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Abstract

In contrast to traditional document representations such as bags-of-words, the kind of vector
space representations that are currently most popular tend to be lower-dimensional. This has
important advantages, e.g. making the representation of a given document less dependent on
the exact words that are used. However, this also comes at an important cost, namely that the
features of the representation are entangled, i.e. each feature is not individually meaningful. The
main aim of this thesis is to address this problem by disentangling vector spaces into represent-
ations that are composed of meaningful features that are closely aligned with natural categories
from the given domain. For instance, in the domain of IMDB movie reviews, where each doc-
ument is a review, a disentangled feature representation would be separated into features that

describe how ("Scary", "Romantic", ..., "Comedic") the movie is.

This thesis builds on an initial approach introduced by Derrac and Schockaert [21], which de-
rives features from low-dimensional vector spaces. The method begins by using a linear classi-
fier to find a hyper-plane that separates documents that have a term from those that do not have
a term. Then, from each hyperplane, the direction of the orthogonal vector is taken to induce a
ranking from documents that are least related to the word (those furthest from the hyper-plane
on the negative side) to documents that are most related to it (those furthest from the hyper-
plane on the positive side). To identify which of these words describe semantically important
features, they are scored by how well the linear classifier performs on a standard classification
metric, which approximates how linearly separable the documents are that contain the term in
the vector space. The assumption is that the more separable a term is, the better modelled it
is in the space. The highest scoring terms are selected to be used as features, and documents
are ranked by calculating the dot product between the orthogonal vector to the hyper-plane and

each document vector. This results in a ranking of documents on how strongly expressed each
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feature is, e.g. movies could be ranked on how "Scary" they are. Only the direction of this
orthogonal vector is considered in this work, as our concern is to obtain document rankings.
The work by Derrac and Schockaert [21]] obtained semantic features from Multi-Dimensional
Scaling (MDS) document embeddings and validated their work by classifying documents using
arule-based classifier (FOIL), resulting in rules of the form "IF x is more scary than most horror

films THEN x is a horror film.".

This work by Derrac and Schockaert [21] was focused on showing the feasibility of learning
disentangled representations, but it did not make clear which components of their method were
essential. The first main contribution of this thesis therefore consists in a thorough investigation
of variants of their method, where a quantitative analysis is conducted of different document
representations (as opposed to only MDS), different term scoring functions (as opposed to only
the Kappa score) and the proposed clustering method is revisited. This extensive evaluation is
across a variety of new domains, and compares the method to stronger baselines. To quantitat-
ively analyse the impact of these design choices, the use of low-depth decision trees that classify
natural categories in the domain is proposed. A qualitative analysis of the discovered features

is also presented.

Neural network architectures have advanced to state-of-the-art in many tasks. The second main
contribution of the thesis follows the idea that the hidden layers of a neural network can be
viewed as vector space embeddings. Specifically, in our setting, meaningful feature to describe
documents can be derived from the hidden layers of neural networks. In particular, to test the
potential of using neural networks to discover features that cannot be discovered using stand-
ard document embedding methods, feed-forward neural networks and stacked auto-encoders
are quantitatively and qualitatively investigated. Auto-encoders are stacked by using their hid-
den layer as the input to another auto-encoder. We find that meaningful features can indeed
be derived from the hidden layers of the considered neural network architectures. We quant-
itatively assess how predictive these features are, compared to those of the input embeddings.
Qualitatively, we find that feedforward networks tend to select and refine features that were
already modelled in the input embedding. In contrast, stacked autoencoders tend to model in-
creasingly more abstract features as additional hidden layers are added. For example, in the
initial auto-encoder layers, features like "Horror" and "Comedy" can be separated well by the

linear classifier. Meanwhile, features like "Society" and "Relationships" are more separable in
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later layers. After identifying directions that model important features of documents in each
stacked auto-encoder, symbolic rules are induced that relate specific features to more general
ones. These rules can clarify the nature of the transformations that are learned by the neural

network, for example:

IF Emotions AND Journey THEN Adventure (1)

The third contribution of this thesis is the introduction of an additional post-processing step
for improving disentangled feature representations. This is done by fine-tuning the original
embedding such that rankings of documents induced by our disentangled features are in agree-
ment with rankings induced by Pointwise Mutual Information scores. The motivation for this
contribution stems from the fact that methods for learning document embeddings are mostly
aimed at modelling similarity. It is found that there is an inherent trade-off between capturing
similarity and faithfully modelling features as directions. Following this observation, a simple
method to fine-tune document embeddings is proposed, with the aim of improving the quality
of the feature directions obtained from them. This method is also unsupervised, requiring only a
bag-of-words representation of the documents as input. In particular, clusters of terms are iden-
tified that refer to semantically meaningful and important features of the considered domain,
and a simple neural network model is used to learn a new representation in which each of these
features is more faithfully modelled as a direction. It is found that in most cases this method
improves the ranking of documents, and results in increased performance when disentangled

feature representations are used as input to classifiers.

Overall, this thesis quantitatively and qualitatively confirms that disentangled feature represent-
ations of meaningful features can be derived from low-dimensional vector spaces of documents,

across a variety of domains and document embedding models.
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Chapter 1

Introduction

1.1 Context

In recent years, machine learning models have achieved state-of-the-art results on most nat-
ural language processing task such as machine translation, [93]] question answering [13]], and
document classification [94]. Although these methods perform well, they are typically not inter-
pretable. As machine learning has extended into real-world domains like medicine and policing,
concerns of safety [1] and fairness [58]] have brought the legality and risk of implementing sys-
tems that are not interpretable to the attention of lawmakers. The European Union introduced a
legal "Right to explanation" in 2018 [31]], requiring that machine learning models must be able

to explain why they have made a decision about a person.

Simple interpretable models are one solution to this problem. A prototypical example of a
simple interpretable model is a low-depth decision tree. This low-depth decision tree can be
used as a classifier model, for example in the Natural Language Processing (NLP) task of
document classification, by assigning text documents to distinct classes. In order to use text
documents as input to a low-depth decision tree, they must be first processed into a suitable rep-
resentation. One standard way to obtain a suitable representation of text documents is by using
the bag-of-words model. The bag-of-words model takes the form of a matrix where each row
corresponds to a text document and each column corresponds to a word in the corpus. The value
of a word for a document would be the frequency of the word in that document, as a standard

example.

One domain investigated in this thesis is the 20 Newsgroups domain, where forum topics are

'https://github.com/sebastianruder/NLP-progress
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text documents. These forum topics are composed of user text posts, and each topic is submitted
to separate categories. In this domain, one document classification task is to assign documents
(e.g. forum topics) to the categories they originated from (e.g. automobiles, computer-science).
In order for a low-depth decision tree to perform well on this task, the features must capture
properties in the domain related to these categories. As an extreme example, in a decision tree
limited to a depth of one, a single feature is used. For the decision tree classifier to perform well,
e.g. by classifying if a topic is from the "automobile" category, the feature used must capture a
property that is highly related to "automobiles". This feature would have a high value if the text
document (i.e. topic) is highly related to automobiles, and the feature would have low value if

the document is not related to automobiles.

In this task, the bag-of-words representation can represent a variety of words that are relevant
only to automobiles, e.g. "car", "diesel", "volkswagen", or even "automobile". However, the
bag-of-words is necessarily sparse, and requires a deep tree that can include many relevant
features for good classification performance. As an example, in a one-depth decision tree,
making a classification decision based on the frequency of the word "automobile" will likely
identify topics that are related to automobiles, but will also miss many posts that are related to

automobiles but do not contain the word directly.

A bag-of-words can be used as input to a dimensionality reduction method to be obtain a vec-
tor space. After this process, each document is represented as a vector, where the number of
dimensions is far lower than the number of features in the bag-of-words representation. In this
space, similar documents are represented using similar vectors. As an example, in the domain
of newsgroup postings, topics that are similar, for instance in content or writing style, would
be represented using similar vectors. However, the features (i.e. dimensions) of a vector space
are not typically suitable for a simple interpretable classifier, as they do not usually correspond
directly to properties of the domain. Previous work by Derrac and Schockaert [21] introduce a
variety of ways to obtain properties from these low-dimensional vector space document embed-
dings, and derive semantic features from these properties. These semantic features capture key

domain properties, like "computer-science" in the 20 Newsgroups domain.

The process to obtain these semantic features from a low-dimensional vector space is as follows.
First, words are identified that could be useful as semantic features. This is done by learning

a linear classifier, e.g. a linear Support Vector Machine (SVM) for each word, using the vector
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Figure 1.1: An example of a hyperplane in a toy domain of shapes. The hyperplane for
the word square is the dotted line. Green shapes are positive examples and red shapes are
negative examples. The arrow along the bottom of the figure indicates the corresponding
direction. Those shapes far from the hyperplane on the right (positively classified) side of

the direction are more square than those in the opposite direction.

representations of documents as input. These Linear SVMs each obtain a hyperplane that sep-
arates documents where the word occurs from documents where the word did not occur. These
words are then scored on a metric, e.g. how accurate the classifier is. The top-scoring words on
that metric are assumed to be more likely to correspond to a property of the domain, as they are

more separable in the space.

The direction of the normal of this hyperplane is then used to order documents, with those that
are distant from the hyperplane on the negative side (those that are least representative of the
word) as low rank, and those that are distant from the hyperplane on the positive side (those
that are most representative of the word) as high rank. This ranking is obtained using the dot-
product between the document vectors and the normal vector of the hyperplane, and this ranking
of documents can be used as a feature. The orthogonal vector to the hyperplane is referred to as

a direction in this work as our concern is to obtain this ranking of documents. An accompanying
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Figure 1.2: An example of a Decision Tree classifying if a movie is in the '"Sports' genre.
Here, decision tree nodes use features that capture properties of the domain. These prop-
erties are represented by keywords or clusters of keywords. ''Coach Sports Team Sport
Football" is a cluster of keywords, that refers to the property in the domain of sports and
sport, described using those words and related words like coaches and teams. This prop-
erty is extremely useful for classifying if the movie is in the '"Sport'' genre, and as such is
the first node of the tree. Other nodes, like ''Virus'' apply to only a very small number of

samples.

visual in a two-dimensional toy domain of shapes is shown in Figure[I.I] This example includes

a direction of how "square" the toy shapes are.

These kind of directions in document embedding models, that go from documents that least
represent a semantically meaningful word to those that most represent it, can be useful in a
wide variety of applications. The most immediate example is being used as features in a simple
interpretable classifier. In Figure [I.2] an example of a decision tree that uses the semantic
features obtained in this thesis limited to a depth of three is shown. This example is from a
domain where text documents are movies, represented by a concatenation of movie reviews.
The task is to classify the genre of the movie, and this tree classifies if a movie is a sports movie

using semantic features derived from a vector space embedding.

Another example is that they allow for a natural way to implement critique-based recommend-
ation systems, where users can specify how their desired result should relate to a given set of

suggestions [88]]. For instance, Vig et al [89]] propose a movie recommendation system in which
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the user can specify that they want to see suggestions for movies that are "similar to this one,
but scarier". If the direction of being scary is captured as a semantic feature, such critiques can
be addressed in a straightforward way. Similarly, in [45] a system was developed that can find
"shoes like these but shinier", based on a document embedding model that was derived from
visual features. Semantic search systems can use such directions to interpret queries involving
gradual and possibly ill-defined features, such as "popular holiday destinations in Europe" [37].
While features such as popularity are typically not encoded in traditional knowledge bases, they

can often be represented as document embedding model directions.

Although the semantic features derived from vector space embeddings do have labels, the intent
of this thesis is not to optimize these labels for interpretability. Rather, the intention of this thesis
is to develop methods that can transform given vector space representation, such that compon-
ents of the resulting vectors correspond to semantically meaningful (i.e. predictive) properties
from the considered domain. Such a representation is called "disentangled" - a representation

composed of these properties is a disentangled representation.

This chapter continues as follows: In Section|I.2]the research hypothesis for the thesis is posed.
This is followed by an introduction of three research questions in Section[I.3] each correspond-
ing to a chapter in the thesis. The contributions of each chapter are then described in Section

[[.4] and the structure of the thesis is laid out in Section[[.5]

1.2 Hypothesis

Semantically meaningful features can be obtained from vector space representations of docu-
ments. These features are sufficiently predictive to be useful for simple interpretable classifiers,
of which low-depth decision trees are a prototypical example, allowing for a performance that
is close to the performance of an unbounded decision tree using the same features as input. Fur-
ther, these feature can be obtained from neural network hidden layers, and can provide valuable

insights into aspects of the domain that the neural network has learned.
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1.3 Research Questions

Question 1: Can meaningful semantic features be characterised as directions across a wide
range of vector space encodings and domains, and do these semantic features allow us to learn

effective low-depth decision trees?

Question 2: Can semantic features be obtained from the hidden layers of neural networks, and
to what extent can these features be used to investigate the characteristics of different neural

networks?

Question one and two focus on obtaining semantic features. However, this is not the intention
of the final research question. Instead, this question looks at how to improve existing semantic
features. In particular, by using a neural network to fine-tune the initial vector space embedding

so that the directions contained within it are better suited for use as semantic features.

Question 3: Is it possible to obtain higher-quality semantic features in an unsupervised way by

fine-tuning the initial vector space?

1.4 Contributions

In the work by Derrac and Schockaert [21]], three domains were investigated with all results
based on the same document embedding model. Then, these methods were evaluated with
fixed hyper-parameters and a rule-based classifier. In Chapter @ we propose a methodology
for quantitatively validating the method and variants of the method by Derrac and Schockaert
[21], by using low-depth Decision Trees, limited to a depth of one, two or three. An extensive
quantitative and qualitative evaluation is performed with the method and variants of the method,
using data from five different domains, and vector space embeddings derived from a variety of
document embedding methods. This is important to confirm the generality of the results from

[21]].

In Chapter [5 the method from Chapter [] is used to obtain semantic representations from the
hidden layers of neural networks, in particular feed-forward networks and auto-encoders. Spe-
cifically, the output of the activation values of the hidden layers of the trained models are viewed

as vector space representations, and disentangled feature representations are derived from them.
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Feed-forward networks are trained on supervised data to classify key domain tasks, and the dis-
entangled feature representations derived from these feed-forward networks are quantitatively
tested using depth-3 decision trees. The predictive performance of these decision trees is com-
pared to the neural networks, and it is found that not much predictive performance is lost in
most cases, and in one case, the disentangled feature representation obtained from the neural
network when used as input to low-depth decision trees out-performs the neural network it was
learned from. Further, characteristics of feed-forward networks are identified, in particular that
they represent new semantic features that are more relevant to the class. However, the same
experiment repeated for the stacked, meaning multi-layered, auto-encoder yielded a negative
result. Furthermore, the properties in a stacked denoising auto-encoder are quantitatively and
qualitatively investigated, and a method is introduced to induce rules that describe relationships
between semantic features from each layer, and the application of this method to better explain
how the neural network represents information is explored. This work was published in NeSy

16, the Eleventh International Workshop on Neural-Symbolic Learning and Reasoning.

In Chapter [6] we identify an issue with the use of the centered objective used to build the vector
space embedding. Specifically, although the vector spaces can be re-organized into meaningful
directions, the similarity objective can sometimes be counterproductive. An example of this
in a two-dimensional toy domain is shown in Figure where the similarity objective results
in an outlier. Following this, a method is introduced to fine-tune the vector space, improv-
ing the directions in the vector space embedding at the expense of modelling similarity. First,
Positive Pointwise Mutual Information (PPMI) scores for the words that label the interpretable
features are obtained. Then, a target ranking for each feature is found by using isotonic re-
gression to obtain values in between the PPMI scores and the rankings of the documents. This
target ranking is used to train a single layer neural network with a non-linear activation func-
tion that attempts to match the rankings of documents to the target ranking. The intention is
not to achieve 100% accuracy, but instead to rearrange the rankings so that similarity based in-
formation is de-prioritized if it allows us to learn more meaningful directions. Using these new
properties as input to low-depth decision trees results in a performance increase for a variety of
configurations and tasks, with some exceptions. A qualitative investigation shows that the docu-
ment rankings become more specific and meaningful for the features. This work was published

in The SIGNLL Conference on Computational Natural Language Learning (CoNLL) 2018.
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square

Figure 1.3: Toy example showing the effect of outliers in a two-dimensional embedding of

geometric shapes.

1.5 Thesis Structure

e Chapter 2] gives an overview of methods for processing unstructured text data, standard
machine-learning classifiers, and it provides a background on other methods to discover

semantic features and on related work in interpretability.

e Chapter [3introduces and explains the datasets used in this thesis, as well as explaining

the hyper-parameters used for the machine-learning models in this thesis.

e Chapter @ provides a comprehensive quantitative and qualitative analysis of the method
introduced by Derrac and Schockaert [21], across a much broader group of domains,
tasks, and vector space embedding methods. This section introduces the use of low-depth
decision trees as a mechanism for evaluating the quality of the learned semantic features.
Additionally, for the sake of completeness, variations of the method are introduced, with
scoring functions that were previously not used, such as NDCG, F1-score and accuracy.
Standard K-means is used as an additional clustering algorithm that provides a reference
point to the variation of K-means used in the original work. All variations, parameters,

document embedding methods and domains are comprehensively analysed and compared.

e Chapter [5| qualitatively investigates the use and application of the method in Chapter
to neural networks, in particular feed-forward networks and auto-encoders. A rule-based

classifier is used to connect properties between layers of an auto-encoder.



1.6 Summary 9

e Chapter [6] introduces a method to improve the interpretable feature representation by
prioritizing these features over the similarity information that is captured in the vector

space.

e Chapter [7|provides conclusions on the contributions of this thesis and outlines a number

of possible avenues for future work.

1.6 Summary

Vector space representations of text documents are common in natural language processing
(NLP). However, their features are typically not interpretable. There is an increasing need for
suitable solutions to interpretability in NLP and machine-learning. A prototypical example
of a simple interpretable classifier is a low-depth decision tree. A low-depth decision tree is
effective when semantic features are used as input. These features correspond to properties
of the domain that are suitable for the class, e.g. A property that represents the property of a
movie being "Bloody" when classifying if a movie is a "Horror". This thesis studies methods
for inducing such semantic features from a variety of vector space encodings of documents,

including neural networks.
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Chapter 2

Background

2.1 Introduction

In this chapter a general background for learning and evaluating low-dimensional text document
embeddings is provided. For a more in-depth introduction to machine learning, see the book by
Gareth James et al [38] or Bishop [7], and for a more in-depth introduction to natural language
processing, see the books by Manning [56] and Jurafsky [43]. This introduction provides a
general overview of how low-dimensional vector space embeddings of text documents can be

obtained.

This thesis is concerned with obtaining a semantic representation of text data, that is aimed at
modelling the main properties from a given domain. To evaluate these representations, we will
rely on a number of key domain-specific classification tasks. These tasks rely on a classification
model, which takes some vector input z and maps each such input to one of K discrete classes
Cy where k = (1,2,..., K) [[7]. Such tasks are known as document classification tasks. One
example of a document classification task is e.g. classifying a movie review document x as
either "negative" or "positive". A machine-learning model cannot process a document of raw

text directly, hence the input x is typically a preprocessed representation of a document.

One popular and simple way to represent text documents is using the bag-of-words model [73].
Given a set of documents D = (dy, ds, ..., d,,) where n is the number of documents, and words
W = (wy,wy, ..., w,,) in these documents D, where m is the number of words in all documents
D, a bag-of-words representation uses a matrix M in which each document corresponds to a
row vector and each word corresponds to a column vector. In other words, each document d; is

represented by the vector d; = (21, ..., Tim ), Where the value x;; reflects how much word w; is
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related to document d;. For instance, a straightforward choice is to choose z;; as the number of

times f(d;, w;) that word w; occurs in document d;.

Document embeddings are (typically) low-dimensional vector representations of documents.
Such representations are often learned by taking the bag-of-words representation as input and
applying a dimensionality reduction technique. This results in a representation where the spatial

relationships between documents reflect their semantic relationships.

When documents describe particular entities of interest (e.g. movies), their embeddings thus
capture semantic properties of these entities. The methods in this thesis aim to make these
semantic properties explicit. In this chapter the methods to obtain vector space embeddings
of text documents are explained. To begin, how the initial text documents are preprocessed
is covered in Section 2.2l Then, how basic bag-of-words representations are obtained is ex-
plained in Section [2.3] followed by how vector space embeddings are obtained in Section [2.6]
As machine-learning methods are used to evaluate these representations, Section 2.4 covers dif-
ferent machine-learning methods. Finally, a background on interpretable representations and

classifiers is covered in Section 2.7

2.2 Text Data

In this section, the basics of what the text data is, terminology associated with it and how it is

preprocessed is described.

2.2.1 Text Domains

"Text domain" refers to a subject area that is unique in its vocabulary and structure. One example
is the 20 Newsgroups domain (See Section [3.2), which is composed of online news discussion
groups. In this thesis, we use a variety of datasets, each from different domains. Below an
example post is provided from the Newsgroups domain that contains jargon like "NOEMS",
"EMM386" and a unique structure e.g. signing the post with the persons name and a personal

tagline for contacting them.
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Has anyone else experienced problems with windows hanging after the installation

of DOS 67 I have narrowed the problem down to EMM?386.

If if remove (or disable) EMM2386, windows is ok. If EMM386 is active, with
NOEMS, windows hangs. If I use AUTO with EMM386, the system hangs on

bootup.

Dave.

