to find the right knot is.
Our approach states that is possible to query the dendrogram with uncertainty on how a knot is
represented and still get all the possible results. This is possible because all the domain is known for
the system even though it is not known for the user. In other terms, the user can search for all the
possible knots, without making an assumption on what is the probability of the outcome, this probability
of the outcome is calculated and returned by the system in the end of the query.
In simple terms, the search is made in parallel, where the query states all the combinations of possible
features, and the results are all shown in the end with a certain probability.
If a search is performed in the dendrogram of Figure 21 by the array [? 1 0 0 0], the system would search
for the knots [0 1 0 0 0] and [1 1 0 0 0]. Table 1 shows the knots being searched and the probability
(based on similarity) of each result (every knot in the dendrogram).

Table 1 – Query for the knot [? 1 0 0 0] and the probability of all the possible outcomes.

[0 1 0 0 0]
[1 1 0 0 0]

D
[0 0 0 1 0]

E
[0 1 0 0 0]

F
[1 1 0 0 0]

G
[0 0 1 0 1]

0
0

1
0.5

0.5
1

0
0

The search for the knot [? 1 0 0 0] would return the knot ‘E’ [0 1 0 0 0] with a probability of 1 (and 0.5)
and the knot ‘F’ [1 1 0 0 0] with a probability of 1 (and 0.5).
The number of searches grows exponentially with the uncertainty. If we have two features that are
unknown the array to search would be [? ? 1 0 0], and the possibilities would translate into [0 0 1 0 0],
[0 1 1 0 0], [1 0 1 0 0], and [1 1 1 0 0]. For the number of uncertain features n, the number of knots to
search is 2n.
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There is an exception for this number when all the features to search are uncertain. In this case the knot
[0 0 0 0 0] would be a possibility of the search [? ? ? ? ?], although it does not have sense to search for
this knot in the dendrogram – there are not knots characterize by an empty set of features. In this case,
there would be 24 knots to search, or generalizing 2n -1 knots.
In the retrieval process, the user can address the uncertainty of the features by simply concatenating a
character ‘?’ to the beginning of the feature, e.g. if a knot is maybe temporary the user should write
‘?temporary’ in the query. This is valid for both features and atoms.

4.4

Interactive Interface

In order to simplify the search interface, there is also available an interactive interface for the user. This
interface is an alternative to the console interaction. Is intended to be simpler and give more guidance
in the search. This interface was built with Standard Widget Toolkit (SWT), which is a Java’s widget
toolkit. One of the particularities of this toolkit is that it allows the window to be the default of the OS on
which the code is implemented.
Figure 22 shows the user interface in a default window of Microsoft® Windows® 7.
The user is able to quickly consult the rules which allow the query to be valid. The query may contain
features and atomic features that are represented by a “word” or a “(set of words)”, respectively. The
user is also able to apply the uncertainty rule by simply introducing a question mark “?” either before a
feature or an atom. Resorting to these rules, the user is able to write the query in the field bellow the
“Search Features” label.
There is a minimum probability for which the user finds acceptable for the knot to be the right one, i.e. a
user probably does not want the results of the query to include the knots that are 0% similar to the knot
under search. The probability varies between 0 and 1, being 1 the most similar. If a user wants a knot
that has exactly the same properties as the one in the query, the probability should be 1.
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Figure 22 – Knot Searcher GUI. The user can choose the minimum similarity probability, make a query, and consult the rules
for that query.

In case of any further doubt, the user is also able to check the rules with more detail by just clicking the
button with the question mark, next to the label “Search Features:”. This button pops-up a text file with
the rules for the search in greater detail.
The possibility to choose similarity function that compares the knot from the query and the knots in the
dendrogram was omitted from the GUI as it is not relevant for the end user to be able to understand
how the system works underneath.