David Clarke ...the well is deep...wish me well...

acl51 @Freenet.carleton.ca David_Clarke @mtsa.ubc.ca clarkec @sfu.ca

We distinguish in this thesis between general text data across multiple domains, and domain-
specific text data that has jargon and structure particular to the domain. In this thesis, represent-
ations are obtained from domain-specific text, and domain-specific tasks are used to test these
representations. Machine-learning models to solve these tasks are trained on domain-specific

data.

The datasets used in this thesis are composed of text documents. Some of these datasets of
text documents used in this thesis have documents that correspond to entities, e.g. movies. The

datasets are further explained in Section[3.2]

2.2.2 Preprocessing Text Data

One issue when using only domain-specific text data is that the model may place excess import-
ance on structure or quirks of the domain rather than semantics, e.g. if in the training examples
of posts about "windows" most users signed off their text-posts with an email that includes
".ca", meaning they are from canada, then the model may identify all posts that include ".ca"
emails as about windows despite this not being generalizable. To address problems that can
come with using domain data as-is, text data is preprocessed using rules from both the domain
and in general. As an example of a general rule, so-called stop words are often removed. These

are words that are highly frequent which typically convey very little or no semantic content (e.g.
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the, he, it). As an example of a domain rule, in the example in Chapter footer text would
be removed. This pre-processing must strike a balance between removing information that is

not relevant and keeping information that is relevant.

The first step to preprocessing data in order to build a representation like a bag-of-words is
building a vocabulary composed of words from the corpus. In this vocabulary, it is important
that words are identified regardless of grammatical differences e.g. identifying that "Dog" and
"dog." both refer to the same word. The following is the methodology used in this thesis to

obtain a vocabulary from text documents:

Convert all text to lower-case, e.g. "The man and The Dog" converted to "the man and the

dog

e Remove all punctuation including excess white-space, e.g. "the man, and the dog..." con-

verted to "the man and the dog"

e Using a predefined list of "stop words", remove words that are not useful, e.g. "the man

and the dog" converted to "man dog"

e Remove infrequent words, e.g. "man dog, dgo, dog man" would have the infrequent word

"dgo" removed.

e Domain-specific preprocessing to remove metadata, e.g. removing emails from the end of

MOVie reviews.

In this work and the representations used in this work, the rules above are applied to the corpus
beforehand. In terms of removing infrequent words, words that did not occur in at least two
documents are removed. In the next section, we cover some methods for text representation and

explain their basic advantages.

2.3 Representations

In this section, background for natural language processing techniques is introduced as neces-

sary to produce representations of text documents. More details can be found in the book by
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Jurafsky and Martin [43]]. Machines cannot parse the meaning of text like news articles, product
reviews or social media posts without a representation of the meaning in a computational struc-
ture e.g. a matrix. We will consider representations in which documents are represented as
fixed-dimensional vectors X = (x1, 9, ..., x,). Here, the components of this vector are called
features, and ideally each of these features = are meaningful in the domain. For example, mean-
ingful features when determining the value of a house would be the number of bedrooms z1,
and the number of toilets x5. An example vector from these examples would be (6, 3) for a

house with 6 bedrooms and 3 toilets.

2.3.1 Bag-of-Words

Bag-of-words is a simple representation of text data that can scale to an extreme amount of data,
but does not retain the order of words. The most standard Bag-of-words model (BOW) uses the
number of occurrences in the document as the value for each word in the matrix. For example, a
short document like "there was a dog, and a man, and the man, and the dog" would be translated

into word frequencies "(there: 1, was: 1, a: 2, and: 3, the: 2, man: 2, dog: 2)".

Bag-of-words representations are encoded using a matrix, where rows correspond to documents
and columns correspond to unique words in the corpus. This set of unique words across all
documents in a domain is referred to as the vocabulary. A bag-of-words representation of a
document is a vector d; = (1, ..., T4, ) Where m is the number of words in the vocabulary. A
common choice is to choose x;; as the number of occurrences of w; in document d;. We will

denote this number of occurrences as f(d;, w,) throughout this thesis.

Term Frequency Inverse Document Frequency (TF-IDF)

Using the raw frequency count of a word is a basic example of how to use bag-of-words to
represent documents, however longer documents have overall higher values than shorter ones.
Furthermore, term frequency does not discriminate between terms that are frequent in most
documents (and thus unlikely to be informative) and terms that are frequent in a few documents
only. For example, in a domain of movie reviews, the word "movie" despite being frequent in a
majority of documents is not useful. Instead, it would be better that terms that are not useful for

distinguishing between documents were not given a high value, and documents that are unique
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to a smaller number of documents was given a high value. For example, if the term "gore" was

frequent in only five different movies out of 15,000 then it is clearly important for those movies.

The idea that words which are infrequent overall but frequent for some documents are important
can be applied to a bag-of-words using the Term Frequency Inverse Document Frequency (TF-
IDF) formula, introduced as "Term Specificity" by Jones [[78]. The first part of TF-IDF is Term
Frequency TF(d, w), which is a normalization of frequency that solves the first problem of larger

documents being treated as more important than shorter ones.

TF(d,w) = _fldw) 2.1)

Zi f(d, wi)

Where f(d, w) is the number of occurrences of word w in document d, as before. The next part
of TF-IDF is Inverse Document Frequency, which is a measure that rewards terms that have a

low Document Frequency.

IDF(w) = 1og(m) 2.2)

Where df (w) is the number of documents the word w has occurred in and n is the number of
documents in the corpus, as before. Note that while Term Frequency measures the frequency
of a term in a document relative to that document’s length, Document Frequency measures the
overall occurrences of the term across all documents. Essentially, it measures how rare it is for a
term to appear in a document. Here, this value is multiplied by a logarithm to make the number
of documents in the corpus less relevant (i.e. the value will not have a large difference between
a corpus with 1,000,000 documents and a corpus with 1000 documents). Finally, the TF-IDF is

the Term Frequency multiplied by the Inverse Document Frequency.

TF-IDF = TF x IDF (2.3)

This final multiplied TF-IDF value will balance the frequencies of the words such that terms
that occur in many documents have a lower TF-IDF, and terms that occur in fewer documents

will have a higher TF-IDF.

Positive Pointwise Mutual Information (PPMI)

Pointwise Mutual Information (PMI), originating from information theory [24], measures how

dependent two variables are i.e. what are the chances of the variables occurring at the same time
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relative to the chance of them occurring independently. In this case, it is used as an alternative
to TF-IDF that scores how dependent a word is on a document. In practice the frequency of the
word is used to derive an approximation of the chance it will occur [15]. In application to e.g. a
domain of movie reviews, we can understand that a word like "good" occurs frequently in many
documents, while a word like "horror" occurs frequently only in some documents. In this case,
"good" is not informative, as it is as likely to occur in one document as it is in any other, i.e. it
is independent from the document, while "horror" is informative when it occurs in a document.

For a word w in a document d, the pmi(d, w) value is given by:

P(w,d)

(d,w) =log (=———— 24
Where P(w, d) is equal to the chance of the word occurring in the document:
d
P(w,d) = f(d, w) (2.5)

a Zz Zn f(di,wy))

Here, f(d, w) is the frequency of a word for a document, 7 is the number of documents, and n

is the number of words in the vocabulary.

To calculate the chance that a word will occur, P(w), we simply take the chance the word
will occur in any document (estimated by its summed frequency) over all frequencies, and
to calculate the chance that the document will occur, P(d), (represented by the sum of the
frequencies of all words that occur in it) over all frequencies:

. SwW ; d,wj
plw) - o) T fdw)

B > Zj f(d;,w;) - > Zj Fdi, w;) (2.6)

As this value can sometimes be negative when words are less correlated than expected, we use

Positive Pointwise Mutual Information (PPMI) [43], as we are only interested in words which

are positively correlated.
ppmi(d,w) = max (0, pmi(d,w)) (2.7)

In this thesis, a PPMI BOW is the representation used for bag-of-words, as it was shown to
achieve better results than TF-IDF in previous work by Derrac and Schockaert [21]. It forms
the basis of more complex representations and is also sufficient as a simple interpretable repres-

entation.
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2.4 Text Document Classification

A classification problem has labels (or "classes") where each example either has a label or does
not have one. Labels can be understood as categories in the domain, e.g. in the domain of
sentiment analysis on movie reviews, labels could be "very good", "good", "average", "bad",
"very bad". Given a set of possible labels, documents D and document/label pairs have a truth
value (d,c) = 0,1. These are the known examples, and from these values, a classifier finds
a function that assigns unlabelled documents d € D to predicted labels (d, p). This function
approximates an unknown target function that can accurately label any document. For example,
in a domain of movie reviews, each review is labelled as either positive or negative, and a

function must be found that can determine if unlabelled movie reviews are positive or negative.

2.4.1 Opverfitting

If a machine-learning model is given training data, and tested on that training data, then the
model could learn a function that is only useful for that data and still performs well, for example
by memorizing the training examples. Ideally the model instead captures meaning in the domain
that enables it to generalize well to examples it has not learned from. This is known as the
bias/variance trade-off [28]]. High variance models prioritize the correct classification of existing
examples, e.g. in the case of a non-linear function that ensures each example in the training data
is classified correctly by increasing complexity. This is at the cost of bias, or the amount of
assumptions made by the model. A high bias model would make many assumptions about the
target function, e.g. using a linear function, and because of this the function may generalize well

to new examples if those assumptions are correct.

Machine learning models have hyperparameters that determine how they function when train-
ing, and these can be adjusted to obtain results that do not overfit to the data. In order to
determine the best hyperparameters to solve the problem, rather than choosing hyperparameters
that solve the problem only on a particular set of data, the data for a supervised problem is

usually split into three parts:

Training data The training data are the examples that the model learns from. It is used only

when creating the model, and is not used after the model has finished learning.
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Test data The examples that the model uses to check if the function learned is correct.

Validation data Validation data is used for parameter tuning. The separation of validation data

from test data is to ensure that the parameters are not overfit on the test data.

The intention of this is to validate the models hyper-parameters using validation data, and fest
how well the model performs using test data. By keeping these examples separate, it is easier

to see if the model is overfitting or if it has found generalizable patterns.

2.4.2 Evaluation Metrics

To evaluate a model, the difference between the real labels of documents and the predicted
features of documents are compared. However, the value of the model is in its ability to predict

the labels of documents that are unlabelled.

Here, we assume we are classifying a single binary class, where positive labels are denoted by
1 and negative labels by 0. The simplest way to evaluate a model is by its accuracy a, where C,

is the number of correct predictions, and P, is the number of all predictions.
a=— (2.8)

However, this can give a misleadingly high score if for example, the dataset is unbalanced
with many more negative labels than positive ones, and the model predicts only negatives. An
example of where this would be the case is when classifying out of all social media posts,
which ones are important for emergency responders to investigate. Although there are very
few positive instances of this class, identifying those is very important. In the case of a model
predicting only negatives, the accuracy would be high as the number of correctly predicted
negatives tn is high, but the model has not actually learned anything, which we can tell by
looking at the number of correctly predicted positives #p. For a metric that can take this into
account, we must consider the number of incorrectly predicted positives (negatives classified as

positive) fp and the number of incorrectly predicted negatives fn.
There are a variety of other informative measures that can be used [52]. One such measure,
recall (rec) is the proportion of true positives #p identified correctly.

__Ip
tp + fn

rec (2.9)
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In the case of a model predicting only negatives, the rec would be zero. Recall is useful in these
situations where we are interested in how many false negatives fn there are. However, if the
model is instead prioritizing positive predictions too much rather than negative ones, we can use

precision (pre).
Ip

Cwp+fp

pre (2.10)

F1 score is the harmonic mean of recall and precision, it is used to balance and measure the

recall and precision at the same time where they are equally important.

Fl1=2. M (2.11)
pre + rec

2.4.3 Types of Classification Problems

There are three kinds of classification problems that are used in this thesis. The first are binary
problems. This is where there are two possible classes, and they are mutually exclusive. An ex-
ample of this is a task that classifies if a movie review is positive or negative. The second kind
of classification problem is multi-class. A multi-class problem has more than two mutually ex-
clusive classes, where each example belongs to only one class e.g. classifying the age-rating of
a movie, where a movie is either suitable for ages 18+, 15+, 12+ or suitable for everyone. The
final kind of classification problem is multi-label [[77]. In a multi-label classification problem
examples can belong to multiple classes at once. For example, classifying if a movie con-
tains particular themes like "blood", "romance", or "relationships". A movie can contain both
"blood" and "romance", but some movies only contain "blood" and some movies only contain

"romance".

2.5 Classifiers

2.5.1 Decision Trees

Classification decision trees [[11]] are classification models that are structured as trees, where
internal nodes are associated with features and a threshold value 7'. In the case where a bag-

of-words representation is used as input, the nodes of this Decision Tree will correspond to
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words in the corpus vocabulary. When a decision tree classifies an example, the way the tree is
traversed is determined by if the value given by the example is larger than the threshold 7'. Leaf
nodes determine the class to which an example is assigned. Due to the way in which decision
trees are learned, we can often think of the structure of the tree as identifying the importance
of the different features, with the most important features for classification at the top and the
less-important ones below. Decision Trees have nodes that correspond to features, so if these

features are simple and easy to understand then the tree is also interpretable [87]].

2.5.2 Linear Support Vector Machines

In the case of a linear support vector machine (SVM), the documents are viewed as points in a
vector space and the dimensions of that space correspond to the features. The SVM then finds
a linear support vector machine [91] finds a hyperplane that maximizes the margin between
documents belonging to different classes. To classify new documents, they are placed in this
space and labelled according to which side of the line they fall on. A parameter can be tuned
for this classifier, the C' parameter. The C' parameter determines how much misclassification is
penalized, in other words, how much bias there is in the model. A large C' value results in low
bias, and high variance, as misclassifications are heavily penalized. A low C' value results in

high bias and low variance, as misclassifications are not highly penalized.

2.5.3 Neural Networks

Neural networks [32]] are composed of layers, and each layers is composed of nodes. Nodes are
connected by weights, which have an associated value the output of nodes are multiplied by.
Each node has an activation function, which is typically the same for every node in a layer. This

function transforms the input. Some example activation functions are tanh, sigmoid, and relu.

1 — exp(—2x) 1

tanh(z) = — PN omeid(z) = ———
anh() 1 + exp(—2x) sigmoid(z) 1+ exp(—x)

relu(z) = max(0,z)  (2.12)

Generally, a neural network is composed of an input layer, which encodes the number of input
features. Then, there are hidden layers, which may vary in dimensionality, and finally an output
layer. Each time an example is processed by the network, information flows through the nodes

and along the connections to the output layer. Each example has some desired output, e.g. in a
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binary classification task, a single output node would be used and the correct class assignment
for that example is the desired output. From this output layer, a loss is calculated. One example
loss function is the mean squared error, which calculates the average of the squared differences
between what is predicted and what the desired value is for the prediction. Then, the gradient of
the loss function is calculated with respect to each weight, and weights are updated to minimize
loss. Typically, the process for calculating the gradient is estimated, and all the weights are
updated using that estimation. Once the network has been trained, examples are input to the
final network and a simple threshold on the output layer is applied to determine if an example

belongs to the class or not (e.g. probability > 0.5).

One kind of neural network is the feed-forward network, where nodes only connect to nodes in
subsequent layers. In this way, the feed-forward network always feeds information forwards.
In standard applications of a feed-forward network, layers are "fully connected", meaning that

each node is connected to every node in the subsequent layer.

Hidden layers of neural networks can be viewed as vector spaces, where the result of learning is
that the position of documents in that hidden layer are better spatially organized for solving the
given task. For example, documents that belong to one class may be spatially grouped together.
This is an important advantage of neural network models in the context of text classification:
these models jointly solve the task of representation learning (i.e. transforming some initial
representation into one which is better suited for the given task) and the task of learning the

actual classification model.

2.6 Low-dimensional Vector Spaces

The bag-of-words (BOW) based on frequency statistics has the benefit of being easy to under-
stand on a granular level, as each feature is a distinctly labelled word. However, it is difficult to
deal with words in the test data that have not been seen during training. Moreover, the import-
ance of words with few occurrences cannot be reliable determined. To address these issues, it
has been proposed to represent the information in a bag-of-words in a lower number of dimen-

sions while preserving the most relevant information as much as possible [20]].



2.6 Low-dimensional Vector Spaces 22

Low-dimensional vector spaces [35] are generally learned by taking semantic information in a
sparse BOW representation, and encoding it such that documents that are semantically similar
are close together. However, these dense vector space representations usually no longer have
features (i.e. dimensions) which are meaningful to humans. This is a trade-off when going from
a sparse representation to a low-dimensional vector space representation: the features are no

longer meaningful, i.e. they are "entangled".

This can lead to unexpected disadvantages when classifying text with a simple classifier, e.g. a
low-depth decision tree. In a bag-of-words, terms that are particularly important for classifying
could be selected as important features at the top of the tree. However, in a low-dimensional
vector space the information that is suitable for classification is not sufficiently separated into a

distinct feature; rather it is encoded in the spatial relationships of the vector space.

The main focus of this thesis is in how to disentangle the semantic information encoded spatially
in a vector space into semantic features. This is essentially producing a new representation
that captures the same information as the initial vector space, but instead has features that are

semantically meaningful similar to how a bag-of-words has individual features for each word.

2.6.1 Principal Component Analysis

Principal Component Analysis (PCA), is a linear dimensionality reduction method. Given a
set of objects described by feature vectors, e.g. a bag-of-words, it produces a vector space of
a specified dimensionality n. Essentially, PCA works by linearly combining features in order
to create new features that can differentiate documents well and are uncorrelated with previous
features. This results in a new low-dimensional representation that retains information and has
features ordered by the amount of variance they capture. As they are a linear combination of
all input variables [97, 29]], they tend to be difficult to interpret, especially for high-dimensional
input spaces. However, in some domains they have proven useful for exploratory analysis. For
example, in spatial data investigating historical trends [79], the first six principal components
were interpreted as known historical events, e.g. a spread of farming in the Middle East, or the
retreat of the Basque language. In facial recognition, principal components have been found to

correspond to semantic, albeit difficult to interpret features called ‘eigenfaces’ [85]].

Latent Semantic Analysis (LSA) [27] is the same approach as PCA, obtaining principal com-
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ponents, but with a bag-of-words as input [76]. The individual dimensions have been used to
e.g. do exploratory analysis on scientific papers to identify communities of research [47]]. Given
that it relies on PCA, features are not always interpretable, and typically post-processing e.g. in
the form of rotation is applied [40] to interpret components. To address the problem of inter-
pretability in PCA, Sparse Principal Component Analysis (SPCA) [97] was introduced. SPCA
instead obtains principal components that are composed of only some of the original variables
[98]. A more computationally efficient method has also been applied to text data [93], showing
some promise of interpretable features. Non-negative matrix factorization [31] is an approach
similar to PCA but with non-negativity constraints, resulting in more interpretable semantic

features [65]].

2.6.2 Multi-Dimensional Scaling

Multi-Dimensional Scaling (MDS) [79] is a dimensionality reduction algorithm. In the same
way as PCA, the dimensionality of the output space is specified. As input, MDS takes a dis-
similarity matrix of documents, where both rows and columns are documents and the values are
the dissimilarity between those documents. In this work, following the approach by Derrac and
Schockaert [21]], to calculate the dissimilarity between two documents di and dj the normalized
angular difference is used between their vectors vg; and vg;.

Vdi * Udj )

(2.13)
[vail] - [Jvg]]

2
ang(di,dj) = - - arccos(

From a bag-of-words, the way to construct this dissimilarity matrix is by finding the dissimil-
arity between bag-of-words features for each document. A disadvantage of this method is that
the dissimilarity matrix grows quadratically in the number of documents, which means that it
may not fit in memory for larger datasets. The end-result of MDS is a representation where
documents that are semantically similar according to the input matrix are spatially close to each

other, and semantically different documents are spatially distant from each other.

2.6.3 Word Embeddings

Word embeddings are a vector space representation for words. They are typically learned us-

ing a large corpus of text, e.g. Wikipedia. There are many ways to obtain word-vectors, one
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traditional approach is matrix factorization [12]. Recently modern methods like GloVe [66]
and Word2Vec [60] have been widely adopted. These methods learn representations of words
using the context of their surrounding words. Essentially, the meaning of each word is determ-
ined only by context. These representations have been extremely useful, and have semantic
coherence, as shown by being able to model relations between words, e.g. analogical relations
represented using vector operations, where vec(word) is the word vector for a word, vec(King)

- vec(Man) ~ vec(Queen).

2.6.4 Doc2Vec

Doc2Vec [48] extends the neural network method of learning word vectors introduced by Word2Vec
[60] such that a document representation is learned in tandem. Essentially, as well as learning
from the word’s context, the words are also learned according to what documents they are in.
The document representation is built in the same way as the word representation, gradually

being informed by the word context and document context.

2.7 Interpretable Representations

2.7.1 Conceptual Spaces

The inspiration of the work by Derrac and Schockaert [21] was conceptual spaces. Within the
field of cognitive science, feature representations and semantic spaces both have a long tradition
as alternative, and often competing representations of semantic relatedness [86]. Conceptual
spaces [26] to some extent unify these two opposing views, by representing objects as points in
vector spaces, one for each facet (e.g. color, shape, taste in a conceptual space of fruit), such

that the dimensions of each of these vector spaces correspond to primitive features.

The main appeal of conceptual spaces stems from the fact that they allow a wide range of cognit-
ive and linguistic phenomena to be modelled in an elegant way. The idea of learning semantic
spaces with accurate feature directions can be seen as a first step towards methods for learn-
ing conceptual space representations from data, and thus towards the use of more cognitively

plausible representations of meaning in computer science. Our method also somewhat relates to
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the debates in cognitive science on the relationship between similarity and rule based processes
[33], in the sense that it allows us to explicitly link similarity based categorization methods (e.g.
an SVM classifier trained on semantic space representations) with rule based categorization

methods (e.g. the decision trees that we will learn from the feature directions).