4.5

Summary

The main focus of this work is to take advantage of a taxonomy of knots, in order to retrieve them based
on their features and atomic features. Chapter 4 presents the main structure of the solution and details
on how its modules permit the achievement of the initial statement. Chapter 4 is also divided in two
moments, the domain construction and the information retrieval.
The domain was built resorting to an existing book, where all the knots had to be introduced by hand in
a dataset in order to be later manipulated. The entries in this corpus have information on the entries of
the book that describe the knot, on the names of the knot, and on its characteristics. This dataset can
be made available for any future work, or for any other work that can also rely on this domain.
To recognize the dataset as valid for all the solution, it was made a conceptual schema with two levels
of abstraction, one for features and another for subtypes of this features. These are called atomic
features. This conceptual schema is produced with the assumption of representing the human brain
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categorization of concepts, where concepts of the same origin are grouped together in order to be
retrieved more easily.
By representing the features in binary vectors, is supposed a more efficient comparison and retrieval of
knots within the taxonomy. Since knots are represented for binary arrays of features, they can be easily
compared using logical operators.
It is possible for the user to retrieve the knots by searching for features that are not present in the
description of the knot. This approach benefits a wider possibility for the user to find the intended knot.
It also introduces error margin that is aggregated with the words’ meaning ambiguity.
One of the core aspects of this work is the search for the uncertainty of features. This approach is based
on the quantum computing and, by searching the various possibilities in parallel, allows the retrieval of
all knot the possibilities with an aggregated probability of certainty.
The user is also allowed to opt between the console interface and a GUI.
In the next chapter, we perform the evaluation on the solution, stressing its assumptions and assessing
the performance of both domain construction and retrieval.
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Chapter 5

Experiments and Results
Attending the proposed solution, the following chapter presents a collection of empirical results on the
effectiveness of that very same architecture. Bearing in mind the purpose of representing seaman’s
knots trough categorization, we should evaluate the quality of the dataset, the right categorization within
the tree clustering, and the retrieval process effectiveness.
Furthermore, the results address the dimension of the input, i.e. the number of knots that considered for
the input, the difference in sparseness and compactness in the tree clustering along with different
distance functions, and the effect of the uncertainty on the retrieval process.
The following experiments were conducted in a HPZ620 Workstation, with an Intel® Xeon® CPU E516200 of 3.6Ghz with 10MB cache, 64GB of RAM and running Microsoft® Windows® 7 Professional
Service Pack 1 operative system.

5.1

Dataset

As mentioned in the previously chapter, the dataset was specially built for the purpose in order to fit the
requirements of the project. A total of 1271 unique knots, from a total of about 1900 initial entries, were
considered for this corpus. Each of those 1271 knots are represented by a binary array of features, plus
a number of arrays atomic features. Even though some of the feature arrays are possibly the same, they
can represent different knots, as the knot is characterized for both features and atomic features.
Table 1Table 2 – Knots and Features general analysis for random sets of knots. analyzes the set of
knots and their features. One can evaluate the data to be very sparse, where over 90% of the entries of
the features arrays is a 0 – in average, for the whole set of knots 90.29% of the features is not present.
In average, a knot is defined between 11 and 15 features. Furthermore, as one can consult in the Figure
23, 12.4% of the knots have one feature, 27.2% of the knots have 18 features, 35.2% have between 2
and 17 features, and 25.2% of the knots have 19 features or more.
Table 2 – Knots and Features general analysis for random sets of knots.
Number
Total
Number
of
Percentage
Number
number
of
possible
of present
of knots
of
present
features
features
(k)
features features
per
(%)
(F)
(f)
knot
1271
147
186837 18144
9.71
500

147

73500

7129

9.70

Average
number of
present
features per
knot

Number
Percentage
of
of absent
absent
features
features
(%)
(a)

Average
number of
absent
features (f/F)

14.275

168693

90.29

132.725

14.258

66371

90.30

132.742
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100

147

14700

1391

9.46

13.910

13309

90.54

133.090

50

147

7350

589

8.01

11.780

6761

91.99

135.220

Figure 23 - Knots' distribution of the number of features. More than 25% of the knots have 18 present features.