Fundamentally, both of these views seek to find the essential components that determine why
all entities vary in the domain, and use them as features. In the case of text processing which
we investigate in this work, the factors of variation found correspond to clusters of words that
represent properties of entities in the domain. The representation is considered disentangled
if the features obtained are interpretable and predictive when used in key domain tasks. In
this thesis, the term "property" is sometimes used in place of the term "feature", to make the
distinction between the "properties", which are directions in the document embedding, and

"features" that are the resulting rankings of documents on those features.

2.7.2 Topic Models

The method in this thesis produces a disentangled feature representation where each feature is
semantically coherent. This is somewhat similar to Topic models like Latent Dirichlet Alloc-
ation (LDA), which learns a representation of text documents as a multinomial distributions
over latent topics, where each of these topics corresponds to a multinomial distribution over
words [9]]. Topics tend to correspond to salient features, and are typically labelled with the most

probable words according to the corresponding distribution.

Vector space models are versatile in how they can be learned, enabling e.g. structured knowledge
from the domain, or different kinds of data like images to be taken into account. Some authors
have also proposed hybrid models, which combine topic models and vector space models. For
example, the Gaussian LDA model represents topics as multivariate Gaussian distributions over
a word embedding [18]]. Topic models have also been used to improve word embedding mod-
els, by learning a different vector for each topic-word combination [53]. LDA has also been
extended, for example to incorporate additional information, e.g. aiming to avoid the need to
manually specify the number of topics [82], modelling correlations between topics [8]], or by
incorporating meta-data such as authors or time stamps [71,92]]. Such techniques for extending

LDA offer less flexibility than neural network models, e.g. for exploiting numerical attributes
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or visual features.

2.7.3 Generative Adversarial Network and Variational Autoencoders

Generative Adversarial Network (GAN) [30]] are neural networks that learn representations us-
ing a discriminator and a generator, where the generator encodes a probabilistic model from
which is aimed at generating entities that are similar to those from a given training set. This
generator network is simultaneously trained with a discriminator network, which aims to predict
whether a given entity is an actual example from the training set or was sampled from the gen-
erator. The generator network implicitly learns a latent space of the entities from the considered
domain, which has been proven useful in a wide variety of tasks, despite generally not being
interpretable. However, GANs have been extended to produce an interpretable disentangled lat-
ent space, in particular InfoGan has shown that it can obtain interpretable features in the latent
space where each feature corresponds to a salient factor, e.g. in a task of identifying what digit
is written in an image of a handwritten digit, there are features for each digit and an additional
digit used for the style of writing [14]. GANs have also been applied in text [10, 42]] with
some success, despite being noted as ‘particularly difficult to train’ in the text domain [3] even
with advancements in this direction [39]. The work in this thesis differs from the disentangled
representations found in GANs as it focuses on disentangling text document representations
into semantic features that are relevant to text classification, and has a broad applicability to

document-based text representations.

2.7.4 Sparse Representations

Methods to obtain sparse and interpretable word vectors have been developed by either adapting
a learning method to include sparsity constraints e.g. non-negative sparse embeddings adapting
matrix factorization with sparsity constraints [61] or [54] adapting neural networks. Alternat-
ively, some works follow a similar line to ours in that they post-process existing dense embed-
dings [80, |64} 25]. In the former category, this approach has also been extended to sentences
[83]], and follows the idea that PCA and other dense representations are effective at compress-

ing information into a small number of dimensions, although this usually results in semantically
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incoherent features. Instead, a larger representation with similar performance but more dimen-
sions and high semantic coherency of its features is learned. In this way, information that was
compressed into a small amount of dimensions previously has been disentangled into a larger
number of features. However, this can sometimes come with a minor loss of performance, par-
ticularly when using a lower number of dimensions. The features of these representations are
labelled using the top n highest-scoring words on the feature. Sparse interpretable representa-

tions have also been derived from sentences [84]].

There are also document representations that use sparsity constraints to obtain interpretable
sparse representations such as sparse PCA learned using the 11-norm, [97, 95]] or Sparse MDS
[19]. Compared to sparse representations, the methods in this thesis also attempt to post-process
a dense representation in order to disentangle them, but it does not aim to produce a sparse
representation that may perform poorly with a small number of features. Instead, the objective
of the representation obtained in this thesis is to perform well with a small number of features,
under the assumption that if we are able to identify key features of the domain then we should

only need a small number of features to perform well at key domain tasks e.g. text classification.

One method that does not produce a sparse representation but still learns an interpretable rep-
resentation is [44]], where features correspond to concepts. In their work, an external lexical
resource is used to define concepts that will correspond to features in the representation before
training. This differs from our work in that we do not use any external resources apart from
a bag-of-words from the domain to determine the features, rather they are determined by what
the vector space representation itself prioritizes, as the features are derived directly from the

semantic relationships that are spatially encoded in the representation.

2.8 Conclusions

Bag-of-words (BOW) representations are simple and meaningful, achieving strong results des-
pite not being complex. BOW representations are also interpretable in principle, but because the
considered vocabularies typically contain tens (or hundreds) of thousands of words, the result-
ing learned models are nonetheless difficult to inspect and understand. Further, the sparsity and

dimensionality of this representation limits its applications. Topic models and low-dimensional
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vector space embeddings are two alternative approaches for generating low-dimensional docu-
ment representations, with the usual advantage of topic models over vector-space models being

that their features are interpretable, as the features are labelled with a group of words.

In this thesis a disentangled representation is obtained from a low-dimensional vector space,
where each feature is semantically coherent. Some variations of Generative Adversarial Net-
works can achieve a disentangled representation, but they are difficult to train on text data.
Methods to obtain sparse interpretable representations in word-vectors are similar to this work
in that they post-process a dense representation, but these methods are limited to word vectors
and suffer in performance with low-dimensionality, which we identify as a desirable character-

istic of our representation.

This thesis continues as follows: given the background in this chapter, the datasets that will be
used in text classification tasks and to produce the dense and interpretable representations are in-
troduced. Then, the method to re-organize dense vector spaces into interpretable representations
quantitatively and qualitatively validated across a variety of domains and vector space embed-
ding methods. Following this, the dense vector space representations of neural networks are
investigated, with the intention to better understand these models with unexpected results. Fi-
nally, a method to improve both the semantic coherence and performance of these interpretable

representations is introduced and quantitatively and qualitatively validated.
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Chapter 3

Datasets and Semantic Spaces

3.1 Introduction

For the experiments in this thesis, we will use five different domains, each with their own
particular vocabulary and meaning of words in their vocabulary. This Chapter begins with
a section to give insight into the datasets with explanations of each domain, accompanying
examples, and their classes. This is followed by technical descriptions of preprocessing methods
for the datasets. Finally, we introduce the bag-of-words and semantic space representations built

from these preprocessed datasets that will be used in the remainder of the thesis.

3.2 Datasets

First, we go through the history and class names of the datasets to give context, and provide

examples of unprocessed text from three domains in Table

IMDB Sentiment Where documents are exclusively highly polar IMDB movie reviews, either
rated <=4 out of 10 or >=7 out of 10. Reviews were collected such that it was limited to include
at most 30 reviews from any movie in the collection, as some movies contained many more
reviews than others. The corpus is split half and half between positive and negative reviews,

with the task being to identify the sentiment of the review. This is a binary classification task.

20 Newsgroupsﬂ Originating from online news discussion groups from 1995 called News-
groups, where group email-type discussions are made by users about particular topics within

20 different groups. In this dataset, each document is composed of a topic, where user posts are

'http://qwone.com/~jason/20Newsgroups/
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Domain Unprocessed Processed

Newsgroups  morgan and guzman will have era’s 1 run higher than last ~morgan guzman eras run higher last year cubs idiots pitch
year, and the cubs will be idiots and not pitch harkey as much ~ harkey much hibbard castillo wont good think hes stud
as hibbard. castillo won’t be good (i think he’s a stud pitcher)  pitcher

Sentiment All the world’s a stage and its people actors in it-or some-  worlds stage people actors something like hell said theatre
thing like that. Who the hell said that theatre stopped at the  stopped orchestra pit even theatre door audience participants
orchestra pit—or even at the theatre door? Why is not the  theatrical experience including story film grand experiment
audience participants in the theatrical experience, including  said hey story needs attention needs active participation
the story itself?<br /><br />This film was a grand experiment ~ sometimes bring story sometimes go story alas one listened
that said: "Hey! the story is you and it needs more than your ~ mean said
attention, it needs your active participation"". ""Sometimes
we bring the story to you, sometimes you have to go to the
story.""<br /><br />Alas no one listened, but that does not
mean it should not have been said."

Reuters U.K. MONEY MARKET SHORTAGE FORECAST RE- uk money market shortage forecast revised bank england

VISED DOWN The Bank of England said it had revised its
forecast of the shortage in the money market down to 450

min stg before taking account of its morning operations. At

said revised forecast shortage money market 450 mln stg tak-
ing account morning operations noon bank estimated short-

fall 500 mln stg

noon the bank had estimated the shortfall at 500 mln stg.

Table 3.1: Text examples from three domains. For the Movies and Place-Type domains,

the original text was not available.

concatenated together. The groups that topics are categorized by are Atheism, Computer Graph-
ics, Microsoft Windows, IBM PC Hardware, Mac Hardware, X-Window (GUI Software), Auto-
mobiles, Motorcycles, Baseball, Hockey, Cryptography, Electronics, Medicine, Space, Chris-
tianity, Guns, The Middle East, General Politics and General Religion, which also act as the

classes for this dataset when being evaluated. This is a multi-class classification task.

Reuters-21578, Distribution 1.0 Text from the Reuters financial news service in 1987, com-
posed of a headline and body text. The classes were chosen with assistance from personnel
at Reuter as a result of which they often can contain jargon. For that reason, explanations
are provided with the original names in brackets. The classes are Trade, Grain, Natural Gas
(nat-gas), Crude Oil (crude), Sugar, Corn, Vegetable Oil (veg-oil), Ship, Coffee, Wheat, Gold,
Acquisitions (acq), Interest, Money/Foreign Exchange (money-fx), Soybean, Oilseed, Earnings
and Earnings Forecasts (earn), BOP, Gross National Product (gnp), Dollar (dlr) and Money-
Supply. This task is multi-label.

Place-Types Taken from work by Derrac and Schockaert [21]]. Originating from the photo-

For more detail on the history of the dataset: https://archive.ics.uci.edu/ml/datasets/

reuters—-21578+text+categorization+collection


https://archive.ics.uci.edu/ml/datasets/reuters-21578+text+categorization+collection
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sharing website flickr, where photos are tagged (i.e. words describing the photos like "sepia" or
"mountain") by users. 22,816,139 photos were considered, and tags that occurred in place-type
taxonomies (Geonames, a taxonomy of man-made and natural features, Foursquare a mostly
flat taxonomy of urban man-made places like bars and shops, and the site category for the
common-sense knowledge base taxonomy OpenCYC) with more than 1,000 occurrences were
chosen as documents. Each document, named after a flickr tag, is composed of all flickr tags
where that tag occurred. There are three tasks, generated from the three different place type tax-
onomies. The Foursquare taxonomy, classifying the 9 top-level categories from Foursquare in
September 2013, Arts and Entertainment, College and University, Food, Professional and Other
Places, Nightlife Spot, Parks And Outdoors, Shops and Service, Travel and Transport and Res-
idence. the GeoNames taxonomy limited to 7 classes, Stream/Lake, Parks/Area, Road/Railroad,
Spot/Building/Farm, Mountain/Hill/Rock, Undersea, and Forest/Heath, and the OpenCYC Tax-
onomy, which we limited to 25 classes, Aqueduct, Border, Building, Dam, Facility, Foreground,
Historical Site, Holy Site, Landmark, Medical Facility, Medical School, Military Place, Mon-
soon Forest, National Monument, Outdoor Location, Rock Formation, and Room. Naturally as

these tasks were derived from taxonomies they are multi-label.

Movies Taken from work by Derrac and Schockaert [21]]. The top 50,000 most voted-on movies
were chosen for this dataset initially, and reviews were collected from four different sources
(Rotten Tomatoes, IMDB, SNAP project’s Amazon Reviews E] and the IMDB Sentiment data-
set. Then, the top 15,000 movies with the highest number of words were chosen as documents,
where each document is composed of all of that movies reviews concatenated together. Three
tasks are used to evaluate this dataset: 23 movie genres, specifically Action, Adventure, Anim-
ation, Biography, Comedy, Crime, Documentary, Drama, Family, Fantasy, Film-Noir, History,
Horror, Music, Musical, Mystery, Romance, Sci-Fi, Short, Sport, Thriller, War, Western. 100
of the most common IMDB plot keywords and Age Ratings from the UK and US, USA-G, UK-
12-12A, UK-15, UK-18, UK-PG, USA-PG-PG13, USA-R. All of these tasks are multi-label.
Although it may be expected that the age-ratings task is multi-class, it is actually multi-label, as

a movie can be both UK-12-12A and USA-PG-PG13.

3https://snap.stanford.edu/data/web-Amazon.html
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3.3 Technical Details

In this section, we describe the vocabulary and document characteristics of each domain. Each
domain is preprocessed by converting all words to lower-case, non-alphanumeric characters are
removed and whitespace is stripped such that words are separated by a single space. Words
were removed from a standard list of English stop words from the NLTK library [6] and we
filter out terms that do not occur in at least two documents. Additionally, any words that are
not in the top 100,000 most frequent are removed, this is a standard preprocessing method to

remove terms that are not informative.

Each task in the domain has a different number of labelled documents. For each task in each
domain, only the labelled data are used and that data is split into 2/3 training data, 1/3 test
data. Additionally, 20% of the training data is removed and used as development data for the

hyper-parameters.

IMDB Sentimentﬂ When the original corpus was produced, the 50 most frequent terms were
removed. It contains 50,000 documents with a vocabulary size of 78,588. After removing terms
that did not occur in at least two documents, the vocabulary size was reduced to 55384. the

number of positive instances in the classes is 25,000.

20 Newsgroupsﬂ Obtained from scikit-learn. E] Originally containing 18,846 documents, in
this work it is preprocessed using sklearn to remove headers, footers and quotes. Then, empty
and duplicate documents are removed, resulting in 18302 documents. The size of the original
vocabulary is 141,321 and after filtering out terms that did not occur in at least two documents,
the end result is a vocabulary of size 51,064. This is a larger change after filtering the vocabulary
than for the Sentiment dataset, despite beginning with a larger vocabulary, this shows that many
words in this dataset are only appear in one Newsgroups document. The data is not shuffled.

The number of positive instances averaged across all classes is 942, exactly 5%.

Reuters-21578, Distribution 1.0 Obtained from NLTKE] originally containing 10788 docu-

4Obtained by: https://keras.io/datasets/, Originally from https://ai.stanford.edu/

~amaas/data/sentiment/ [55]
>http://gwone.com/~jason/20Newsgroups/
Shttps://scikit-learn.org/0.19/modules/generated/sklearn.datasets.fetch_

20newsgroups.htmlf#sklearn.datasets.\fetch_20newsgroups
'"https://www.nltk.org/book/ch02.html


https://keras.io/datasets/
https://ai.stanford.edu/~amaas/data/sentiment/
https://ai.stanford.edu/~amaas/data/sentiment/
http://qwone.com/~jason/20Newsgroups/
https://scikit-learn.org/0.19/modules/generated/sklearn.datasets.fetch_20newsgroups.html#sklearn.datasets.\fetch_20newsgroups
https://scikit-learn.org/0.19/modules/generated/sklearn.datasets.fetch_20newsgroups.html#sklearn.datasets.\fetch_20newsgroups
https://www.nltk.org/book/ch02.html
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ments. After removing empty and duplicate documents the result is 10655 documents. Ori-
ginally contained 90 classes, but as they were extremely unbalanced all classes that did not have
at least 100 positive instances were removed, resulting in 21 classes. The original vocabulary
size is 51,001 and as in each other domain all words that did not occur in at least two docu-
ments were removed, resulting in a vocabulary size of 22,542. The number of positive instances

averaged across all classes is 541, around 5%.

Place-Types It originally has a vocabulary size of 746,527 and 1383 documents. This is a
very large vocabulary size to document ratio. The end vocabulary for this space was of size
100,000 due to the hard limit. This is roughly equivalent to removing all words that are not in at
least 6 documents. As most classes in this domain are extremely sparse (less than 100 positive
instances). OpenCYC classes are removed that do not have positive instances for at least 30
documents, leaving us with 17. For the Geonames taxonomy, the same rule resulted in only 7

of 9 categories being used.

Movies Another large dataset with a vocabulary size of 551,080 and a document size of 15,000.
However, after investigating the data made available by the authors, it was found that there were
a number of duplicate documents. After removing these duplicate documents, we ended up with

13978 documents. In the same way as the Place-Types, the vocabulary hit the hard limit of size

100,000.

3.4 Representations

We use the bag-of-words representation of the documents as a baseline. In this case, terms are
additionally filtered out that do not occur in at least 0.001% of documents, as to scale with the
number of documents in each domain. From this filtered vocabulary, a bag-of-words is obtained
by creating a matrix of documents and words, with the values of that matrix corresponding to
how frequent each word was for each document. However, frequency bag-of-words are not able
to distinguish between terms that are frequent for a document and terms that are frequent overall.
The former are less meaningful for distinguishing the difference between documents than the
latter. To accommodate this, words are weighed such that words which occur frequently in a

small number of documents are given a higher value than those that occur frequently overall.
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Specifically, Positive Pointwise Mutual Information (PPMI) scores are used, following success

in similar work by Derrac and Schockaert [21]]. See Section [2.3.1] for more detail.

For the work in the following chapters, we wanted a variety of different vector space models to
test the generality of the proposed methods. Below the choices for the vector space models that

are formally described in Section[2.6|are explained:

Multi-Dimensional Scaling (MDS) (See Section 2.6.2): Multi-Dimensional Scaling (MDS) is
used for comparison, as it was the only space used in the work by Derrac and Schockaert that
introduced this method [21]. In this case, the input is a matrix of dissimilarity values between

the PPMI vectors of documents of size n.Xn, where n is the number of documents.

Principal Component Analysis (PCA) (See Section[2.6.1): We use PCA as a linear transform-
ation of the PPMI weighted BoW vectors, as it is a standard dimensionality reduction technique

used historically and prevalently today to serve as a baseline reference.

Doc2Vec (D2V) (See Section 2.6.4): Doc2Vec is inspired by the Skipgram model [49]. It is
distributional in the sense that the context of words and documents is used during its learning
process. It is used here as a it is of a recent class of neural embedding models, which has been
reported in the literature to perform well in document classification tasks. For the Doc2Vec

space, the following hyper-parameters are tuned:

e The windowsize(5, 10, 15) referring to the window of the words that are used as context

during training
e The mincount(1,5,10) referring to the minimum frequency of words

e The epochs(50,100,200) of the network for each size space.

Average Word Vectors (AWYV): Finally, we also learn a document embedding by averaging
word vectors, using a pre-trained GloVe word embeddings (See Section [2.6.3) that was trained
on the Wikipedia 2014 + Gigaword 5 corpusﬂ While simply averaging word vectors may seem
naive, this was found to be a competitive approach for unsupervised representations in several

applications [34]. We simply average the vector representations of the words that appear at least

8https://nlp.stanford.edu/projects/glove/
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twice in the BoW representation. Strangely, we found that this performed better than weighing

the words on frequency or PPMI.

To determine the best Doc2Vec model for each task in each domain, and to investigate the qual-
ity of these representations, a linear SVM is used that takes the document representations as in-
put. This SVM is also hyper-parameter tuned to find the best C values C'(1.0,0.01,0.001, 0.000),
and if the weights should be balanced such that positive instances are weighted in proportion to

how rare they are balanced(0, 1) (See Section 4.4.2).

Unfortunately, Doc2Vec representations could not be obtained for the Movies or Place-Types

domains as the original full text was not available, only the bag-of-words.
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Chapter 4

Disentangling Unsupervised Document

Embeddings

4.1 Introduction

Vector space models encode meaning spatially, but their features are typically not meaningful.
However, they enable strong results to be achieved in a variety of domains and are flexible in
how they can be learned, e.g. by integrating word-context to achieve strong results on sentiment
tasks [66]], learning visual data alongside text data to explain the content of images [S57], and

enforcing grammatical structure to perform better at question answering tasks [63]].

This chapter is about disentangling document embeddings (vector space models of documents)
into semantic features across a variety of domains and document embedding models. For ex-
ample, where documents are concatenated movie reviews for a particular movie (See Section

3.2), features can be obtained like how "Scary" a movie is, or how "Romantic" a movie is.

This chapter follows work by Derrac and Schockaert [21], who first introduced a method to
derive semantic features from a vector space representation. The method begins with the fol-
lowing assumption: if documents in a document embedding can be linearly separated based on
binary word occurrence (where a document has a label of 1 if the word occurs and O otherwise),
that word is semantically important in the domain. Such words can be found in an unsupervised
way by training a linear model, e.g. a linear Support Vector Machine (SVM) (See Section[2.5.2)),
where the semantic importance of words in the domain can be evaluated using standard model
evaluation metrics like F1-score (see Section [2.4.2), as this measures how linearly separable

documents are for that term.
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Figure 4.1: An example of a hyperplane in a toy domain of shapes. The hyperplane for
the word square is the dotted line. Green shapes are positive examples and red shapes
are negative examples. Those closest to the hyperplane are less square than those further

away.