Table 3 aggregates the results of tests that were performed over the cluster. Different sample datasets
were randomly selected from the corpus of the 1271 knots – except for sample K that corresponds to
the whole set. Each letter in the first column corresponds to a different sample, e.g. A.1 and A.2 use the
same set sample and deliver a different result because they use a different distance function to perform
the tree clustering. About the tree clustering, the results are discussed ahead.
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Table 3 – Random samples of 50, 100, 500, and 1271, and their stressed values.

Sample
code

# Knots

A.1
B.1
C.1
D.1
E.1
F.1
G.1
H.1
I.1
J.1
K.1
K.2
A.2
B.2
C.2
E.2
F.2
G.2
H.2
I.2
J.2
K.3
K.4

50
50
50
50
100
100
100
500
500
500
1271
1271
50
50
50
100
100
100
500
500
500
1271
1271

Distance Distance
Function Threshold
Hamming
Hamming
Hamming
Hamming
Hamming
Hamming
Hamming
Hamming
Hamming
Hamming
Hamming
Hamming
Euclidean
Euclidean
Euclidean
Euclidean
Euclidean
Euclidean
Euclidean
Euclidean
Euclidean
Euclidean
Euclidean

2
7
7
147
147
7
2
147
2
9
2
5
2
7
7
147
7
sqrt(2)
147
2
3
1
5

SSE

Memory
(mb)

Time (ms)

Iterations

#
Clusters

8402
18635
7803
19087
24143
40250
17443
260103
200847
317775
638409
805297
548
634
631
1391
1592
1005
10797
8968
11573
27345
42163

25,6
25,6
25,6
25,6
35,84
35,84
30,72
102,4
102,4
102,4
240,64
235,52
25,6
25,6
25,6
46,08
46,08
40,96
257,43
257,4
257,41
3277,82
3278,39

43
47
42
62
163
152
161
17567
17146
17390
545045
203668
12
13
15
49
64
42
6214
6267
6075
16588
17485

19
29
33
49
99
66
61
499
365
407
1041
1111
21
49
49
99
99
61
499
8968
407
1055
1222

31
21
17
1
1
34
39
1
135
93
230
160
29
1
1
1
1
39
1
116
93
216
49
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5.2

Tree Clustering

In order to evaluate if the clustering algorithm is being well performed (Halkidi et al. 2001; Berry &
Gordon S. Linoff 2011), we need to validate two aspects, compactness and separation.
Compactness measures the distance of the members in a cluster and grants that they are as close as
possible. To measure this aspect, we use the ward’s method, bearing in mind that the objective is to
calculate the variance, minimizing it.
Separation measures the distance between clusters and should be as wide as possible. The distance
between two clusters can be measured with Single Linkage (nearest-neighbor between clusters),
Complete Linkage (furthest distance between clusters), or Comparison of Centroids (distance between
the center of clusters). The implemented algorithm uses the nearest neighbor to calculate the similarity
between clusters, since we are agglomerating clusters based on their similarity. The nearest neighbor’s
requirement of reducibility is the similarity between the clusters, rather than the dissimilarity. It measures
the minimum distance between any element ka in a cluster C1 and kb in a cluster C2:
𝑁𝑁(𝐶1 , 𝐶2 ) = min(𝐷(𝑘𝑎 , 𝑘𝑏 )), ∀𝑘𝑎 ∈𝐶1; 𝑘𝑏∈𝐶2

(11)

The distance (D) between two knots is measured using the Euclidean distance or the Hamming distance.

5.2.1 Distance Function
One can choose between two distance functions, Euclidean distance or Hamming distance. As it is
demonstrated in the Solution Proposal chapter, in the context of the thesis, the square of the Euclidean
distance is equal do the Hamming distance. The results in Table 4 demonstrate this assumption.