The Linear SVMs obtain a hyperplane for each model to separate documents that contain the
word and documents that do not contain it. An example of this is shown in a two-dimensional
toy domain of shapes in Figure 4.1} where the dotted line represents a hyperplane. It can be
assumed that documents furthest from the hyperplane on the negative side are the least rep-
resentative of the feature being captured by the hyper-plane, in this case the ‘squareness’ of a
shape, and the documents that are furthest from the hyper-plane on the positive side are the most
representative, while those closest to the hyper-plane are more ambiguous. By simply taking
the orthogonal vector of this hyper-plane, a direction can be obtained that goes from documents
that are the most distant from the hyper-plane on the negative side, to those that are most distant

from the hyper-plane on the positive side (see the direction shown at the bottom of the example
in Figure [4.1).

In a text domain like movie reviews, a hyperplane can be obtained that separates documents

which contain a word from those that do not contain that word. The dot products between the
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orthogonal direction vector and the document vectors can then be obtained, essentially meas-
uring how strongly related the document is to that word. These dot products can be taken as
a ranking of documents according to how related they are to that word, e.g. how ‘Funny’ each
movie is relative to the other movies. This process can be done for all words in the vocabulary.
where one way to measure how useful they are as features is to evaluate how well the docu-
ments can be separated by the SVM. We can expect that if the documents are well separated,

the considered word should correspond to a good feature.

The first step of the approach to obtain semantic features from a Multi-Dimensional Scaling
space as described by Derrac and Schockaert is to obtain hyperplanes for all words based
on binary word occurrence. Then, words that are semantically important are scored (e.g. by
the accuracy of the SVM classifier). Finally, orthogonal directions for the hyperplanes of the
highest scoring SVMs are obtained and documents are ranked on how far up they are along these

highest-scoring directions. These rankings are then used as the new disentangled representation.

However, directions labelled with single words can be ambiguous. For example, in a domain
of IMDB movie reviews "numbers" could be referring to musical "numbers", or mathematical
"numbers". To resolve this, similar words can be clustered together e.g. "numbers" could be
clustered as "numbers singing songs musical song dance dancing sings sing broadway". This
can be done with an off-the-shelf clustering algorithm like K-means (see [4.2.3) that uses the
word direction vectors as input. Then, a new direction can be obtained that more accurately
models the feature described by e.g. taking the cluster-center of the K-means algorithm as dir-
ection vectors for the cluster. We show examples of the labels associated with these cluster

features in a variety of domains in4.1]

The overall goal of this chapter is to perform a deeper examination and build on the method in-
troduced by Derrac and Schockaert [21], in-order to disentangle a document embedding into se-
mantic features. Derrac and Schockaert’s quantitative investigation was of disentangled cluster
feature representations derived from a Multi-Dimensional Scaling document embedding model
(See Section [2.6.2), used as input to rule-based classifiers. The domains investigated by Derrac
and Schockaert were the Place-Types and Movies domains, as well as a domain of text de-
scribing wines (not included in this work as it is very noisy and contains too few documents).
The key contribution of this chapter is an extensive quantitative examination in Section 4.4 and

qualitative investigation in Section across five domains (as described in Chapter [3]), where
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IMDB Movie Reviews

Flickr-Place-Types

20 Newsgroups

courtroom legal trial court
disturbing disgusting gross
tear cried tissues tears

war soldiers vietnam combat
message social society issues
events accuracy accurate facts
santa christmas season holiday
martial arts kung

bizarre weird awkward

drug drugs dealers dealer

inspirational inspiring fiction narrative

broadway news money hollywood

fir bark activism avian

palace statues ornate decoration
drummer produce musicians performers
ubahn railways electrical bahn

winery pots manor winecountry

steeple religion monastery cathedral
blanket whiskers fur adorable

desolate eerie mental loneliness

carro shelby 1965 automobiles

relax dunes tranquil relaxing

switzerland austria sweden swiss

ham amp reactor watts

karabag armenian karabakh azerbaijan
4800 parity 9600 bps

xfree86 linux

umpires umpire 3b viola

atm hq ink paradox

Ipt1 irq chipset mfm

manhattan beauchaine bronx queens
photoshop adobe

reboost fusion astronomers galactic

Table 4.1: Example features from three different domains, where each cluster of words

corresponds to a cluster direction.

disentangled feature representations are derived using four document embedding models. In
particular, this chapter evaluates how effective the method by Derrac and Schockaert [21] is at
producing semantic features when moving beyond the particular settings that were considered
in their work. We also aim to evaluate the quality of these features in a more direct way. To
this end, we propose the use of low-depth decision trees that are trained on natural categor-
isation problems for the considered domains. Using these disentangled feature representations
as input, a low-depth decision tree uses a limited number of features to classify. The extreme
case, which is of particular interest for our purpose, is a decision tree of depth one (i.e. a root
node only), which can only use a single feature. If a low-depth decision tree can perform well
on these natural categorisation problems when using the disentangled feature representation as
input, then it must contain semantic features that capture the salient properties from the do-
main. To add to the depth of the analysis, variants of the method by Derrac and Schockaert
[21]] are introduced, specified in Section #.2] First, the scoring metric Normalized Discoun-
ted Cumulative Gain (NDCG) is used, following the insight that measuring the quality of the
ranking rather than the performance of the linear classifier may better measure which features
are most salient. This metric performs well in a majority of cases. Additionally, the standard
K-means clustering algorithm is used for comparison to the K-means variation used in Derrac
and Schockaert. Finally, we pay particular attention to the choice of the document embedding
model. In particular, an important question which we aim to answer is whether the method
from Derrac and Schockaert [21] is limited to spaces learned using Multi-Dimensional Scaling

(MDS), or whether similar, or even better, results are possible with other embedding strategies.
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This is important because of the limited scalability of Multi-Dimensional Scaling.

4.2 Method

This section details the methodology to disentangle a document embedding model starting with

the document vectors and their associated bag-of-words representations.

4.2.1 Obtaining Directions and Rankings From Words

The method starts with a given document embedding induced from a set of text documents D
and their associated bag-of-words d; = (z;1, ..., i, ) Where m is the number of words in the
vocabulary. In this section, z;; is the number of times f(d;, w;) that word w; occurs in document

d;.

Obtaining directions for each word

Let us write df(w) for the number of documents a word has occurred in. Directions are only ob-
tained for words higher than a threshold df(w) > T'. Each document is represented by a vector
v in the document embedding. For each word w, a linear classifier is trained to separate docu-
ments v where the word w occurs at least once, from documents where the word does not occur.
Both a Logistic Regression classifier and a Linear SVM were tested, and both achieved similar
results. This task is unbalanced, i.e. there are typically fewer documents that contain the word
compared to those that do not contain it. For this reason, the weights of the training examples
are balanced such that positive instances are weighted in proportion to how rare they areE] This
is to ensure that the classifier does not overfit on negative samples. For more information, see

Section

The distance between each document vector v, and the hyperplane h,, is meaningful, as it can
be expected that the documents which are most strongly related to the word are further away
from the hyperplane on the positive side. Following this intuition, a direction for a word D,,

in the space can be obtained by taking the vector perpendicular to the hyperplane h,,. We give

1Using scikit-learn, class_weight:’balanced’


https://scikit-learn.org/stable/modules/generated/sklearn.utils.class_weight.compute_class_weight.html
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light

H 8 O OO

square

Figure 4.2: Another example of a hyperplane in a toy domain of shapes. Here we show
multiple directions, one for light and one for square The hyperplane for the word square is
the dotted line. Green shapes are positive examples and red shapes are negative examples

for the word square.

an example of two directions in Figure §.2] Here, shapes that are "more square" are far away
from the hyperplane on the right side, and shapes that are more circular are further away from
the hyperplane on the left side. To give an example in a real domain, a direction for the word
"Scary" would point from the least scary movies to the most scary movies in the document

embedding space.

Ranking documents on directions

Let D,, be the vector which is perpendicular to the hyperplane h,,. This vector can be used
to induce a ranking of the documents that intuitively captures how closely each document is
related to the word w. Specifically, let us write 7(w, d) for the dot product D,, - v4. Then,
d; is ranked higher than ds for word w if r(w,d;) > r(w,d,). These rankings measure how
relevant the document is in the spatial representation for the word, rather than just based on
frequency. For instance, a document that contains the word "scary" but is not a scary movie
(e.g. if it contained sentences like "it’s scary how much money is spent on advertising movies

like this") might not be ranked highly on the direction for "Scary", as the word "Scary" is not
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semantically important for the document. To put it another way, intuitively it can be understood
to mean that the document d, ‘has’ the feature to a greater extent than d;, e.g. in a domain of
movie reviews if a movie ranked highly on the word ’dull’, the movie is assumed to be duller

than lower ranked movies.

Summary

In this section, the methodology to obtain word directions and their associated rankings was de-
scribed. However, some words are more semantically important in the domain than others, and
it is not yet clear which of these features are semantic. The following section describes how to
select the most important features, given the hypothesis found empirically to be true in Derrac
and Schockaert [21]] that if a word is not well represented in the space it is not semantically
important. This hypothesis is based on the intuition that important features should have a larger
impact on similarity scores than less important features, and since Multi-Dimensional Scaling
representations are obtained from similarity scores, it can thus be expected that important fea-
tures should also be reflected more clearly in the structure of the vector space. Other document
embedding methods are not directly learned from similarity scores, but they are typically also
designed to capture similarity, hence we can expect to see a similar effect in other types of

embedding spaces.

Another problem with these word features is that their meaning can be unclear, e.g. the word
"serial" could be referring to a series of movies, or a "serial" killelﬂ To solve this problem,
Section [4.2.3| explains a method to associate word directions with similar word directions, and
methods to cluster word directions together. We gave examples of these clusters of words in the

introductory table

4.2.2 Filtering Word Directions

Although we are able to obtain word directions for every word, not every word describes a

salient property. This section describes how to filter out word directions that are not semantic.

2The real cluster of words that this example comes from is "gore gory bloody blood gruesome serial investigate

deaths"
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The assumption made by Derrac and Schockaert [21]] was that if a linear classifier does not
predict the occurrence of a word in a document in its embedding well, it is not semantically
important. Put another way, if the documents are separated well, it must mean that the word w
being used in the description of d is important enough to affect the document embedding model
representation of d. This can be evaluated by using a variety of scoring metrics to determine the

performance of the linear classifier.

However, this work also introduces the use of a scoring metric that evaluates the quality of
the direction D,,, as even if the documents are well separable, then the ranking induced from
the direction may not be correct. This metric compares how well the ranking induced by the
hyperplane correlates with a BoW representation. If the ranking correlates strongly, it can be
assumed that this means the word was strongly influential in the document embedding model, as

the detail of the bag-of-words information is embedded in the document embedding structure.

Below, we discuss four potential scoring metrics, three of which have not previously been con-

sidered for this problem.

Cohen’s Kappa. This is the only metric used in the work by Derrac and Schockaert [21]].
This metric evaluates the performance of the classifier, and also deals with the problem that
these words typically only appear in few documents, making the classification problem imbal-
anced. For very rare words, a high accuracy might not necessarily imply that the corresponding
direction is accurate, as if there are a large number of negative examples (as is the case with in-
frequent words) the classifier could simply predict that all documents do not contain the word.
For this reason, they proposed to use Cohen’s Kappa score instead. In our experiments, how-
ever, it was found that this can be too restrictive, allowing us to sometimes obtain better results

with the more simple accuracy metric.

Classification accuracy. If a model has high accuracy for a word w, it seems reasonable to
assume that w describes a semantic feature for the given domain. However, despite balancing
the weights of the original SVM used to obtain the hyperplane, the value this metric places on
correctly predicting negative classification compared to Kappa, it might favour rare words as it

tends to be easier to obtain a high accuracy for these words.

F1-score. As described in Section[2.4.2] F1 score is the harmonic mean of recall and precision,
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and is used to balance and measure the recall and precision at the same time where they are
equally important. It is used in this case under the assumption that it can resolve the imbalance

issue of accuracy while scoring features differently to the Kappa score.

Normalized Discounted Cumulative Gain. This metric evaluates the quality of the rankings
induced by the direction D,,, rather than the performance of the linear classifier. To be specific,
it evaluates how well a ranking induced from the word direction matches the Positive Pointwise
Mutual Information (PPMI, see Section[2.3.1)) scores for the word in each document. Other met-
rics were briefly tested, such as Spearman’s Rho [[17]], but these metrics are not useful for this
purpose as these ranking-based scoring functions give equal weight to the lowest and highest
ranked documents, and PPMI ranks many lower ranked documents the same. Normalized Dis-
counted Cumulative Gain (NDCG) is a standard metric in information retrieval that evaluates

the quality of a ranking w.r.t. some given relevance scores [39], and prioritizes higher rankings.

First, the ranking of documents induced by a word w, obtained using the dot product with
a direction D,, - v4, we define a mapping from documents to integers, where each document
is mapped to its position in the ranking. The relevance scores are determined by the Pointwise
Positive Mutual Information (PPMI) score ppmi(d, w), of the word w in the BoW representation

of document d (See Section[2.3.1)).

g2 (i —|—
|d0cuments| w
IDCGY = —_— )
R 22:1: loga(i + 1)
nDCGY — DG
IDCGY

To define NDCG, we can first define Discounted Cumulative Gain (DCG), where pr is equal
to the numbered position of document d, and ppmi}’ is equal to the PPMI score for a word at
position ¢ in the ranking. Then, we can define the Ideal Discounted Cumulative Gain (IDCG),
which is the best possible DCG for a position pr,, where |documents| are documents ordered
according to the relevance scores for the term up to position pr,. NDCG is then simply the

DCG normalized by the IDCG.
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4.2.3 Clustering Features

It can sometimes be ambiguous what feature is captured by the direction induced by a given
word e.g. the word "courage" has an associated feature direction, but what that feature direction
represents can only be understood in the context of a cluster of similar words "courage students
teaches student schools teacher teach classes practice training learning overcome conflict teach-
ing" showing that it is about courageous teachers and students overcoming challenges. The

most naive way to obtain a cluster like this is to find similar word directions.

Similarity Labelling

As a naive way to add context to single word directions, for each single word direction D,
the cosine similarity is calculated between it and every other word direction. Then, the top n

most-similar words are used to label the original word direction.

Clustering

Given a number of clusters j, a clustering algorithm can use the word directions as input to
produce j clusters, where each cluster ¢ is composed of words ¢ = (wy,ws,...,w,), and a
new cluster direction that is associated with each cluster D.. This cluster direction represents
all the words in the cluster. In the same way as described in Section #.2.1] a ranking can be
obtained from this cluster direction to obtain a cluster feature. This has the same benefits of
the previous method as more words are associated with features, making them easier to under-
stand. However, cluster directions model new features formed by the clustering process, e.g. if
the word directions for the words "Bloody" and "Gory" are clustered together, then the corres-
ponding cluster direction will model both of these terms. A cluster direction may be desirable
if both "Bloody" and "Gory" are words used in movie reviews to describe the feature of how
much blood a movie contains, as the averaged cluster direction will better model that feature
if it includes movie reviews that describe blood using the term "Bloody" and movie reviews
that describe blood using the term "Gory". Essentially, the cluster feature-direction could more
accurately represent the semantics of a bloody film, compared to what is possible when con-

sidering either feature-direction individually. Clustering can also reveal features that were not
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clearly captured by any of the individual words, e.g. the direction "Gripping" has a clear in-
dividual meaning, but when clustered with the terms "Emotional”, "Families", and "Complex"
the new clustered direction is modelling a new feature that none of the terms alone encompass,

specifically that of an emotional drama featuring families and relationships.

On the other hand, it is possible that clustering may result in a cluster feature that is less relevant
to a task. For example, a clustering algorithm may have a cluster Romance, Love and choose to
add to that cluster the feature-direction Cute, as the term "Cute" has been used in reviews for
romance movies. However, the term "Cute" has also been used in reviews for movies containing
cute animals. This would make the new clustered direction Romance, Love, Cute perform worse
at classifying the movie genre "Romance", but a bit better at classifying if a movie contains
animals. It might thus be preferable to keep Cute in a separate cluster that represents animal
movies rather than a cluster that represents romantic movies with cute animals. In a task where
the objective is to cluster if a movie is in the "Romance" genre, it can be expected that clustering
will perform worse than single directions, as there is no longer a feature that corresponds to that

specific class.

In order to help find good cluster directions, we will analyse he performance of the standard K-
means algorithm alongside the clustering algorithm introduced by Derrac and Schockaert [21].

For both clustering methods, the only hyper-parameter tuned is the number of clusters:

Derrac and Schockaert’s K-Means Variation

This is the clustering method used in Derrac and Schockaert [21]. As input to the clustering
algorithm, it considers the n best-scoring candidate words B = (wy, ..., w, ), and the number
of clusters 7. The main idea underlying the approach is to select the cluster centers such that
(1) they are among the top-scoring candidate feature directions, and (ii) are as close to being

orthogonal to each other as possible.

The output of this clustering algorithm is a set of clusters C' = (cy, ..., ¢;) and their associated
directions CD = (D.4, ..., D.;), where j is the number of clusters and D, is a direction that

represents all words in a cluster. Each cluster is composed of words ¢ = (wy, wa, ..., wy,).

As before, we will write D,, for a direction corresponding to a word w. First, a single word

cluster center is chosen for each cluster. The first cluster center is chosen by taking the top-
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scoring word for a chosen scoring metric; see Section for possible metrics. In the work by
Derrac and Schockaert [21], only Kappa score was used. Then, in each iteration, a new cluster
c is chosen by selecting a word direction v, among the directions of the words in B, that is least

similar to all other chosen clusters:

v = argmin, 5 (macg(cos(Dw, D.))) 4.2)
ue

Where B,, are the candidate word directions. In principle, only candidate word directions that
haven’t already been chosen as cluster centers should be considered. In practice, as chosen
cluster centers get the highest score regardless, they would never be picked by the argmin func-
tion. Once j cluster centers have been selected, each candidate direction D,, is added to the
most similar cluster center, i.e. the cluster represented by the chosen center word j € c¢ for
which cos(D,,, D;) is maximal. Finally, each cluster’s direction is taken as the average of all

the word directions in the cluster.

K-Means

K-means is a standard baseline clustering algorithm. In the experimental results, it was found
that Derrac and Schockaert’s variation relies too much on the word initially chosen to be each
cluster center, as key directions may be missed if terms related to them are not initially chosen.
Avoiding this is difficult without extensive and sometimes arbitrary hyper-parameter optimiza-
tion. K-means is used as an alternative baseline that does not have this problem. The K-means

algorithm is implemented in scikit-learn with default parameters ﬂ

Given the input X, traditional K-means begins with K centers chosen uniformly at randomly
from X. In this work we use the K-means++ variation [4]], where the first center is chosen
uniformly at random from X and the remaining centers are chosen with the following probab-

ility, where D(x) is the shortest distance from a data point € X to the closest center that has

3https://scikit-learn.orqg/stable/modules/generated/sklearn.cluster.

KMeans.html


https://scikit-learn.org/stable/modules/generated/sklearn.cluster.KMeans.html
https://scikit-learn.org/stable/modules/generated/sklearn.cluster.KMeans.html
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already been chosen:

D(x)

A\ 4.3
> ox D) ()

After this initialization, the standard K-means process is followed. The distance between each
input = and center c is calculated. In order for the Euclidean distance used in K-means to be

meaningful, the vector directions are normalized.

Each input z is then assigned to its closest center c. Then, the centers are recomputed to be the
mean of their assigned inputs. This process starting with the distance calculation is repeated
until the centers do not change or a maximum number of iterations is reached (in this case, the

default parameter of 300 iterations is used).

4.3 Qualitative Results

In this section, a variety of different parameters are investigated qualitatively in order to better
understand how they affect the semantic features in the disentangled representation. To give an
intuition of what semantic features can be discovered in each domain, the highest scoring terms
are shown from a variety of domains in Section 4.3.1] Then, the differences between different
document embedding models in the domain of Movies is investigated in Section Next,
in Section {.3.3| the differences between scoring metrics are investigated by looking at the top
scoring terms for each one. Finally, in Section §.3.3|the Doc2Vec representation is investigated

in the Newsgroups domain, as it could not be investigated in the Movies domain.

4.3.1 The Highest Scoring Directions for each Domain

To give an understanding of the kind of directions found for each domain, the top-scoring ones
are presented in Table d.2] The choice of document embedding model and scoring metric for
this table were determined by what performed best on an associated domain task when using the
single-term features as input to a depth-3 decision-tree. For the movies, the task that determined
which document embedding model and scoring metric is shown was the Genre classification

task, and for the Flickr tag Place-Types the task was classifying according to the Foursquare
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taxonomy. For the other domains, we similarly used the associated classification task. Note
that for each term feature, the table shows the two words with the most similar direction, as

described in Section[4.2.3]

There is an interesting difference between the Sentiment directions and the Movies directions in
Table[d.2] In the Movies domain, features of movies e.g. genre related directions like "Horror"
or "Romantic" are the highest scoring. However, in the Sentiment domain the features that are
highest scored are names of actors and actresses. Both of these domains are composed of movie
reviews, but the documents in the former are a concatenation of a number of reviews across
different sources, while the latter are individual reviews. Because of this, despite both domains
being composed of movie reviews, the Movies domain captures more general features about
movies. Similarly for the Newsgroups domain, directions that seem relevant for categorizing
certain newsgroups are found, as the data is split into newsgroups e.g. the word ‘celestial’ apply-
ing to religious newsgroups, or the "diesel" and "porsche" directions relating to the newsgroup
that discusses cars ("auto"). In the case of the Place-Types domain, we generally find objects

nn

that occur in the photo ("stream", "wilderness", "cliff"), adjectives describing them ("peaceful”,
"tranquil"), or awards that are given to sub-categories of photos (like "mygearandme, a group
competition where users submit photographs). These salient directions probably score well on
tasks like the Foursquare task, as the classes for that task are types of places. In this case, the
nature-related directions are probably useful for classifying the "Parks and Outdoors" class. The
Reuters dataset is certainly a case where providing context is important, as the terms which were

"mnn

identified are mostly business jargon ("quarterly"”, "avg", "dIr", "1st (qtr)").

4.3.2 Comparing Document Embedding Models

In this section, the differences between the different document embedding models for the Movies
domain are illustrated. However, as the original text was not available for this domain, the
Doc2Vec embeddings are not available. In these examples, document embedding models with
200 dimensions and score-type NDCG are used as they generally perform well. Additionally,
the top 20,000 most frequent words are used for learning the embeddings. In terms of quantit-
ative performance, when MDS is used as input to a Linear SVM or Decision Tree, it performs

better than the others in F1-score (See in the Quantitative Results section, Table[4.8)). Theoretic-
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ally, this means that it should contain unique natural directions that other document embedding

models do not have.

In Table {.3] common and unique terms between the document embeddings are shown. A term
is common if the term occurs in the 2,000 top scoring terms of both the other two embeddings.
A term is unique if neither the direction name, or the direction names provided as context in
brackets occur in any of the other top 2,000 scoring terms for the other embeddings. This
is to ensure that unique directions are shown, rather than unique terms that refer to the same
direction. The commonalities between document embedding model are much more prevalent
than the differences, with natural features of the domain being represented in all of the different

document embedding models.

When examining the table of results, the common terms seem mostly semantic features relev-
ant to the domain, e.g. "noir", "comedies", "western", "documentary". The space learned using
MDS captures the most unique features (39 versus 31 from PCA), and also captures some fea-

nn

tures that are relevant to the domain that others do not have, e.g. "kung (martial, jackie)", "com-

n n

ics (comedian, comedians)", "kidnapping (kidnapped, torture)", "gambling (vegas, las)", des-
pite also capturing some unique noise "berardinelli (employers, distributor)", "crawford (joan,
davis)". The AWV space capture some features that are interesting (train, slaves), but there are
not many of them. Meanwhile PCA seems to capture many unique features that are unrelated to
the task, broadly in three categories: metadata from the review sites e.g. "copyright (email, com-

n n

puserve)", "compuserve (copyright, internetreviews)", opinions related to the sentiment of the
movie "negative (positive, bother)", "expressed (reflect, opinions)", "talents (admit, agree)" and
words that are difficult to understand as they do not describe anything, but may be movie review

jargon "stands (fails, cover)", intended (bother, werent), "developed (introduced, sounds)".

4.3.3 Comparing Scoring Metrics

In Table [4.4] the same MDS document embedding as the previous section is used but the score-
type is varied, in order to examine the differences and commonalities between score-types.
Similarly to the previous section, the most consistently meaningful features are those that are
common to all score-types, e.g. "horror (scares, scares)", "laughs (funnier, funnier)", "thriller

(thrillers, thrillers)". The top 2,000 NDCG terms performed best when used as input to a clas-
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sifier on the genres task. Following this, it can be seen that a lot of features are only found when
using the NDCG scoring type compared to the other scoring types e.g. "gay (homosexuality,
sexuality)", "satire (parody, parodies)", "marry (married, marriage)". This is quite different
to the previous section, where despite MDS being the better performing document embedding
type, it only contained some unique but meaningful terms. The top directions scored on the F1
metric are by and large difficult to understand, referring to names or specific aspects of the scene,

n n n "ne

e.g. "company (sell, pay)", "post (essentially, purpose)", "impression (instance, reasons)". Ac-
curacy is similar, e.g. "bags (listened, salvation)", "summers (verge, medieval)", "woefully (rest-
less, knockout)" is similar. For the Kappa scoring type, some unique sentiment related terms are

found, e.g. "flawless (perfection, brilliantly)", "shocked (hate, warning)

garbage (crap, hor-
rible)" but also seems to contain some metadata e.g. "featurette (featurettes, extras)", "critic
(reviewed, net)", "reviewed (rated, mail)", and although it captures some meaningful terms e.g.
"guns (gun, shoot)", "flying (air, force)" we do not find unique meaningful and general features
the way we did for NDCG. These qualitative examples contribute to the idea that NDCG, by

evaluating the ranking rather than the separability, ends up discovering unique features that are

salient for natural categorisation tasks.

Investigating Doc2Vec In The Newsgroups Domain

The previous examples were from the Movies domain, and could therefore not include the
Doc2Vec representation. For that reason, the 20 Newsgroups domain is used to investigate
the Doc2Vec space. In Table [4.5] a comparison is shown between an MDS space, used as a
representative of document embedding representations that use Positive Pointwise Mutual In-
formation as their initial data input, and Doc2Vec. Doc2vec has achieved strong performance
on a variety of baselines [81/]. The aim of this analysis is to explore whether word-vectors and
word-context can find interesting unique directions compared to MDS obtained from a PPMI
BOW. In general, it is found that MDS captures features that are less meaningful compared to
Doc2Vec, specifically related to insignificant conversational words, e.g. "hi (folks, everyone)",
"sorry (guess, hear)", "say (nothing, anything)", that do not seem related to their original news-
groups. It seems that Doc2Vec was better at recognizing these words as noise and uninteresting
compared to MDS, which must have prioritized these words. Doc2Vec represents interesting

unique features, e.g. "cryptology (attendees, bait)", which is very relevant to the newsgroup
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D2v

MDS

Common

leftover (pizza, brake)

wk (5173552178, 18084tmibmclmsuedu)
eng (padres, makefile)

porsche (nanao, 1280x1024)
diesel (cylinders, steam)

scorer (gilmour, lindros)
parliament (caucasus, semifinals)
atm (padres, inflatable)
cryptology (attendees, bait)
intake (calcium, mellon)

433 (366, 313)

ghetto (warsaw, gaza)

lens (lenses, ankara)

rushdie (sinless, wiretaps)
immaculate (porsche, alice)
keenan (lindros, bosnian)

boxer (jets, hawks)

linden (mogilny, 176)

candida (yeast, noring)

octopus (web, 347)

czech (detectors, kuwait)
survivor (warsaw, croats)
5173552178 (circumference, wk)
18084tmibmclmsuedu (circumference, wk)
3369591 (circumference, wk)
mcwilliams (circumference, wk)
coldblooded (dictatorship, czech)
militia (federalist, occupying)

cbc (ahl, somalia)

hi (folks, everyone)
looking (spend, rather)
need (needs, means)

post (summary, net)

find (couldnt, look)

hello (kind, thank)

david (yet, man)

got (mine, youve)

go (take, lets)

question (answer, answered)
interested (including, products)
list (mailing, send)

sorry (guess, hear)

heard (ever, anything)
cheers (kent, instead)

say (nothing, anything)
number (call, numbers)
mailing (list, send)

call (number, phone)
thank (thanx, better)

read (reading, group)
phone (company, number)
mail (send, list)

doesnt (isnt, mean)

lot (big, little)

thats (unless, youre)
believe (actually, truth)
youre (unless, theyre)

send (mail, mailing)

chastity (shameful, soon)

n3jxp (gordon, gebcadredslpittedu)
skepticism (gebcadredslpittedu, n3jxp)
anyone (knows, else)
gebcadredslpittedu (soon, gordon)
intellect (soon, gordon)

please (respond, reply)

thanks (responses, advance)

email (via, address)

know (let, far)

get (wait, trying)

think (important, level)

good (luck, bad)

shafer (dryden, nasa)
bobbeviceicotekcom (manhattan, beauchaine)
dryden (shafer, nasa)

im (sure, working)

sank (bronx, away)

banks (soon, gordon)

like (sounds, looks)

shameful (soon, gordon)

could (away, bobbeviceicotekcom)
would (appreciate, wouldnt)
beauchaine (bobbeviceicotekcom, away)
ive (seen, never)

surrender (soon, gebcadredslpittedu)
problem (problems, fix)

windows (31, dos)

gordon (soon, gebcadredslpittedu)

Table 4.5: Comparing terms that are unique to a MDS document embedding model to

terms that are unique to a Doc2Vec model in the domain of Newsgroups.

topic of cryptography. As expected, the common words are relevant to the task. It can be expec-

ted that by using word vectors, Doc2Vec is able to more easily identify interesting words and

de-prioritize words which are common to the English language despite potentially being more

rare in a smaller dataset.

4.4 Quantitative Results

This section evaluates the semantic features using low-depth decision trees. To begin, the eval-

uation method is explained in Section This is followed by an overview of the hyper-

parameters that are used for the classifiers in Section #.4.2] Following this, the experimental
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results are obtained. First, a summary of all the results is shown in Section Then, the
following experiments are put into perspective by obtaining results for a bag-of-words of PPMI
values, topic models, and document embedding vectors as input to a variety of classifiers in
Section4.4.4] In Section §.4.5|the results of a disentangled feature representation composed of
only single-term features are obtained and compared to the baselines. Finally, in Section 4.4.6]

a disentangled feature representation composed of cluster features is obtained and compared.

4.4.1 Evaluation Method

Low-depth CART Decision Trees are used (See Section[2.5.1)) limited to a depth of one, two or
three. The idea behind this is that if the features are semantically meaningful, then the decision

trees with a limited depth should be able to perform well in natural categorization tasks.

Essentially, if depth-one decision trees can model a class well using the disentangled repres-
entation as input, this means that a single feature in the disentangled representation essentially
captures this class. Similarly, if the disentangled representation performs well on a depth-three
limited decision tree, then the tree must be composed of semantic features relevant to the task.
Figure 3| shows one of the trees that was obtained from our feature based representation. If the
document embedding is indeed disentangled into a feature representation composed of import-
ant features for the domain, then these low-depth decision trees should generalize well to test
data. To show that the initial vectors of the document embeddings are entangled and the dis-
entangled feature representations are disentangled, low-depth decision tree results are obtained

for the initial document embedding vectors.

4.4.2 Hyper-Parameters

As stated previously (see Section [3.4) in all experiments the document embedding models
for which results are obtained are Doc2Vec, Principal Component Analysis (PCA), Multi-
Dimensional Scaling (MDS) and Averaged Word Vectors (AWV). As possible choices for the
number of dimensions, we used (50, 100, 200). The Doc2Vec implementation from the gensim

library[67] [is used.

“Doc2Vec implemented in gensim.


https://radimrehurek.com/gensim/models/Doc2Vec.html
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Figure 4.3: An example of a decision tree classifying if a movie is in the ''Sports'' genre.
Each Decision Tree Node corresponds to a feature, and the threshold T is the required
value of the feature for a document to traverse right down the tree instead of left. One
interesting point to note is that the most important feature is used twice, the ''coach,
sports, team, sport, football" cluster and results in a majority of negative samples. Fur-
ther, the nodes at depth-three are more specific, sometimes overfitting (e.g. in the case of

the ""Virus'' node, likely overfitting to a single movie about a virus) .

An exhaustive search of all combinations of hyper-parameters are tested using grid search. In all
hyper-parameter tuning, the model is tested on the validation data to find the hyper-parameters

that result in the best performance.

Classifier Parameters

There are two classifiers that are used across all experiments. CART Decision Tree{] and linear

SVMs [l

The hyper-parameters of each SVM are also tuned to find the best C values (1.0,0.01,0.001, 0.000)
(See Section [2.5.2] for more detail) and to decide whether the weights should be balanced such
that positive instances are weighted in proportion to how rare they areﬂ In particular if weight

balancing is used, where n is the number of documents, and y is the number of positive examples

Decision Tree implemented in scikit-learn
®Implemented in scikit-learn
"Weights implemented in scikit-learn


https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html
https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html
https://scikit-learn.org/stable/modules/generated/sklearn.utils.class_weight.compute_class_weight.html
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in the training data, the training sample is weighted equal to:

n

3ry 4.4)

Additionally, for each Decision Tree the following hyper-parameters are tuned:

e The number of feature to consider when looking for the best split (all, auto, log2),
where all means that all n features are considered, auto means that the maximum features
considered is y/n, where n is the number of features, and log2 means that the number of

features considered is log2(n)

e The scoring criterion used to decide if the decision tree splits (gini, entropy) i.e. if this
score is higher after a node split, then that node is split, where gini is the gini impurity

and entropy is the information gainﬂ

e [f the weights should be balanced.

Experiment One: Obtaining baselines

This first experiment is used to determine the best-performing document embedding models
when used as input to depth-one, depth-two, depth-three and unbounded decision trees, as well
as a linear SVM. This provides a frame of reference for the later experiments in the case of
the depth-limited trees and baseline performance on the task in the case of the linear SVM. In
addition to the unsupervised document embedding models, two additional document models
are included as reference: a bag-of-words of PPMI scores (BOW-PPMI) and a Latent Dirchlet
Allocation (LDA) topic model. The BOW-PPMI is used as a reference for a standard baseline
representation on the task, and the LDA topic model is used as a reference interpretable rep-
resentation (where the information in the unstructured text is separated into topics). After the
original filtering done to the vocabulary, as explained in Section [3.3] the BOW-PPMI addition-
ally has all terms filtered out that do not occur in at least 0.1% of documents. This is to limit the
memory requirements of the representation, but also to ensure that noisy terms that can be over-
fit on are not included as features. To determine the best parameters for Doc2Vec, the following

parameters are tuned:

8"max_features" in scikit-learn

9"criterion" in [scikit-learn


https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html
https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html
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e The windowsize(5, 10, 15) referring to the context window of the words that used during

training.

e The mincount(1,5,10) referring to the minimum frequency of words included during

training.

e The number of times the data is iterated on when training epochs(50, 100, 200).

The best Doc2Vec embedding for each task is the one that performs best when used as input to
a linear SVM. The idea is that if a linear SVM is able to predict the target categories well, then
it should be possible to find meaningful directions in that space. Additionally, topic models are

tuned. For the Latent Dirchlet Allocation topic modelﬂ the following parameters are tuned:

e The prior of the document topic distribution (0.001, 0.01, 0.1).

e The prior of the topic word distribution (0.001, 0.01, 0.1).

Experiment Two: The best single-term features

This experiment shows results for the single-term disentangled feature representation when used
as input to low-depth decision trees. It may be the case that clustering directions does more harm
to the feature representation than good, so these experiments are used to investigate the use of
a single-term feature representation. This experiment also finds the best performing parameters
on the task for single-term directions. The end result is that for each task, there will be a best
performing document embedding model and corresponding number of dimensions of that model

(e.g. Doc2Vec of size 50), and the following hyper-parameters are tuned for that model:
e The frequency cut-off of the terms f(20000, 10000, 5000), where directions are only ob-
tained for terms in the top f.

e The score cut-off of the directions s(2000, 1000), where the feature-representation used

as input to the classifiers is composed of rankings of documents on the top s directions.

e The score-type t (F1, Kappa, Accuracy, NDCG) which is the method used to score the

directions.

10Topic models implemented in scikit-learn


https://scikit-learn.org/stable/modules/generated/sklearn.decomposition.LatentDirichletAllocation.html
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The reason these hyper-parameters are tuned is because even the top-scoring directions are not

always meaningful, as observed in the qualitative analysis in Table [4.4] for example.

Experiment Three: The best cluster features

In this experiment, results for the cluster-feature disentangled representation are obtained. Clus-
tering the individual feature directions results in a lower number of linearly combined features
labelled with clusters of words. As in the last experiment, the feature-representation composed
of cluster-rankings is used as input to low-depth decision trees. The two different clustering
methods, K-meand'| and Derrac’s K-means variation (as described in Section [4.2.3), are used.
The best single-term feature parameters are used as the basis of this experiment, where for each
classifier and task the clusters are obtained from the top s directions and score-type ¢, chosen by
hyper-parameter optimization for that classifier and task. The only hyper-parameter optimized

in this experiment is the number of clusters.

4.4.3 Summary of all Results

Table {.6]is a summary of the three experiments just described, listing results for the different
representations on trees limited to depth-one, two and three. The primary takeaway is that the
initial document embedding vectors did not perform as well on the task as single directions and
cluster directions. Further, these disentangled feature representations outperform our baseline
PPMI bag-of-words in most cases with two exceptions. The first exception is the tree of depth
two for the Place-Types domain, and the second is the depth-one tree on the Movies keywords
task. The general takeaway is that the feature representations obtained using the method de-

scribed in this chapter outperform our baselines in almost all cases.

To explain these exceptions, we can look at the keywords task. In a tree of depth one, finding
words that directly correspond to particular keywords is simple with the BOW-PPMI represent-
ation. As the words that are able to classify these keywords will typically be infrequent (e.g.
"new york city", "father-son relationship"), they are likely not as well-represented spatially in
the document embedding. In this case, the PPMI representation is suitable, as it can find one-

to-one matches with the classes without modelling similarity information. When using trees

'K-means implemented in scikit-learn


https://scikit-learn.org/stable/modules/generated/sklearn.cluster.MiniBatchKMeans.html
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limited to a depth of two and one, the score is no longer as good for PPMI, which is likely due

to overfitting (See Section [2.4.1]for more on overfitting in general).

With a more focused view on variance in the decision trees, sometimes decision trees of depth-
two outperform those of depth-one, but generally depth-three trees perform best. This is un-
derstandable, as there are many semantic features that can be used to refine the Decision Trees.
With view to the case of the Place-Types, we find that the PPMI representation outperforms
the feature representation, however it is not by a wide margin. Meanwhile the single directions

perform better in all other tasks and tree types, with a wider margin.

To summarize, the overall takeaway from this section is that with some small exceptions, the
feature representations obtained using the methods detailed in this chapter are superior to our

baselines of Latent Dirchlet Allocation topic models and PPMI bag-of-words representations.

4.4.4 Initial Document Embedding Vectors

In Table [4.7| Decision Trees and SVM results are shown when the document embeddings, the
baseline representation BOW-PPMI, and the topic model features are used as input. In the case
of the topic model and Doc2Vec, these representations are tuned. These representations serve as
a reference point for what is possible using standard linear models, as well as a measure of the
disentanglement of the initial document embedding vectors. The initial document embedding
vectors when used as input representations to depth-three trees perform significantly worse for
depth-one trees. This is expected given the fact that these representations are entangled, so it
is unlikely that a smaller tree can use the available dimensions to model a class. There are
two tables, Table that covers the results for the Newsgroups in full detail (including more
parameters, and the precision and recall scores), and Table that shows results for all other
domains but only shows the best dimensionality document. Note that in Table some recall
scores are very high. Recall scores are higher when the weights are balanced, as favouring

positive instances results in more positives being identified correctly.

As seen in Table the biggest differences in F1-score occur when the document embedding
model changes, rather than when the dimensionality of document embedding model changes.
For this reason, and to reserve space, only the best performing representation of each type are

shown in Table
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In Table 4.7 for the Newsgroups, the linear SVM only achieved strong performance when using
Doc2Vec or PCA as input, and in the unbounded depth decision tree, PCA performed far better
than the other unsupervised document embeddings. Similarly for Reuters and Sentiment, the
PCA representation performs better than the other unsupervised document embeddings. This
suggests that the linear combinations used in the PCA representation result in a more linearly
separable space. The performance gap only widens when looking at low-depth decision trees
that use the PCA dimensions as input, which suggests that the individual dimensions of the
other initial document embedding vectors are less informative than those of the PCA spaces.
This is likely due to the fact that PCA tries to select the most informative dimensions, whereas
the dimensions of the other representations are more or less arbitrary. However, this does not

tell us anything about the quality of the directions that can be learned in both types of spaces.

In the single directions results, PCA is outperformed by MDS and other representations in F1
score for low Decision Tree depths in any of these domains, with the exception of the depth-
two trees for Sentiment. Despite MDS not having informative dimensions, our method is still
able to obtain a disentangled feature representation from this document embedding. There is
a low correlation between performance on the raw dimensions of the space and performance
with rankings on directions in low-depth Decision Trees. Despite the information encoded in

the space, if it is not disentangled then the classifier will not perform well.

4.4.5 Single-Term Features

In Table {4.9] the results for the feature representation composed of rankings of documents on

single-term directions that performed best when used as input to a classifier is shown.

As can be seen for the Newsgroups results in Table the number of dimensions now has a
bigger impact on the results, in particular for the depth-three and two trees. This difference was
smaller for the depth-one trees. This is likely because despite the dimensionality of the docu-
ment embedding model, they all modelled a similar most-important single direction relevant to
the task, e.g. a direction that can classify if the document is religious like the word direction for
"celestial". However, variants of the space dimensionality change the representation of auxiliary

directions that are not as relevant to the task but are useful when the depth is higher for the tree.

The best space type also varied across domains, e.g. the classifiers performed best for Reu-
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ters with a disentangled single-term feature representation obtained from MDS used as input,
but a feature representation obtained from Doc2Vec when used as input performed best for
Newsgroups. Loosely, it is possible to attribute the performance increase for a space-type to
an increased score (e.g. NDCG score) for relevant directions to the class. When looking at the
qualitative results, generally the words common to all space-types are the most salient, as can
be seen in Table 4.3] so in this case the increased results for different hyper-parameters likely
comes down to either these common directions being better modelled in the representation or

terms that were not modelled well before that were relevant to the task being modelled better.