Table 4 – Tree Clustering performed in the same samples and with different distance functions.
Sample
code

#
Knots

Distance
Function

Distance
Threshold

SSE

Memory
(mb)

Time
(ms)

Iterations

#
Clusters

G

100

H

2

17443

30.72

161

61

39

R

100

E

sqrt(2)

1005

40.96

61

39

J

500

H

9

317775

102.4

407

93

U

500

E

3

11573

257.41

42
1739
0
6075

407

93

The tree that is returned for the samples G and R is the same. Similarly samples J and U have the same
dendrogram. Figure 24 is the resulting dendrogram of a tree clustering that uses a Hamming distance
function (with a threshold of 4), or a Euclidean distance function (with a threshold of 2).
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Figure 24 – Print of the tree with distance functions euclidean(2) or hamming(4)

Even though the tree clustering produces the same result, both time and space complexity differ. It is
more complex to calculate the Hamming distance rather than the Euclidean distance. This is due to
implementation and demonstration reasons.
The hamming distance is implemented using the pseudocode of Figure 26. Because it calculates the
sum of the absolute distance for every position of the features array, with a Θ(n) complexity. Euclidean
distance is implemented with the pseudocode from Figure 25, with a Θ(1) complexity.

Figure 25 – Pseudocode for the
implementation of the Euclidean distance.

Figure 26 – Pseudocode for the
implementation of the Hamming distance.

Attending the equal dendrogram of the two clusters and through this comparison of this two algorithms,
is possible to take two conclusions that confirm the initial supposition. Both Hamming and Euclidean
distances can be implemented using the XOR of the two arrays. It is less complex to use a XOR than
to check each element of the array.
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5.2.2 Ward’s method
The Ward’s (Ward 1963) method is a criterion used to compare clusters in an agglomerative hierarchical
structure. It uses the same objective function as k-means, where the total variance around centroids is
summed. In each iteration, before merging the two clusters, there is a centroid for each cluster that are
being merged. Each of those centroids has a certain deviation to the cluster’s points, and the total
deviation is the sum of deviations of both clusters. The total distance (TD) of the centroids (C1 and C2)
equals the sum of the square distance (D) between the centroid of the merged clusters (𝜇𝐶1 ⋃ 𝐶2 ) and the
minimum distance of the two centroids (𝑥):
𝑇𝐷𝐶1 ⋃ 𝐶2 =

∑

𝐷(𝑥, 𝜇𝐶1 ⋃ 𝐶2 )2

(12)

𝑥 ∈ 𝐶1 ⋃ 𝐶2

As we can see in Figure 27, when merging the two branches, we end up with one cluster, which has a
centroid, and this cluster will have a certain deviation to each point in the cluster. The Ward’s method
looks on how much the deviation will increase before and after the iteration, i.e. the minimum distance
between the centroids before merging of clusters and after merging the clusters. In this case, Total
Distance is the sum between the distance in the yellow (bottom right) cluster's centroid and the centroid
of the merged clusters (above, in the middle).

Figure 27 - Merging of two clusters and the respective centroid. In the Ward's method, there is a sum between the distance
of the new centroid and the minimum distance of the old centroid

In practice, the sum of these variances represents the sum of the square of the distance error between
the centroid and the points in the cluster. For that is also called the Sum of Squared Errors (SSE).
Another property in the Ward’s method is that it greatly depends on the original clusters that are being
hierarchically merged. Even when using the same distance function, number of data points, and
threshold, for different datasets the results can be very different, even in an order of magnitude.
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The lower the total distance, the more compact is the tree cluster. As one can see in the following Figure
29, the Sum of Squared Errors grow exponentially with the number of knots in a cluster. For a cluster of
50 knots we have, in average, a SSE of 7,962.86. As for the set of 1271 knots we have a SSE of
378,303.50.
1400

4,E+05

3,E+05

1000
800

2,E+05

SSE

Number of Knots

1200

600
400

1,E+05

200

0

0,E+00

Figure 29 – SSE growth with the number of knots.