We see that generally, the best document embedding model is the same across the same domain:
specifically AWYV is the best for the Place-Types but MDS is best for the Movies (despite a
marginal difference in the ratings). Generally, this means that these document embedding types

in particular are good at modelling informative features for the tasks.

Although some tasks on some classifiers did perform better using score-types like F1-score,
in general, filtering directions by NDCG score performed the best. In particular it was found
the best score-type for Sentiment, Newsgroups, Reuters, Movies Genres, Movies Keywords
in depth-3 Decision Trees. In conclusion, the document embedding model is an important
hyper-parameter to tune for each domain, as is the dimensionality of that document embedding.
However, document embeddings that perform well on one task may be good at the others too.
Finally, NDCG is a good scoring metric to use for finding features that are meaningful in the

representation.

4.4.6 Clustered Directions

Clustering has two main goals: the first is that features are improved by e.g. obtaining a new
feature that is more semantic in the domain, e.g. in a domain of movie reviews "Blood", "Scary",
"Horror" can be clustered to obtain a cluster that better models the idea of horror in film, rather
than modelling individual things that occur in film. The second is that it makes the features
more interpretable by providing context to the words. In this section, we examine how these

more abstract and complex cluster features perform quantitatively at key domain tasks.

Surprisingly, the default K-means outperforms the Derrac and Schockaert variant in many cases.

This shows that although the Derrac and Schockaert variant is useful in many cases, it is also
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useful to vary the clustering method. This case can give us insight into how disentanglement
affects performance on different classes and domains - and how our unsupervised method selects
the best parameters. Specifically, when looking into the how individual classes fared when
using 100 clusters, the Derrac variant clusters performed better at the keywords "shot-in-the-
chest" and "machine-gun" and sacrificed performance in the "sequel" class. With the Derrac
variant of K-means, there was the following cluster ("soldiers combat fighting military battle
... weapons rambo gunfights spaghetti guns ...") while for the results of the K-means clustering
method when restricted to 200 clusters these words were split into two separate clusters, one for
guns ("gun explosions shoot shooting weapons ... rambo") and one for military ("war soldiers
combat military ... platoon infantry"). It is possible that as the Derrac method combined these
together into a single cluster it was able to better capture the classes for "shot-in-the-chest" and
"machine-guns" as these keywords refer to war films where people were shot or shooting. So in

this case, the clusters chosen by the Derrac variant supported the classification of the documents.

This idea is supported when looking at the depth-three tree for this class, which uses this cluster
as its first node as well as a node in the depth-two layer. This is an instance where averaging
the direction of a heavily populated cluster performs better than obtaining features that are more

dense and less disentangled.

Meanwhile, this same lack of separation caused the clusters to lose performance in the "se-
quel” class. With the K-means method, the cluster was found for ("franchise sequels sequel
installments") with the Derrac and Schockaert variant, the corresponding cluster was ("fran-
chise sequels sequel instalments entry returns"). This cluster was also chosen for the Derrac
and Schockaert variant as the first node of its Decision Tree, but this caused it to perform worse
than K-means. This is likely because although the words "entry" and "returns" were most sim-
ilar to this cluster, they disrupted the direction too much. Indeed, when looking at the K-means
clusters, the "returns" direction is clustered with "events situation conclusion spoiler ... protag-
onists exscapes break scenario ...", seemingly referring to a character or thing "returning" in a
conclusive part of the movie, and the word "entry" is clustered with the words "effective genuine
... hits build surprisingly ... succeeds essentially finale entry ..." seemingly relating to a more
sentiment related cluster about how a movie performed. So in this case K-means found more

disentangled clusters than Derrac gave it a performance advantage.

This could be due to the best-performing variants of the Derrac and Schockaert clustering
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method obtaining 100 clusters (meaning the clusters would contain more terms) and the best
performing variants of the K-means obtaining 200 clusters. However, in the 100-size K-means
clusters, "gun" and "explosions" ended up being in a cluster with ("western outlaw heist shootout
west"), making it a more western oriented cluster, and the idea of a war was even more separated
with a single cluster corresponding to ("war soldiers military solider army sergeant sgt platoon
infantry"). In conclusion, Derrac for the Keywords task captured certain features better than
K-means, in particular by clustering together the idea of "war" and "guns" to achieve high per-
formance on the keywords "shot-in-the-chest" and "machine-guns". K-means favoured a more
separated approach to these ideas, which meant that although it captured the idea of "war" well,

it was not able to capture the classes inbetween the idea of "war" and "guns".

4.5 Conclusion

In conclusion, this chapter described an extensive analysis of methods to go from an initial
document embedding and an associated bag-of-words to a disentangled feature representation.
Low-depth decision trees that classify on key domain tasks in a variety of domains perform well
when using these representations as input, showing that these representations are disentangled.
The features of this disentangled representation are labelled, potentially enabling use as input
to simple interpretable classifiers e.g. decision trees, as its components correspond to semantic
features. This methodology could be used as an alternative to methods like Topic Models,
and give insight into the parameters required and qualitative results that can be obtained. This
method can be applied to many vector spaces and domains as a post-processing step, and is
extensively tested qualitatively and quantitatively, in particular qualitatively finding that the
variants which perform best in the quantitative evaluation also have semantic features that make
good intuitive sense. We find that our method greatly outperforms the original representations
on low-depth Decision Trees, giving good evidence that the representation is disentangled, i.e.
strongly suggesting that the features that are obtained with this method are indeed semantic.
The results of these simple classifiers are competitive with topic models and a bag-of-words
of PPMI values in most cases. In this chapter, we introduced several variants to the original
model from Derrac [21]], and these variants are found to generally perform well, in particular

the NDCG scoring method performs better than Kappa in most cases, and that standard K-means
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performs better than the original clustering method. A variety of space-types and domains were
experimented with, verifying that the methodology can be applied more generally than shown
in [21]]. The main experiments that would be interesting to expand on for this chapter would be
more recent state-of-the-art representations, specific investigations of how those representations
are able to achieve such strong results, and interpretability experiments to see how the cluster

labels fare in real-world situations.
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Chapter 5

Disentangling Neural Network Layers

5.1 Introduction

The previous chapter showed how in a vector space of documents (e.g. different movies) se-
mantic features can be identified with directions (e.g. more violent than) and used as features in

a document classification task.

This chapter addresses two research questions. The first is whether meaningful features can be
obtained from neural networks. This question is addressed using a quantitative investigation
of a disentangled representation obtained from each layer of the network, which is evaluated
in the same way as the previous chapter. The second question is whether neural networks can
be better understood through the lens of semantic features. This question is about the insight
into how these networks achieve their results, and is investigated by examining these networks

quantitatively and qualitatively.

Two kinds of neural networks are used, feed-forward networks and auto-encoders. The hidden
layers of these networks are viewed as vector spaces, and disentangled feature representations
can be obtained from them using the method from Chapter ] These disentangled feature rep-
resentations are quantitatively evaluated, and the labelled outputs are qualitatively investigated.
In the case of the feed-forward networks, it is found that predictive features can be derived from
their hidden layers. This is validated using low-depth decision trees, and qualitative examples
further validate this claim. In particular, it is found that a low-depth decision tree that uses a
disentangled feature representation obtained from a feed-forward neural network hidden layer
can outperform the original neural network, in this case, in the 20 Newsgroups domain. It is
also found that feed-forward networks do not necessarily introduce new properties in order to

perform well, but rather select and refine relevant properties to the classification task.
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Auto-encoders are also investigated by obtaining semantic features from their layers. First, a
negative result is found in a quantitative experiment using low-depth decision trees, showing that
there is a significant drop in accuracy and F1-score between properties from the original repres-
entation and those obtained from the hidden layers of a stacked denoising auto-encoder. How-
ever, it is observed that the properties obtained in the representation derived from the stacked
denoising auto-encoder layers tend to be meaningful. In particular, it is found that earlier in
the stacked denoising auto-encoder less frequent (i.e. specific to fewer documents) features are
obtained, and in later layers more frequent (i.e. more general to more documents) features are
obtained. Following this insight, symbolic rules are induced that relate less frequent properties
to more frequent ones. Illustrative examples are provided of the hidden layers and these rules.
As an example, below is one of the rules derived with this method, where the first two terms are

from one entity embedding, and the final term is from a more abstract entity embedding.

IF Emotions AND Journey THEN Adventure (5.1)

One potential application of this work in recommendations is in the robustness of explanations
using these features. In the domain of Movies, we may have a situation where the synopsis or
reviews mention the words "Emotions" and "Journey", from which the system could derive that
it is probably an "Adventure" movie and use that term as a part of its supporting explanation
e.g. "You liked how this movie was an emotional and a journey, so you may like this adventure
movie." Of course if these features are indeed salient and can be linked in this way, these features

are also be useful for investigating how neural networks represent information.

In conclusion, feed-forward networks and auto-encoders are investigated using the methods de-
scribed in Chapter 4, In Section some neural-network specific methods for interpretability
are discussed. Following that, in Section [5.3 the detail of how the method from Chapter [ is
used to investigate neural networks is made clear, as well as how rules are induced that explain
how semantic features relate to each other across the different layers of an auto-encoder. Next
in Section the results of the qualitative and quantitative investigation of the feed-forward
networks is discussed followed by the qualitative results for the auto-encoders. Specifically,
it is found that the semantic features derived from neural network embeddings are meaning-
ful, low-depth decision trees perform well when using these semantic features as input, and

various characteristics of neural network embeddings and their associated semantic features are
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observed in a qualitative analysis. Finally in conclusions are drawn as to the usefulness of

the method, the results, their limitations and how the work in Chapter [5|solves these limitations.

5.2 Background

Neural network rule extraction algorithms can be categorized as either decompositional, ped-
agogical or eclectic [2]. Decompositional approaches derive rules by analysing the units of
the network, while pedagogical approaches treat the network as a black box, and examine the
global relationships between inputs and outputs. Eclectic approaches use elements of both de-
compositional and pedagogical approaches. Our method could be classified as decompositional,
as we re-organize the hidden layer of the neural network. We will now describe some similar

approaches and explain how our methods differs.

The algorithm in [41] is a decompositional approach that applies to a neural network with two
hidden layers. It uses hyperplanes based on the weight parameters of the first layer, and then
combines them into a decision tree. NeuroLinear [75] is a decompositional approach applied
to a neural network with a single hidden layer that discretizes hidden unit activation values and
uses a hyperplane rule to represent the relationship between the discretized values and the first
layer’s weights. HYPINV [72]] is a pedagogical approach that calculates changes to the input of

the network to find hyperplane rules that explain how the network functions.

In Section [5.6] a disentangled representation is derived from the hidden layers of a neural net-
work, and rules are learned from that disentangled representation, rather than learning rules that
describe the relationships between units in the network itself. The focus of this section is on a
qualitative investigation of the network and its potential to learn increasingly general entity em-
beddings from hidden representations rather than tuning network parameters such that weights

directly relate to good rules.

There are many methods for obtaining an explanation of a black-box classifier after it has been
learned. One typical approach is to learn a ‘proxy model’, a more interpretable classifier that
approximates the decisions made by the network. This is a pedagogical approach, that focuses
on mapping inputs to outputs. The most popular approach is LIME which produces a linear

model to explain a single prediction in terms of the input features [69]. By approximating many
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difference instances, it can thus give users an impression of how the model is behaving, despite
these local predictions sometimes being contradictory in how features are used [68]. LIME
differs from the work in this thesis as it focuses on the relationship between input and output,
rather than explaining the internal layers of the network. Essentially, the work on this thesis

focuses on layers, while their work focuses on explaining a black-box in terms of its input.

Another method that can be used to explain a neural network is DeepRed. DeepRed explains a
neural network by creating a proxy model decision tree that is faithful to the original network
[96]. However, in practice when producing a decision tree that approximates a neural network
with multiple layers, the tree can be large, despite pruning methods. Although this method may
seem similar on the surface, as this work uses decision trees, it differs from the work here as
the goal of this work is not to be faithful to the predictions of the neural network, but rather
to investigate the representation in a neural network’s hidden layer by re-organizing it into a
disentangled feature representation. The decision tree in this work is used as a simple model
that can verify the interpretable feature representaiton is disentangled. Hypothetically, a variety

of other simple models could be used.

Another recent topic that relates to our work is improving neural networks and document em-
beddings using symbolic rules [36]]. In [/0] a combination of first-order logic formulae and
matrix factorization is used to capture semantic relationships between concepts that were not in

the original text. This results in relations that are able to generalize well from input data.

5.3 Method

5.3.1 Stacked Denoising Auto-encoders

In this section, the method to obtain a series of entity embeddings from stacked denoising auto-
encoders is explained. The intention is to evaluate what is represented in the hidden layers of
stacked denoising auto-encoders, and to understand the relationship between the layers of the

representation.

The MDS embedding on the Movies dataset is used, as it performed the best on low-depth De-

cision Trees in Chapter [ and its features were used in previous qualitative analysis and found
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to be intuitive. To construct embeddings that are different from the initial embedding provided
by the MDS method, stacked denoising auto-encoders [90] are used. Standard auto-encoders
are composed of an "encoder" that maps the input representation into a hidden layer, and a
"decoder" that aims to recreate the input from the hidden layer. Auto-encoders are normally
trained using an objective function that minimizes information loss (e.g. Mean Squared Error)
between the input and output layer [5]]. The task of recreating the input is made non-trivial by
constraining the dimensionality of the hidden layer to be smaller than the input layer, forcing
the information to be represented using fewer dimensions, or in denoising auto-encoders by cor-
rupting the input with random noise, forcing the auto-encoder to generalize specific information
into abstract information, as it must "fill in the gaps". By repeatedly using the hidden layer as
input to another auto-encoder, we can repeatedly transform the representation. To obtain the
entity representations from our auto-encoders, we use the activations of the neurons in a hidden

layer as the coordinates of entities in a new vector space.

5.3.2 Feed-forward networks

We train two neural networks with non-linear activation functions. The first is NNET-U, a
neural network with a single hidden layer that uses a pre-trained document embedding as input.
The second is NNET-B, a neural network that starts with the PPMI BOW as input. The output
layer has a number of nodes equal to the number of classes. Each network is trained on one
task from each domain. Our main focus is on the qualitative analysis, because the features
in these domains are easier to analyse. In particular, for the movies the "Genres" task was
chosen, and for the Place-Types the "Foursquare" task was chosen as its classes are the easier to
understand without expert knowledge. The Newsgroups domain is also included in the results
for comparison. To obtain a representation from this neural network, the activation values from

a layer of the trained neural network are treated as the coordinates of a vector space.

The representations derived from these networks should differ from the neural network as it
is trained on a multi-label classification problem (See Section [2.4.3), meaning that all of the
classification objectives are predicted in the output layer simultaneously. In the case of a binary
task like Sentiment (where only one class is classified and it is either 1 or 0), the neural network

may filter out a large amount of information if it is performing well, as a large portion of it is
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irrelevant to the task. However, as multi-label objectives like those of the Newsgroups or genres
tasks are used, it can be expected that a large portion of information will be retained as much of

the data is highly relevant to these classes.

Following results showing that simple neural networks can still perform well on text classific-
ation without needing a complex architecture [46]] [62], in this work, the following parameters
were recommended for the feed-forward network: Cross-entropy loss-function, Adagrad trainer
with default parameters, Dropout, Sigmoid activation on the output layer, and Relu hidden ac-
tivation units. However, in this work the tanh activation function is used instead of Relu, as
the binary cut-off did not result in high-quality directions, and did not improve performance
remarkably in early tests. The reason tanh was chosen is because in initial tests the directions

were meaningful. Alternative activation functions like sigmoid were not tested.

In preliminary experiments, a network with two layers outperformed a single layer network
consistently. As such, NNET-B uses a bag-of-words as input and has two hidden layers. The first
of these hidden layers has 1000 nodes while the second has 100. In the case of Newsgroups, this
network outperformed the top-performance linear SVM that used an unsupervised document
embedding as input. The representation that the interpretable feature representation is derived
from is the output of the hidden layer of dimensionality 100 in the learned network. For the
qualitative examples derived from this network, the final hidden layer of dimensionality 100

was used as well.

To learn NNET-U, the input is the unsupervised document embedding associated with the
single-term disentangled feature representation that performed highest in F1-score when used
as input to a decision tree limited to a depth of 3, found in Table #.6] For example, in the News-
groups domain, this is the Doc2Vec embedding with 100 dimensions. The reason this space is
used is because it is assumed that a representation that performs well on decision trees limited
to a depth of 3 contains semantic features that can be meaningfully adjusted by the network.
Only a single hidden layer is used, as there was not a significant performance difference in ini-
tial experiments when using multiple hidden layers. The number of nodes in the hidden layer
is set to have the same dimensionality as the input representation. This enables straightforward

comparison between the initial embedding and the embedding derived from the neural network.
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5.4 Investigating Feed-forward Neural Networks

5.4.1 Parameters

Three different domains are investigated: Newsgroups, Place-Types and Movie reviews. These
domains are chosen as their associated classification tasks are relevant to a large number of
documents, meaning that the network must learn general domain concepts, e.g. in order to
classify the 20 Newsgroups a variety of information is required. Although the Place-Types
domain is included, due to the low number of entities a high accuracy score is not expected.
This domain is included because their entities are easy to understand in qualitative examples. In
fact, as the positive instances for the Foursquare task, the task chosen, has such a low number of
positive instances it would be unreasonable to expect good results with neural networks which

typically perform well with a large number of entities and a more balanced task.

As in Section {.2.1] the words used when obtaining candidate directions are limited by a fre-
quency cut-off. In prior experiments, this was used as a hyper-parameter. However, in this
chapter the frequency threshold is set for all experiments so that only the top 10,000 most fre-
quent words are considered. Additionally, the cut-off to decide how many top-scoring directions
are used as input to the clustering algorithm and decision trees is set to the top 1,000 highest-
scoring directions. In the previous experiment, both of these cut-offs were tuned for the specific
space-type and task in order to achieve stronger results. The reason that these parameters are
not tuned for this experiment is because the main focus of these experiments is a qualitative
investigation of the directions, rather than attempting to maximize disentanglement or perform-
ance on the text classification task. Essentially, standardizing these cut-offs makes it easier to
come to conclusions when comparing between them qualitatively, despite potential performance
losses. Similarly, as Normalized Discounted Cumulative Gain (See Section @) was shown
to perform well for a variety of embedding types and domains, it was the only scoring method

used.

The network is hyper-parameter tuned with the following values:

e epoch = [100, 200, 300]

e dropout = [0.1,0.25,0.5,0.75]
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e hidden layer size = [1,2, 3, 4]

The batch size is 100 for all experiments, excluding the Place-Types which used a batch-size
of 10 as there were so few entities. For the linear SVM and the Decision Trees of depth-3,

hyper-parameter optimization for these models was used with the same parameters as described

in Section 4.4.2]

5.4.2 Quantitative Evaluation Of Feed-forward Networks

The intention of this experiment is to validate that the disentangled feature representations de-
rived from feed-forward networks are composed of semantic features, and this is measured as
in Chapter | by the performance of low-depth decision trees. The second intention is to analyse
what can be expected qualitatively from these disentangled feature representations, and this is
determined by comparison between different models. The main comparison, informed by the
results and investigation in Chapter 4] is between the depth-3 limited decision trees that use dis-
entangled feature representations derived from neural networks as input to those decision trees
that used disentangled feature representations derived from unsupervised document embeddings
as input. As a general overview of the results, the disentangled feature embeddings derived from

neural networks perform as well as or better than the unsupervised representations.

The results in Table [5.1] first show the performance in F1-score of the neural networks NNET-
U and NNET-B. Alongside this, the best performing unsupervised document embedding (U-
Embedding) used as input to a linear SVM is shown. These results serve as a reference point
for the performance of the properties. The results for properties derived from these networks
and this unsupervised document embedding are then shown when used as input to decision trees
limited to a depth of three. If the decision tree results do indeed outperform or match the neural

networks, then they are performing well.

To clarify the meaning of Table[5.1] the terms used are explained below:

e U-Embedding Linear SVM: The best performing linear SVM for the task that used an

unsupervised document embedding is used as input from Chapter 4}

e DT3 This refers to a decision tree limited to a depth of 3.
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Movies Place-Types Newsgroups
U-Embedding (Linear SVM) 0.532082959 0.630040432 0.628171051
NNET-U 0.559090895 0.563313632 0.627577055
NNET-B 0.435345945 0.597008771 0.673618458
Term-features U-Embedding DT3 ~ 0.493072458 0.508163669 0.536686468
Term-features NNET-U DT3 0.505155338 0.460648739 0.50988517
Term-features NNET-B DT3 0.501545907 0.521526974 0.664793407
Cluster-features U-Embedding DT3  0.506096231 0.544001448 0.513367341
Cluster-features NNET-U DT3 0.472297312 0.541887565 0.478077988
Cluster-features NNET-B DT3 0.501510396 0.5967867 0.682928611

Table 5.1: F1-scores for each embedding type and domain

e NNET-U and NNET-B: These are the scores when the output layer of the neural networks

are used to predict the class of documents.

e Term-features: This refers to the results for decision trees limited to a depth of 3 when
using disentangled feature representations as input, composed of rankings of entities on

single-term directions.

o Cluster-features: This refers to the results for decision trees limited to a depth of 3 when
using disentangled feature representations as input, composed of rankings of entities on

cluster directions.

The assumption that good features can be obtained from the neural networks using the method
in Chapter]is validated, as not much predictive power is lost over the original neural network in
most cases. In particular, for the domain of Place-Types and the domain of Newsgroups the De-
cision Trees of depth 3 that used single-term features and cluster-features derived from NNET-B
outperformed the other approaches by a significant margin. In the Newsgroups domain, the low-
depth decision trees that used the disentangled feature representation as input outperformed the
neural network that it was derived from. This gives credence to the idea that decision trees of
depth three that use disentangled feature representations as input can outperform more complex
classifiers. Interestingly however, in the Movies domain the neural network that used an un-

supervised document embedding as input (NNET-U) performed the best, and NNET-B had a
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relatively low performance. This is likely because the vocabulary for the movies is large (lim-
ited to 100,000 unique terms for movies from the original vocabulary size of 551,080 versus

51,064 for Newsgroups, see Section @), and this resulted in overfitting.

These results give an expectation that well-represented (i.e. with a high NDCG score) features
of the disentangled representation derived from NNET-U will be predictive for the task. Simil-
arly, as in the Movies domain the neural network that used a bag-of-words as input (NNET-B)
performed poorly, it can be expected that properties that are well represented in this represent-
ation are less relevant to the task. However, all of these representations performed similarly in
the decision trees of depth three. This likely means that they have all been able to identify fea-
tures that are particularly relevant to the class, e.g. a feature that corresponds to "Horror" when
classifying the genres. NNET-U performs better than the others, and NNET-B significantly
worse, but the low-depth decision trees that use disentangled feature representations derived
from NNET-U and NNET-B perform similarly to each other. This can be understood by seeing
that the features that are well-represented in NNET-U and NNET-B are not used in the decision
trees, as features that are common to all representations are sufficient for good performance.

This idea is expanded on in the qualitative analysis (Section[5.4.3).

Direction results

Generally, the score of a depth-3 decision tree classifier when using a disentangled feature
representation obtained from a neural network embedding is close to the performance of the
neural network it was derived from. In the following, potential reasons why disentangled feature

representations derived from neural network embeddings might perform well are described:

e Metadata that is not relevant to the task is not well-represented, meaning they are not
disentangled from semantic features relevant to the task. (e.g. metadata like e-mail list

nn

names "listinfo" "robomod" are no longer highly separable, meaning that the only features

found are meaningful)

e Features that are beneficial to classifying the task that were previously entangled are dis-
entangled (e.g. "Blood" may be a feature that is linearly separable in the unsupervised

representation, and that was beneficial for classifying the "Horror task, but in the neural
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network representation a feature for "Zombie" is also linearly separable which enables

the classifier to better identify if a movie is classified as being in the "Horror" genre)

e The features more faithfully capture the corresponding semantic property (e.g. The "Com-
edy" direction more correctly ranks movies based on how funny they are) If the directions
perform well and use similar features it is reasonable to assume that the rankings are better

than in the unsupervised representation.

In conclusion, disentangled features that can be used to classify entities can be identified in
the document embeddings derived from supervised neural networks, and in the Newsgroups
domain low-depth decision trees that use the disentangled feature representations derived from
these neural network embeddings perform better than the original neural network. Assumptions
are made about what kind of features these disentangled feature representations will contain,
in particular that disentangled feature representations derived from neural networks that per-
form well on the task will likely contain unique features and potentially improved rankings for
features that are particularly relevant to the task. The next section qualitatively investigates

disentangled feature representations derived from neural network embeddings.

5.4.3 Qualitative Investigation of Feed-forward Networks

This section focuses on qualitatively investigating the characteristics of feed-forward neural
network embeddings, as well as the disentangled feature representations derived from them. In

particular, there are three main goals of this qualitative investigation section:
e Verify that semantic features derived from the feed-forward neural network embeddings
are meaningful.

e Gain a better understanding of the disentangled feature representations derived from feed-

forward neural network embeddings.

o Identify distinguishing characteristics of feed-forward neural networks.

If the semantic features obtained from the neural network makes intuitive sense, then they

are verified to be meaningful. Disentangled feature representations derived from feed-forward
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neural network embeddings are explained using examples, and distinguishing characteristics of
feed-forward neural networks are determined by comparisons between the semantic features

derived from neural network embeddings and those derived from initial embeddings.

When showing results for single directions, the words that these directions are labelled with
e.g. "Blood" will be accompanied by the two terms with the most similar directions e.g. "Blood
(Gore, Horror)". This is so the meaning of the direction can be understood more easily. Unlike
the clustered features, the direction is not changed. The initial embedding, NNET-U and NNET-

B are used in this section for each domain.

Terms are scored using NDCG {.2.2] as it was found to perform well on a variety of tasks and
spaces in Chapter ] The frequency threshold was set to the top 10,000 terms and the score

threshold was set to the top 2,000 scoring terms in NDCG.

Top Scoring Terms

In this section, we look at the top-scoring terms for three different domains. These initial results
are intended to give a general impression of what these terms and their associated similar direc-

tions are like, as well as to gain some initial insight into what the embeddings are representing.

In Table [5.2] the top NDCG scoring terms are listed for each domain and embedding type. One
immediate observation is that the initial embedding and the NNET with the initial embedding

nn

as input ("NNET-U") have similar top scoring terms, e.g. "listinfo" "mailing". Extremely sep-
arable metadata directions that are not relevant to the task retained this separability despite the
neural network being trained to optimize the task. This seems to indicate that directions that are
separable in an input embedding will not be made less separable in the neural network embed-
ding. In the case of the neural network using BOW as input (NNET-B), however, these terms

are not present. This brings up the question, what exactly has the neural network learned such

that it performs higher in F1-score in the case of the initial embedding as input?

Common and Unique Terms to Each Embedding

In order to further investigate the question posed in the previous section, this section evaluates

whether terms from the Movies domain are unique to the embedding or common to all three
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Movies

Initial Embedding

NNET BOW Input

NNET Embedding Input

listinfo (mailman, rec)

robomod (mailman, rec)

mailing (mailman, listinfo)

noir (fatale, femme)

martial (kung, fight)

gay (homosexual, homosexuality)
horror (scary, scares)

prison (jail, prisoners)

arts (rec, listinfo)

musicals (musical, singing)
mailman (listinfo, robomod)
Place-Types

southcoast (filters, reala)
interchange (underpass, hk)
canonrebel (1855mm, nikond300s)
statua (stern, 1st)

municipal (citizen, farbe)

madrid (noir, df)

reizen (seventies, canonef2470mmf28lusm)
commuter (underpass, muni)
crime (illegal, violence)

leafs (iris, cyan)

Newsgroups

horror (pacing, dialog)

westerns (russian, digitally)
documentary (joke, ultimate)
comedies (actress, entertain)
hilarious (disappointment, dozen)
laughs (woods, rights)

sci (equivalent, intent)

adults (grown, rushed)

songs (battle, speak)

war (military, james)

western (don, stick)

leafs (botanic, £100)

aerialphotography (beaver, kiteaerialphotography)

irvine (jay, meet)

centralcoast (published, aloha)
swell (fin, polar)

pacificocean (puerto, waves)
trunks (birch, pair)
southflorida (fla, hawaiian)
lapland (alberi, topv333)

sunbathing (underwater, relaxed)

listinfo (mailman, rec)

robomod (mailman, rec)

mailing (mailman, listinfo)

noir (fatale, femme)

horror (scary, horrific)

martial (kung, arts)

gay (homosexual, homosexuality)
prison (jail, convicted)

animation (animated, cartoon)
arts (rec, listinfo)

musicals (musical, numbers)

interchange (midday, elevated)
canonrebel (controluce, pigeons)
rave (dj, erin)

winnipeg (konicaminolta, twincities)
windmills (goldenhour, pufty)
statua (palacio, estatua)

reizen (1022mm, t3)

456 (300mm, a550)

gibraltar (iow, upon)

song (singing, juni)

solid (design, single)

struggle (grew, landed)
spreading (pursued, tolerant)
salt (drinking, combinations)
random (attacks, described)
widely (developed, tend)
temperature (layers, consumption)
viable (motivation, emphasized)
vol (published, journal)

volt (garage, voltage)

voltage (amps, resistor)

volume (hundred, frequently)
volumes (historians, turkish)
voluntary (heterosexual, posed)
volvo (saab, chrysler)

tea (nagornokarabakh, mothers)
quick (careful, usual)

utterly (violates, sinners)

vol (vast, foot)

volt (amplifier, soldered)

voltage (cautious, scanned)

volume (fairly, distinguish)
volumes (expressed, scenario)
voluntary (demonstrating, explore)
volvo (aftermarket, horsepower)
tigers (carter, brady)

postage (straightforward, engaged)
povray (animations, pbmplus)
starters (worthwhile, fame)

secular (descendants, fundamentalists)
ring (increasing, behind)

utterly (des, retain)

occurring (communicate, contacted)
single (entire, prove)

oxygen (speeding, extraordinary)

widgets (shells, experimentation)

temperature (discoveries, surveys)
testify (ali, concentrated)
solid (company, sides)

tea (tech, buck)

widely (recently, 1982)
denial (judaism, kurds)
detecting (skeptical, signals)
dick (quoted, seen)

pitches (screw, headers)
random (dropped, atheism)
salt (stations, alike)

vol (contents, students)

volt (disagreement, clouds)
voltage (criteria, disclosed)
volume (although, quickly)
volumes (raster, josephus)
voluntary (transmitted, satan)

volvo (outlet, 302)

Table 5.2: Top-scoring directions measured using NDCG score
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embeddings. The intention is to see if NNET-U and NNET-B embeddings have introduced any
new features to the top 2,000. To this end, a basic procedure is used where if terms did not
occur in either of the top 2,000 highest scoring terms for the other embeddings then they were
considered not unique, and if a term occurs in the 2,000 top scoring terms of both the other two

embeddings it is considered common.

Interestingly, there were only 14 unique terms for the initial embedding, and only 19 for the
neural network that used the initial embedding as input. Meanwhile, there were 770 unique
terms for the neural network with bag-of-words as input. This shows that representing new
directions was not the reason for superior performance for NNET-U. Rather, it is likely that
terms that are relevant to the genre that were already in the top 2,000 top-scoring terms are
more separable. In particular, we see that terms that are highly relevant to the task of genres
are common to all embeddings, e.g. "horror (scary, scares)", "hilarious (funniest, laughing)",
"jokes (laughs, joke)". This gives some indication of why in the Quantitative Investigation it
was seen in Table that although NNET-U outperformed NNET-B and a linear SVM that
used the initial embedding as input, the disentangled feature representations derived from these
embeddings performed similarly. The explanation for this is that each embedding contains the
same features that are most suitable to use in a low-depth decision tree for the task, but they

differ in those that are less relevant to the task. This idea is further validated in Section

The Difference Between the Term Scores in the Embeddings

In this section, the differences between the scores of terms in the Movies domain are qualit-
atively analysed. The intention is to determine what some differences are between the initial
embeddings and the neural network embeddings, and evaluate previous assumptions regarding
the behaviour of the network. These results are for all 10,000 terms term directions obtained

from each embedding.

In the first column of Table |5.4|terms are listed that have are high-scoring in the initial embed-
ding, but low scoring in the NNET-U embedding. It is shown that terms that are not relevant
to genres have a high score in the initial embedding, indicating that NNET-U decreases the

importance of terms that are not relevant to the task of genres. For example, "yup", "wright",

"wimpy" and "zoom", which are the top four highest score differences, do not seem related to



5.4 Investigating Feed-forward Neural Networks

87

Movies

Unique Initial

Unique NNET-B

Unique NNET-U

Common

immigrants (immigrant, america)

flashback (flashbacks, present)
bloated (spectacle, overlong)
chapter (previous, installment)
rebel (rebellious, freedom)
assault (attack, violent)

client (lawyer, attorney)
predecessor (sequel, sequels)
competitive (competition, sport)
jealous (attraction, crush)
betrayal (loyalty, affair)

artsy (pretentious, artistic)
hotel (manager, vacation)

stereotypical (stereotypes, clich)

unlike (terrific, efforts)
efforts (detail, directors)
impression (throw, truth)
viewed (catch, escape)
suggest (wondering, trip)
focuses (sadly, thoughts)
terms (theatre, marvelous)
suppose (heres, greatly)
credit (clever, sequence)
exception (beat, passed)
heres (suppose, negative)
fare (twenty, concerned)
unable (convey, accept)

deliver (depth, limited)

carry (recent, hoping)
federal (fbi, agents)
possessed (demonic, forces)
faustus (geocities, html)
spike (african, lees)

dashing (handsome, excitement)
wartime (wwii, bombing)
phantom (sees, opera)
theories (theory, conspiracy)
robots (sci, princess)

abused (abuse, abusive)
fiance (fianc, engaged)
hatred (hate, racism)

mysteries (mystery, clues)

noir (fatale, femme)

martial (kung, fight)

horror (scary, scares)

arts (rec, robomod)

musicals (musical, singing)
hilarious (funniest, laughing)
westerns (western, cowboy)
jokes (laughs, joke)

romantic (romance, romances)
animation (animated, cartoon)
western (westerns, west)
songs (song, lyrics)

comedies (comedic, laughs)

war (soldiers, military)

Table 5.3: Terms from three different document embeddings, the initial embedding, the
neural network that used a bag-of-words as input and the neural network that used the

unsupervised vector space as input. Arranged by NDCG, from highest to lowest.

genres at all. Additionally, when looking at the terms that have gained in NDCG score derived
from NNET-U, they are clearly relevant to genres, e.g. "animation", "adventure", "comedies".
This gives us some indication of what the neural network is doing to solve the task. The neural
network seems to be decreasing separability of noisy terms and increasing separability of terms
relevant to the task. This could explain the difference in score where NNET-U outperformed a
linear SVM on the initial embedding. Although, it has also increased the separability of some
metadata e.g. the term "listinfo", which is a problem already identified when using the initial

embedding as input to the neural network.

Meanwhile NNET-B seems to have elevated terms that are not relevant to the task. As the neural
network seems to have overfit due to the large vocabulary, it has made terms separable that are
not immediately meaningful, e.g. "attends" "adds" "foray". However, as previously mentioned
it did not have some of the same metadata as the initial embedding. However, it seems to have

made metadata unique to it separable.
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Newsgroups Decision Tree Cluster-Features

In the Newsgroups domain, low-depth decision trees when disentangled cluster features were
used as input outperformed the neural network they were derived from. In this section we
qualitatively investigate the clusters for the Newsgroups task, with particular interest in why
the NNET-B clusters performed as well as the neural network and better than the unsupervised

representation by a wide margin.

In Table [5.5] we examine the clustered features used in the decision trees for the Newsgroups
task. In particular, we obtain the top decision tree node for each class. This is to give an
overview of the different kinds of clusters and how they perform for each task. When examin-
ing the difference between the cluster-features for the initial embedding and NNET-B, we can
see that the features chosen as the top nodes of the decision tree seem more relevant to the
task. Rather than refining the rankings of the previous features, new cluster-directions have
been found that more closely correspond to the task. For example, the cluster-feature used for
comp.graphics seems to capture a more relevant and complex property "(pbmplus, sgis, sun-
view, phigs, pex, colormap, pixmap)" compared to the initial embedding "(povray, raytracing)"
as does the cluster-feature used for rec.autos "(sedan, camry, saab, ..., diesel, coupe)" versus
"(sedan, camry)". Following this the conclusion is that having access to the BOW represent-
ation allows the neural network to better arrange the entities such that these natural cluster
directions are meaningful to the class. However, the reason this did not occur for the Movies

domain was because the neural network overfit.

The best-performing cluster parameters for NNET-U resulted in directions that are clusters of
terms not relevant to the task, and single-term features that are relevant to the class. In the
examples in[5.5] only those single-term features that are relevant to the class are shown, as these
cluster features were not used in the depth-3 decision tree. This means that the clustering process
did not capture features that represent more abstract but relevant features despite separating
relevant term directions, e.g. "rsa" is particularly relevant to the class sci.crypt, but the NNET-B
cluster-feature of "(authentication, diffiehellman, publickey, 80bit, vesselin, skipjack)" captures

a more abstract but relevant feature.
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Movies Decision Tree Cluster-Features

In this section, we qualitatively investigate the cluster-features used in the top decision tree
nodes for the Movies domain, with a particular interest in why all embeddings have similar

overall predictive performance despite containing very different features (as talked about in

Section [5.4.3).

One observation that follows the discussion in Section [5.4.3] is that the Adventure genre is
classified using a cluster-feature that contains the word "adventure" in the case of NNET-U (ad-
venture, spectacle, exciting, ..., seat, boyfriend), rather than the "(animation, animated, anime,
voiced, cartoon)" cluster-feature that is re-used in the initial embedding. This follows the previ-
ous observation as the "adventure" direction has a higher associated NDCG score in the NNET-
U embedding versus the initial embedding, as seen in Table [5.4] Despite this, the performance

overall is the same.

The reason for the similar performance is likely that at the cost of re-organizing the represent-
ation such that the adventure cluster-direction existed, other cluster-directions were disrupted.
The most prominent example of this is that the a good cluster for classifying animation is no
longer present, instead this cluster feature "(voice, voiced, recording, voices, vocal, listening)".
Another example is that in the case of NNET-U the history class is classified in the unsupervised
representation by the seemingly relevant "(events, accuracy, accurate, facts, confusing)", but in
the case of NNET-U this cluster is disrupted by seemingly irrelevant terms "(western, historical,
musicians, ..., biography, propaganda)". Note that we do not really see this in the newsgroups
results in Table E] for NNET-B, where instead new and meaningful cluster-features are found

that are relevant to the task.
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Top-Ranking Entities on Decision Tree Cluster-Features in the Place-Types Domain

The intention of this section is to investigate the rankings of entities in the embeddings and see
if they make sense. The intuition is that despite neural network embeddings obtaining directions
that make reasonable sense, their entities may contain irrelevant entities or be inaccurate. This
experiment is used as further verification that features derived from neural networks from are
indeed semantic. In Table the five entities with the highest dot products, the five highest
ranked entities, are shown alongside directions used as the top node of the best performing
decision tree. Note that it may not seem meaningful to take only the top five entities, but as
there are only 391 entities overall for the class, and very few of those are positive instances
of the class, these top five entities are the most relevant for classifying the associated class
correctly. Essentially, if these top five instances seem semantic, we can reasonably assume that

the class will be classified correctly if the direction used is relevant to the class.

To begin, we look at the clusters used to classify "CollegeAndUniversity", the unsupervised
representation uses the cluster "(annarbor, graduation, eugene, institute, highschool, cal)" that
seems particularly relevant to educational institutions, and its associated entities also seem very
meaningful and relevant "(college, campus, college campus, university, school)". For NNET-
B, the cluster itself seems absurd "(investment)", but the associated entities are relevant to that
cluster "(commercial real estate, large construction, retirement home, ..., rental property)". Sim-
ilarly, the cluster for NNET-U does not seem relevant to the class and neither do its top entities

nan

"(snowboard, turism, amusementpark, ..., waltdisney, disneyworld)" "(video game store, theme
park, space shuttle, launch pad, speedway)". So in this case, the entities seem reasonable and

meaningful for their associated directions.

In general, the results for this table follow a similar trend. Entities align with the meaning
of cluster-features, even in neural network embeddings. The problems of classification come
from poor selection of these cluster-features, rather than the cluster-features of those entities
being incorrect. There is an interesting difference in the case of classifying NightLifeSpot,
where three distinct but relevant clusters and associated entities are found and used in each of
the embeddings. In the initial embedding, a cluster-feature related to music was used "(audi-
ence, instrument, musicians, ..., dancers, bands)" with top-ranked entities "(stage, bar, rock,

sound, music venue)". In the case of NNET-B, a cluster for drinking alcohol was used instead
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"(booze, vodka, whiskey, liquor)" with the top-ranked entities corresponding to places where
alcohol can be bought "(dive bar, beer garden, karaoke bar, hotel bar, cocktail bar)", finally
the NNET-U identifies a cluster more related to sex but also including tattoo and dance stu-
dios (shoulder, darkroom, topless, ..., boobs, lips) with associated entities "(dance studio, tattoo

studio, shoulder, topless beach, strip club)".

In conclusion for this section, entities seem to make sense in the case of Place-Types where
they align well with their cluster-feature. Additionally, combining the use of a Decision Tree,
the associated cluster terms with the cluster-feature, as well as the top entities gives great insight

into the representation and what it is doing, as each provides valuable context for each other.
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Top Entities for Common Terms

The previous section gave insight into the top five ranked entities, but did not illustrate the
difference between the top five ranked entities of common directions derived from the initial
embedding and the neural embeddings. In this section, we investigate the differences between
top entities for common terms. The method is the same as Section[5.4.3|to obtain these common
terms, but instead of taking the top 2,000 terms we take the top 500, so as not to include low-

scoring terms that will have poor entity representations across the embeddings.

The results show that in most cases, entities are semantically similar, meaning that common dir-
ections across both neural embeddings and the best-performing initial embeddings have com-
mon directions that also have common top entities. For example, the term "arrival (ticket,
departure)" always has entities related to airports "(taxiway, airport tram, airport, aircraft cabin,
airport gate)" even in the case of NNET-U, where the entity "toll booth" is included "(airport
tram, airport control tower, airport, airport lounge, toll booth)". This further validates the idea
given earlier that if different disentangled representations are able to achieve similar perform-
ance when used as input to low-depth decision trees, then they likely have found common but
meaningful directions that are relevant to the task. This is particularly interesting in the case of
NNET-B, as it started from a bag-of-words, but remained very similar to an unsupervised entity

embedding.