9,E+05
8,E+05
7,E+05
6,E+05

SSE

5,E+05
Hamming

4,E+05

Euclidean
3,E+05
2,E+05
1,E+05
0,E+00
50

100

500

1271

Number of Knots
Figure 28 – Hamming and Euclidean distance SSE growth depending of the number of knots

In Figure 29, we can evaluate that the knots are considered of being more compact when the Euclidean
distance is used to calculate the single linkage between the clusters.
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5.2.3 Tree Clustering Conclusions
The knots are described with binary feature array and therefore vary between the values 0 and 1. One
can take a big advantage on this implementation, since the distance function can work in the scope of
logical operators. The difference between using logical operators and comparing array positions is great.
The Euclidean distance is always about 22 quicker to aggregate the results than the Hamming.
Both Hamming and Euclidean distances can be translated to one another. The square of the Euclidean
distance is always equal to the Hamming distance. If one performs a tree clustering with a threshold of
12 and using a Hamming distance to evaluate the space between the clusters, one gets to the very
same result as Euclidean distance with a threshold of √12.
The seaman’s knots dataset is not very compact. The values assumed by the Sum of the Squared Errors
are large, denoting a big variance in the features arrays. Even though of the previous fact, the Total
Distance for equal trees is assumed to be larger when using Hamming distance. This is due to the root
calculation in the Euclidean distance.
Separation between different clusters is well performed. For every time the distance to merge the
clusters reaches a threshold, the two clusters are not merged. Plus, as one may observe, with the
decreasing of the distance threshold, the number of clusters increase as expected.

5.3

Retrieval

For the retrieval evaluation we demonstrate how the uncertainty retrieves the various results for the
search, how synonymous words are possible to search, and what is retrieved using the assumption for
a set of one knot.

5.3.1 Uncertainty
The uncertainty search looks for a sets of arrays, instead of just one array. This set grows exponentially
with the number of uncertain features that are under search. The following log is the result of a query
for a unique atom feature. In this case the uncertainty is irrelevant because a search can only be done
for features arrays that have at least one feature. The result for the query is the knot “yardarm” where,
from all the knots in the taxonomy, the probability of that knot to satisfy the atom feature “hang.at-sea”
is 1.
Search for features: ?hang.at-sea
Probability threshold: 0.0
(# KNOTS TO SEARCH: 1)
RESULTS:
[yardarm] 1.0
0001000000000000000000000000000000000000000000000000000011000000000000000000000000000000000000
00000000000100000000000000000000000000000000000000000 {56=100000000000000000000000000000,
57=100000000000000000000000000000}
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Figure 30 – Knots under search. Apart from the array that only has ‘0’, all arrays belong to the uncertainty query.

The following example is a query for three uncertain features. Figure 30 shows the arrays that are being
under search. We can see that the number of knots to search grows exponentially. There are

23 - 1

knots to search. The result of this query is the possible knots and the probability (similarity) of each of
the feature arrays in Figure 30. One can state that for the yardarm, for example, the returned probabilities
range between 0.5 and 0.2, where 0.5 is the probability for the most similar – […00000011…] – and 0.2
is the less similar above the similarity threshold of 0.11 – […10000010…].

Search for features: ?hang.at-sea ?length.six-feet ?shortening.long-rope
Probability threshold: 0.11
(# KNOTS TO SEARCH: 7)
RESULTS:
[yardarm] 0.5 0.4 0.25 0.25 0.2 0.2
0001000000000000000000000000000000000000000000000000000011000000000000000000000000000000000000
00000000000100000000000000000000000000000000000000000 {56=100000000000000000000000000000,
57=100000000000000000000000000000}
[bowline-shortening] 0.3333333333333333 0.25 0.25 0.2
0001000000000000000000000000000000000000000000000010000000000000000000000000000000000000000000
00000000000100000000000000000000000000000000000000000 {50=000100000000000000000000000000}
[sheepshank-with-hand] 0.1111111111111111
0001101000100000000000000000000000000000000000000010000000110001000000000000000000000000000000
00000000000100000000000000000000000000000000000000000 {3=000000000000000000000100000000,
4=000000000000000000010000000000, 6=100000000000000000000000000000,
10=100000000000000000000000000000, 58=100000000000000000000000000000}
[sheepshank-with-marlingspike-hitches] 0.1111111111111111
0001101000100000000000000000000000000000000000000010000000100001100000000000000000000000000000
00000000000100000000000000000000000000000000000000000 {4=000000000000000000010000000000,
6=100000000000000000000000000000, 10=100000000000000000000000000000,
58=100000000000000000000000000000, 64=100000000000000000000000000000}
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5.3.2 Synonymous Search
It is possible for a user to search for a feature that is not present. This happens for every time a user
queries for a synonym word of a feature that is present. In the next example the user searches for a
knot that is tied with five hitches and that does impede. The feature ‘impede’ is not present in the
taxonomy, therefore a search for a synonymous word is performed. The return for this search is the
following,
impede
hinder
obstruct
obturate
occlude
jam
block
close up
keep
prevent

The system then searches for the first synonymous of the word ‘impede’ that is present in the taxonomy.
In this case, ‘jam’. The search continues by searching the atoms ‘tie.five-hitches’ and ‘jam.never’. The
result is the knot ‘two hearts that beat as one’. The probability is 1 because this knot is the only in the
taxonomy that has this two atomic features.
Search for features: tie.five-hitches impede.never
Probability threshold: 0.1
(# KNOTS TO SEARCH: 1)
RESULTS:
[two-hearts-that-beat-as-one] 1
0001001000100000000000000000000000000000000000000010000000110001011000000000000000000000000000
00000000000100000000000000000000000000000000000000000 {3=000000000000000000000010000000,
6=100000000000000000000000000000, 10=100000000000000000000000000000,
58=100000000000000000000000000000}

5.3.3 Probability
The return of the user’s query is a set of knots that fulfill, to a certain extent, the necessity of the user. If
a user gives a set of features of a knot that does not exist, the return shall be the set of closest knots
that satisfy that set of features.
For each knot in the set that is returned, there are four parameters: the name of the knot, the set of
features of that knot, the set of atomic features of that knot, and the probability of that knot to be the one
that is under search. This probability is nothing more than a normalization of the distance function that
is used when comparing the knot in the query from the knot in the dendrogram. Anyhow, the Jaccard
similarity function gives a value between 0 and 1, therefore no normalization is needed.
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When there is only one knot retrieved, the probability of that knot being the right one is always 1,
independently of the Jaccard similarity. By observing the example in the Uncertainty topic where the
yardarm knot is retrieved, is possible to observe that the first log retrieves a probability of 1 even though
the features array has more than one feature.

5.4

Evaluation Discussion

In order to verify the robustness of the presented solution, it is important to look into how the knowledge
is represented. Knowing that every scheme has its pros and cons, it is important to find the needs for
the problem so they can be strengthened. One method to identify those needs and to evaluate
knowledge is presented by Stillings (Stillings et al. 1995). The following topics assess the implemented
solution.
•

How perspicuous is the representation?

The domain is limited to seaman’s knots and the user is able to perform queries over the taxonomy of
those knots. The user’s interactive interface bounds the possibilities for the user, by allowing only a
threshold between 0 and 1, and by giving hints on how the query should be performed. By limiting the
user’s possibilities to a few rules, this approach tends to be clear to user’s understanding.
•

How efficient is the representation?

The conceptual schema of the solution is transversal to the presentation, logic, and domain layers. By
using a same representation, is easy to communicate between layers. This conceptual schema
characterize the knot and consists on the names of the knot, its features, and atomic features. Plus,
features and atom features are represented in the dendrogram in binary arrays, which allows an efficient
form of comparison and retrieval.
•

What is the scope and grain size of the knowledge that can be represented?

This system categorizes seaman’s knots. One is able to search for characteristics of those knots. This
characteristics are either features or atomic features and represent two degrees of abstraction that are
co-dependent.
•

What is the basic vocabulary of “representational primitives”?

Features (and atomic features) are addressed in the English language, therefore a user can use any
word in the English language to search for a knot. Of course only some words are relevant when
characteristic seaman’s knots. The representational primitives for the data are:
-

Features, addressed in the presentation layer as words (like “secure”, “temporary”, or “tie”), and
represented in the domain by binary arrays.

-

Atomic features, addressed in the presentation layer in the form of “feature.atom” (like
“secure.very”, “temporary.patch”, or “tie.in-hand”), and represented in the domain by a Map
where the key is the index of a feature and the value is a binary array.
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-

Uncertainty, relevant in the query search, is used by concatenating a question mark to the
feature or atom (“?secure”, “?temporary.patch”).

•

How easy is to modify the knowledge?

There are several degrees for this question. It depends if the modification is made during runtime.
Prior to performing the tree clustering algorithm, is very easy to modify the knowledge. For that one just
has to introduce a new knot, or add a feature to an existing knot. In practice is just a matter of writing a
word.
In runtime, it is not possible to modify the knot representation in the taxonomy, as it would modify the
dendrogram. Anyhow, it is possible to simulate a modification by searching for a synonymous word to
the present feature or atom. Even though this does not allow a knowledge modification, it allows the
retrieval of existing knowledge by searching for a term that was previously unknown for the system.
•

What kind of acquisition is possible or not possible?

It is possible for the synonymous words to be saved in a set to be later consulted in the retrieval process.
•

What kind of retrieval is possible?

Knots can be retrieved from the taxonomy, based on their features.
•

What kind of reasoning is possible?

Non-existing features that are synonymous to the existing features can be searched by just changing
the non-existing feature for the existing one in the query. If a user searches for an atom “tie.grip” and if
“grip” does not exist in the knowledge base, the system may interpret this query as “tie.hold”, “tie.hook”,
or “tie.anchor” and continue to perform the query.
Uncertainty is addressed in the query by duplicating the number of possible outcomes. For n uncertainty
features that are given in the query, there are 2n knots in the search.
A probability, based on similarity, is calculated for every knot that is returned for the query
•

What is the division of labor between the knowledge base and the interpretative program?

The knowledge base is static during runtime, therefore all the retrieval process is done by the
interpretative program.
•

How can the representation itself be modified or extended?

One possibility to modify the representation would be to consider only the words’ stems, both in setting
the dataset and in the retrieval process.
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In Chapter 5, we have presented the evaluation of our solution. In the tree cluster we were able to
compare the efficiency of the implementation of the two distance functions. The Euclidean distance,
which uses logical operators in the implementation, is always about 22 times quicker than the Hamming
distance. Separation of knots is well performed and verified with the increase in the number of clusters
with the decrease of the distance threshold. The dendrogram is not very compact because there is a
great variance in the features. If one would normalize the distance to be between 0 and 1, the value of
the SSE would be smaller, but relatively speaking the compactness would be the same.
The query allows the usage of synonymous words to retrieve a non-declared feature. Uncertainty is
possible to reproduce by doubling the number of knots to search for each new uncertain feature that is
introduced.
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Chapter 6

Conclusions
Knots are used since immemorial times and play an important role in human history. Even though it is
an important subject, it is not often addressed by computer science.
The knowledge representation and categorization problem is not trivial to address since the knowledge
is sensitive to its domain. One possible solution to address this problem is a usage of a hierarchical
structure. Seaman’s knots are described through features and features can be aggregated and related.
Furthermore, the dimensionality problem that is aggregated with the clustering algorithms is eased with
this approach. The dimension of the knots is immediately reduce by not considering the atom features
and, by aggregating similarities a priori, is possible to reduce the dimensionality without losing any
information.
Other approaches to the same categorizing problem include deductive systems, saliency to manage
uncertainty, and associative memory. In sum, they rely on rules to infer the relations between the data.
By approaching the problem in a different perspective, i.e. by considering binary rules – present vs.
absent – we were able to simplify the domain and the data relation. In other words we are able to obtain
an efficient result by considering just presence or absence of features in the knots.
The focus of this thesis was on verifying if the hierarchical categorization was reliable approach to
represent the seaman’s knowledge in the knots domain and if this knowledge was easily addressable
and retrievable.
The purpose of this system is to categorize seaman’s knots by their features in a taxonomy structure
and allow their retrieval based on the belief of presence or absence of features.
It is intended for the user to be able to query a taxonomy of knots created through hierarchical clustering,
by taking advantage of two levels of features’ abstraction, and admitting a possibility of uncertainty in
the search.
In order to produce a taxonomy, we have to construct an easily manageable and accessible domain.
This was done by hand, retrieving knots from a book an associating them with features. This domain
was then hierarchically clustered in order to find relations between knots by observing the shared
features. In order to retrieve results, for the Nodes of the dendrogram of dimension 2k – 1, where k is
the number of knots, a decision tree that helps on choosing which branch to choose in each step was
built. The algorithm retrieves the most similar knots in the taxonomy comparing to those in the query.
The query also accepts synonymous words to features in the tree, and uncertain values to search.
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The curse of dimensionality is eased by pre-aggregating atomic features. Clusters trend to be more
compact because differentiation factors are ignored. For example, a knot that is tied in hand and another
that is tied on a table share a similarity on the information on how the knot is tied. Instead of considered
to be different, by evaluating the fact that one is tied on a table and another in hand, the knots are
considered similar and are clustered together. This approach is motivated by the way the human brain
aggregates concepts (Huth et al. 2016).
Even though the Ward’s method gives a true indication on the compactness of the dendrogram, it is not
sensible to the distance function that is used. When using Hamming distance the Sum of Squared Errors
is bigger than the Euclidean distance, even when the two trees are the same. This result is acceptable,
even though the two trees have relatively the same compactness.
A main contribute of this work is a novel uncertainty calculation method inspired by quantum
computation. Uncertainty can be measured in parallel during running time by calculating all possibilities.
In the end all the results are known and have an aggregated probability.
Another contribution of this work is a dataset of knots that can be used in future works in the domain of
seaman’s knots. This dataset characterizes knots by their features in two levels of abstraction. The
dataset is written in English and designates a knot by the entries in the Ashley Book of Knots (Ashley
1944), the possible names for the knot, the features, and the atomic features, which are a subset of
features within the features.
Considering all of the above, we were able to produce a system that is simple, efficient, extendable, and
intuitive. It is possible for us to search over an unknown domain and have results we can interpret. If we
know which features we are looking for in a knot, it is possible to know what is the best result for our
necessity.
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Future Work
Attending the system evaluation, we can consider the improvement in some of its capabilities:
Domain Specific words: Alter the knot features to fit the system onto a domain-specific area, like
Forensics (Budworth 1982). Identifying knots can lead to clues in a police investigation. Depending on
how the knot is tied, it is possible to understand if the person is right or left handed, or if used to use a
certain type of knots. This can trace a profile on the suspect. By filtering just the relevant features that
are inserted in the dataset, we have a system that helps investigators, without the need of them to be
experts in knots.
Expand the number of knot features: By analyzing in a greater depth the Ashley Book of Knots (Ashley
1944) and other books (Cotterell & Storm 2003; Silva 1992), more features can be introduced, leading
to a more detailed knots’ representation. One can notice from the evaluation chapter, the tree clustering
time complexity is exponential, nevertheless the solution is scalable since the query retrieval has a linear
time complexity. Adding more features would cause a slower time in creating the tree clustering, but
then again this algorithm would only be performed once, and queries continue to be performed in a
reasonable time.
Associate images with the knots: By associating the images to the actual knots and to their features
in this system it would be easy to visualize what the features correspond to. One of the possible
outcomes is the integration with CLUE (Chen et al. 2003), a content-based image retrieval that uses
clustering. Plus, by adding step-by-step guides on how to tie the knots would contribute to skill
acquisition for the user (Schwan & Riempp 2004).
Other domains: In theory, by following the same structure to organize the data, it is possible to change
the domain. Let us say we want to categorize whisky based on its features (a whisky can be peated,
fruity, sweet, salted…). There are subtleties in the flavors (fruity.apricot, sweet.vanilla, sweet.chocolat).
The same principle can be applied as if they were knots.
WordNet: The process of using synonymous words in the search is very efficient. One of the tradeoffs
for this efficiency is using a solution that is not local, i.e. one is always dependent of an internet
connection, plus a registered account. A possible alternative is to use a local lexical database like
WordNet (Miller 1995).
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