5.4.4 Summary of Results

First, directions in the movie domain were examined. When looking at top scoring terms in Sec-
tion[5.4.3] it was found that NNET-U retained highly separable metadata directions. This seems
to indicate that despite directions being uninformative, the neural network does not change the
representation enough to make these directions less separable, despite improving other direc-
tions so that the embedding better suits the task. In Section [5.4.3]it was found that NNET-U
did not contain many unique directions in its top 2,000 scoring terms, but NNET-B did. This
is expected, as NNET-B is not starting from a vector space, however, despite starting from a
bag-of-words the directions that were common to all embeddings seemed to be the most relev-

ant properties to the task. This explains the reason that the disentangled feature representations
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Cluster Features

Top 5 Ranked Entities

Initial Embedding

bass (drums, tom)

arrival (ticket, departure)

condo (condominium, apartments)
palazzo (ff, notte)

fans (ball, player)

animalplanet (feeder, natureselegantshots)
rent (homes, villas)

agriculture (agricultural, fields)
champions (win, league)

cielo (azul, nubes)

drummer (drums, who)
accommodation (accomodation, guest)
decayed (forgotten, exploring)
yankees (louis, victory)

NNET-B

bass (drums, tom)

arrival (ticket, departure)

condo (condominium, apartments)
palazzo (ff, notte)

fans (ball, player)

animalplanet (feeder, natureselegantshots)
rent (homes, villas)

agriculture (agricultural, fields)
champions (win, league)

cielo (azul, nubes)

drummer (drums, who)
accommodation (accomodation, guest)
decayed (forgotten, exploring)
yankees (louis, victory)

NNET-U

bass (tom, drums)

arrival (departure, journey)

condo (condominium, condominiums)
palazzo (palais, efs)

fans (arena, name)

animalplanet (tiere, vosplusbellesphotos)
rent (rental, animalplanet)

agriculture (farming, petrol)
champions (win, victory)

cielo (ciel, nubes)

drummer (guitarist, drums)
accommodation (condominium, hostel)
decayed (forgotten, decaying)

yankees (mlb, league)

(indie theater, jazz club, music studio, music venue, rock club)

(taxiway, airport tram, airport, aircraft cabin, airport gate)

(rental property, condominium, condo, villa, plaza)

(campanile, palace, villa, triumphal arch, cuesta)

(basketball stadium, hockey arena, soccer stadium, baseball stadium, football stadium)
(zoo, zoological garden, nest, moais, animal shelter)

(rental property, real estate offices, cuesta, condo, condominium)

(cropland, conifer forest, olive grove, arboretum, sugar plantation)

(football stadium, soccer stadium, basketball stadium, college stadium, cuesta)
(cuesta, campanile, plaza, villa, playa)

(jazz club, cuesta, moais, music venue, indie theater)

(rental property, amenities, hotel pool, suite, ski chalet)

(abandoned airfield, sanatorium, concentration camp, abandoned prison, hospital ward)

(baseball stadium, basketball stadium, baseball field, hockey arena, stadium)

(indie theater, jazz club, music studio, music venue, rock club)

(taxiway, airport tram, airport, aircraft cabin, airport gate)

(rental property, condominium, condo, villa, plaza)

(campanile, palace, villa, triumphal arch, cuesta)

(basketball stadium, hockey arena, soccer stadium, baseball stadium, football stadium)
(zoo, zoological garden, nest, moais, animal shelter)

(rental property, real estate offices, cuesta, condo, condominium)

(cropland, conifer forest, olive grove, arboretum, sugar plantation)

(football stadium, soccer stadium, basketball stadium, college stadium, cuesta)
(cuesta, campanile, plaza, villa, playa)

(jazz club, cuesta, moais, music venue, indie theater)

(rental property, amenities, hotel pool, suite, ski chalet)

(abandoned airfield, sanatorium, concentration camp, abandoned prison, hospital ward)

(baseball stadium, basketball stadium, baseball field, hockey arena, stadium)

(music studio, jazz club, rock club, music school, piano bar)

(airport tram, airport control tower, airport, airport lounge, toll booth)

(condo, condominium, rental property, suite, hotel pool)

(campanile, palace, cathedral, villa, plaza)

(football stadium, basketball stadium, soccer stadium, hockey arena, stadium)
(zoo, zoological garden, nest, animal shelter, rookery)

(rental property, condo, suite, condominium, real estate offices)

(crop farm, olive grove, arboretum, cropland, wheatfield)

(football stadium, soccer stadium, stadium, basketball stadium, hockey arena)
(campanile, cuesta, cathedral, plaza, villa)

(jazz club, rock club, stage, piano bar, music venue)

(amenities, rental property, suite, hotel pool, resort)

(sanatorium, abandoned airfield, barracks, abbey, military barracks)

(baseball stadium, baseball field, avenue, basketball stadium, hockey arena)

Table 5.8: Terms common for all embeddings and the associated ranking of entities on
those term directions for each embedding. Arranged by NDCG-score in the initial embed-

ding.
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derived from NNET-U, NNET-B and the initial embedding all performed similarly: they all

contained the directions that are most relevant to the task.

In Section [5.4.3| the largest differences in score between directions was examined. It was found
that terms relevant to the task had an increased associated NDCG score in the NNET-U rep-
resentation, and NNET-B had the highest score increases for directions that were not relevant
to the task. This gives some explanation for why NNET-B performed worse than NNET-U,
NNET-B better represented terms that were not relevant to the task, while NNET-U focused on
improving existing relevant directions. In Section [5.4.3]it was hypothesized that the reason that
the disentangled feature representation derived from NNET-B did not result in overall higher
performance in a low-depth decision tree is because although it had good performance on the
"Adventure" genre, it did not capture any properties to classify the "Animation" genre. In sum-
mary, the feed-forward neural network that performed well refined directions relevant to the

task in order to achieve a good classification accuracy, rather than finding new properties.

In Section cluster-features derived from NNET-B in the Newsgroups domain were ex-
amined, as they performed as well as NNET-B. It was found that for NNET-B, the features used
as the top decision tree nodes seemed to capture abstract concepts more relevant to the task than
in the case of NNET-U or the initial embedding. This explains the increase in performance for
the cluster-features used in the decision tree, NNET-U achieves strong performance by focusing
on improving the feed-forward neural network features, but NNET-B achieves strong perform-
ance when using the cluster features because it is able to find unique properties that are relevant

to the task.

In Section [5.4.3]it was found that entities for features are meaningful in almost all cases, and
across all embedding models. This further verifies that features are semantic across domains
even when derived from neural network embeddings. It is speculated that using meaningful
entities could make the features more understandable. This is further investigated in Section
[5.4.3] where it is found that single-term directions common to all embeddings have similar
entities across all embeddings. This further validates the idea in Section that each embed-
ding model in the Movies domain found similar relevant directions and associated entities that
are most relevant to the task, as it shows that common directions are likely common in entity

rankings for the domain as well.
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5.5 Evaluation of Auto-encoders

This section is separated into four parts. First, the parameters and methodology of the semantic
features to be used in the experiments is explained in Section[5.5.1] Then, the auto-encoders are
quantitatively evaluated in Section [5.4.2]to determine how good the derived semantic features
are in each layer. In summary, it is found that these derived semantic features do not perform
well, but they seem to contain interesting properties. In particular, it seems that as more lay-
ers are added, the more general the resulting features seem to be. These features are further
investigated qualitatively in Section[5.5.3]and validated quantitatively in Section[5.5.4] where it
is found that the deeper the layers of the auto-encoder are the more frequent highly separable

properties become.

5.5.1 Software, Architecture and Settings

We base our experiments on the movie reviews domain. To collect the terms that are likely to
correspond to property names, we collect adjectives and nouns that occur at least 200 times in
the movie review data set, collecting 17,840 terms overall. These parameters are used for all

entity embeddings induced by the auto-encoder.

To implement the denoising auto-encoders, the Kera{] library is used. As in Chapter |4, scikit-
learn is used for the SVM implementation. A 200 dimensional MDS space is used as the input
to our stack of auto-encoders, as this performed the best in Chapter ] The network is trained
using stochastic gradient descent and the mean squared error loss function. For the encoders
and decoders, the tanh activation function is used. For the first auto-encoder, the same size layer
as the input is maintained. Afterwards, the hidden representation size is halved each time it
is used as input to another auto-encoder, and this process is repeated three times, resulting in
four new hidden representations {/nput : 200, Hidden : 200, 100, 50, 25}. The input space is
corrupted using Gaussian noise with a standard deviation of 0.6 each time. This was chosen
as higher noise values seemed to result in meaningless directions in initial results, but lesser
noise values did not result in much change. As the lower layers are closer to the bag-of-words

representation and are higher dimensional, the Kappa scores are higher in earlier spaces, as it is

Keras


https://keras.io/
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Clusters Genres Keywords Ratings

Accuracy F1-Score Accuracy F1-Score Accuracy FI1-Score

LO 0.91 0.43 0.71 0.22 0.65 0.49
L1 0.64 0.27 0.63 0.17 0.64 0.41
L2 0.71 0.32 0.65 0.19 0.64 0.44
L3 0.66 0.27 0.62 0.17 0.61 0.44
L4 0.66 0.26 0.54 0.15 0.55 0.40

Table 5.9: The results of depth-3 trees for a variety of tasks in the movie domain where

cluster representations derived from auto-encoder layers are used as input.

easier to separate entities. We address this in the clusters by setting the score threshold 7" using
Kappa score such that the number of terms we choose from is twice the number of dimensions
in the space. Similarly, we set the threshold for the frequency of the words such that 12,000

directions are available to assign to the cluster centers in every space.

5.5.2 Quantitative Evaluation of Cluster Representation

This section evaluates if it is possible to obtain semantically meaningful properties from the
hidden layers of stacked denoising auto-encoders following the same procedure as in Section
[5.4.2] A representation composed of cluster properties is obtained from the hidden layers of
the stacked denoising auto-encoder described in Section [5.5.1] Then these representations are
used as input to low-depth decision trees to classify the genres, keywords and ratings tasks for
the Movies domain. The results are shown in Table [5.9] where it can be seen that the accur-
acy and Fl-scores of the properties obtained from the hidden layers of stacked auto-encoders
are significantly lower than those properties obtained from the original representation. This in-
dicates that the hidden layers of these auto-encoders do not represent key domain properties.
However, when observing examples these properties do seem to be meaningful. The nature of

these properties is further analysed in Section[5.5.3]
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5.5.3 Qualitative Evaluation of Cluster Representations

In this section, the properties induced from the auto-encoder spaces described in Section
are qualitatively investigated. In Table [5.10] we illustrate the differences between clusters ob-
tained using standard auto-encoders and denoising auto-encoders. Layer 1 refers to the hidden
representation of the first auto-encoder, and Layer 4 refers to the hidden representation of the
final auto-encoder. As single labels can lead to ambiguity, in Table 1 we label clusters using
the top three highest scoring terms in the cluster. Clusters are arranged from highest to lowest

Kappa score.

Both auto-encoders model different properties across their layers, but the properties obtained
when using a denoising auto-encoder seem to be significantly different. In particular, they seem
to be increasingly general, i.e. used in multiple documents. For example, the normal auto-
encoder captures properties like "Horror" and "Thriller", but does not capture properties like
"Society" and "Relationship". Further, "Gore" is the most similar to the directions "Zombie"
and "Zombies" in Layer 1, the most similar directions of "Budget" and "Effects" in Layer 4. We
can assume that this means that the feature in Layer 4 represents the idea of budget "Horror"
movie, which is significantly different to a "Zombie" movie. This change, from "Zombie" to
"Effects" seems to be a difference between a low-frequency word that is specific to only some
movies "Zombie", and a high-frequency word that is meaningful for many movies. In Section
the relationship between properties in the earlier layers and those in the later ones is more
precisely quantified as a relationship of frequency, i.e. relevancy to many documents rather than

few.

5.5.4 Quantitative Frequency Evaluation

Although there is an indication that the properties in the later layers of the stacked denoising
auto-encoder change in a particular way, it is still unclear in what way exactly they change.
Following the qualitative analysis in Section [5.5.3] the results seem to indicate later properties
are more frequent across the corpus, while the earlier properties are less frequent. In other
words, the earlier representations model properties that are more specific, in the sense that they
are relevant to only some documents, and the later representations model properties that are

more general, in the sense that they are relevant to more documents.
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# Of Cluster Words LOFreq L1Freq L2Freq L3Freq L4 Freq

First 1 23298 29984 37277 41952 36489
First 2 20399 25356 31184 37764 35785
First 3 17065 22595 30465 36935 34893
First 4 14986 20555 28780 36798 35107
First 5 13352 18982 27724 35446 34705

Table 5.11: The average frequency of cluster words in the corpus. Here, the frequencies

of the first words in the cluster are shown.

To evaluate the frequency of the clusters, the average frequency of each term in the cluster is
used. However, the first terms of a cluster are generally more separable in the space, as the
highest score terms are added to the cluster first. Given this, the first NV terms of each cluster for
a layer of the auto-encoder are averaged rather than all terms. There is a maximum cluster size,
and all terms must be added, so taking the top /V terms also removes the problem of irrelevant

and less separable terms being included.

To determine the frequency of an auto-encoder layer, for each cluster the first N words are taken
and their frequencies are averaged. This is the cluster frequency. Then the overall frequency of
the auto-encoder layer is obtained by taking the average of all clusters. This overall frequency
for each layer is shown in Table for values of NV from 1 to 5. Additionally, results for the
first V words at different thresholds are shown. In accordance with the observations in [5.5.3]
we can see that the best-modelled terms in the later auto-encoder layers tend to have a higher
frequency than the first layer. We can also see that there is a drop in average frequency from
layer 4 to layer 3, which can be explained from the fact that the representations in higher layers

also become noisier, which leads to more randomness in the terms that are selected.

5.6 Inducing Rules from Auto-Encoder Entity Embeddings

As described in the previous section, stacked denoising auto-encoders model increasingly fre-
quent properties. Based on this observation, in this section a method is introduced to charac-
terize semantic features (i.e. clusters of directions) modelled in one space in terms of salient

properties that are modelled in another space. To do so, the off-the-shelf rule learner JRip
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(Using the "RIPPER" algorithm [16]) is used to predict which entities will be highly ranked,
according to a given cluster direction, using the rankings induced by the clusters of the preced-
ing space as features. To improve the readability of the resulting rules, rather than using the
precise ranks as input, the ranks are aggregated by percentile, i.e 1%, 2%, ..., 100%, where an
entity has a 1% label if it is among the 1% highest ranked entities, for a given cluster direction.
For the class labels, a movie is defined as a positive instance if it is among the highest ranked
entities (e.g. top 2%) of the considered cluster direction. Using the input features of each layer
and the class labels from the subsequent layer, these rules can be used to explain the semantic
relationships between properties modelled by different vector spaces. In this setting, attributes
are discretized as understanding what is meant by the rules is the main focus. These results
are not intended for making predictions, but only for getting insight into data and potentially

generating explanations of domain knowledge.

5.6.1 Qualitative Evaluation of Induced Symbolic Rules

In this section, the method used to obtain rules that describe the semantic relationships between
properties derived from the stacked denoising auto-encoder is qualitatively investigated. Since
the number of all induced rules is large, here we only show high accuracy rules that cover 200
samples or more. Still, we naturally cannot list even all the accurate rules covering more than
200 samples. Therefore we focus here on the rules which are either interesting in their own right

or exhibit interesting properties, strengths or limitations of the proposed approach.

For easier readability, we post-process the induced rules. For instance, the following is a rule
obtained for the property "Gore" in the third layer of the network shown in the original format

produced by JRip:

IF scares-L2 <= 6 AND blood-1L2 <= 8 AND funniest-L2 >= 22

=> classification=+ (391.0/61.0)

In this rule, scares-L2 <= 6 denotes the condition that the movie is in the top 6% of rank-
ings for the property "scares" derived from the hidden representation of the second auto-
encoder. We will write such conditions simply as "Scares,". Similarly, a condition such as
funniest-L2 >= 22, which indicates that the property is not in the top 22%, will be written

as "NOT Funniesty". In this simpler notation the above rule will look as follows:
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IF Scares; AND Bloods AND NOT Funniesty THEN Goreg

This rule demonstrates an interpretable relationship. However, we have observed that the mean-
ing of a rule may not be clear from the property labels that are automatically selected. In such
cases, it is beneficial to label them by including the most similar cluster terms. For example, us-
ing the cluster terms below we can see that "Flick" relates to "chick-flicks" and that "Amazon"

relates to old movies:

IF Flicky AND Sexualy AND Cheesyo AND NOT Amazone THEN Nuditysg

Flickyg: {Flicks, Chick, Hot}

Amazong: {Vhs, Copy, Ago}

Rules derived from later layers use properties described by rules from previous layers. By
seeing rules from earlier layers that contain properties in later layers, we can better understand
what the components of later rules mean. Below, we have provided rules to explain the origins

of components in a later rule:

IF Emotions, AND Actionsy THEN Emotionss
IF Emotionss AND Emotions AND Impacts THEN Journeys

IF Emotionsg AND Journeys THEN Adventurey

We observe a general trend that as the size of the representations decreases and the entity em-
beddings become smaller, rules have fewer conditions, resulting in overall higher scoring and
more interpretable rules. To illustrate this, we compare rules from an earlier layer to similar

rules in a later layer:

IF Romance; AND Poignant; AND NOT English; AND NOT French;

AND NOT Gags; AND NOT Discy; THEN Relationshipss

IF Relationshipss AND Emotionss AND Chemistrys THEN Romanticg
IF Emotionsy AND Compellings THEN Beautifullys
IF Warmy AND Emotions, THEN Charmingsg

IF Emotionsy AND Compellingy, THEN Emotionalsg
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Rules in later layers also made effective use of a NOT component. Below, we demonstrate some

of those rules:

IF Touchings AND Emotionsg AND NOT Unfunnys THEN Relationshipy
IF Laughssz AND Laughg AND NOT Compellingg THEN Stupidy

IF Touchings AND Socialg AND NOT Slashers THEN Touchingy

As the same terms were used to find new properties for each space, the obtained rules sometimes
use duplicate property names in their components. As the properties from later layers are a
combination of properties from earlier layers, the properties in later layers are refinements of
the earlier properties, despite having the same term. Below, we provide some examples to

illustrate this:

IF Emotionsy; AND Actionsy THEN Emotionss

Emotionss: {Acted, Feelings, Mature}
Actionsyg: {Control, Crime, Force}

Emotionss: {Emotion, Issue, Choices}

IF Horrorp; AND Creepys AND Scaress; THEN Horrors

Horrors: {Terror, Horrific, Exploitation}
Creepys: {Mysterious, Twisted, Psycho}
Scaresy: {Slasher, Supernatural, Halloween}

Horrorg: {Creepy, Dark, Chilling}

IF Touchingy AND Chemistryy; THEN Touchings

IF Touchingy AND Emotionss THEN Touchingsg

IF Compellingy AND Emotionals AND Suspenses THEN Compellings
If Romancey AND Touchingy AND Chemistrys THEN Romance j

IF Emotionallys AND Emotionss AND Compellings THEN Emotionallys
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5.7 Conclusion

Feed-forward neural networks and auto-encoders are qualitatively investigated using the meth-
ods outlined in Chapter @ These properties are meaningful and interpretable for both types of
neural network architecture. In the case of feed-forward networks, it is observed that associated
entities of features are meaningful, and similar features are found in all embeddings. These
associated top entities are particularly relevant when understanding the semantic features. Fur-
ther, the performance of a feed-forward network seems to rely on making particularly relevant
properties to the task separable, as seen in the case of NNET-B in the Newsgroups domain. If
properties that are relevant to the task are common to all embedding models, low-depth decision
trees that use these disentangled feature representations as input perform similarly, for example

in the Movies domain.

In the case of the auto-encoders as the space size reduces the representation becomes more ab-
stract, and additionally through qualitative investigation rules show some promise in being used
to link together properties in the layers and form some explanation of abstraction. However, it
is found that the Kappa score of the directions derived from the embeddings is lower in more
stacked auto-encoder embeddings, meaning that they are less separable. This is likely due to
repeated non-linear transformations. This brings-up the question, is it possible to fine-tune the
embedding such that features remain linearly separable but also become more abstract? This
lead on to the work in Chapter 5] where a fine-tuning process is introduced to improve the qual-
ity of the disentangled feature representations. To expand on the work in this chapter, it would
be interesting to see how the interpretability of these disentangled representations could be com-
pared to alternative approaches, and they could be used to benefit those that work on those safety
and fairness of neural network models, in particular to make black-box state-of-the-art models

transparent by explaining layer-to-layer connections.
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Chapter 6

Modelling Semantic Features in

Fine-Tuned Vector Spaces

6.1 Introduction

Chapter @] introduced a method to obtain feature-directions from vector-spaces, as well as meth-
ods to test the quality of these feature-directions and their associated document rankings. Then,
this method was applied in Chapter []to obtain feature-directions from the layers of neural net-
works. However, feature-directions obtained from either of these vector spaces can sometimes
be sub-optimal. For example in the case of neural network auto-encoders, it was found that
the quality of feature-directions in an auto-encoder representations degrade the more that the

auto-encoder layers are stacked.

In Figure [6.1] a problem that can occur with feature-directions from representations learned
with a similarity-centered objective, e.g. Multi-Dimensional Scaling (see Section [2.6.2)), is il-
lustrated. This is an example problem in the toy domain of shapes, where basic geometric
shapes are embedded in a two-dimensional space. In this example, directions have been identi-
fied which encode how light an object is and how closely its shape resembles a square. While
most of the shapes embedded in this space are grey-scale circles and squares, one of the shapes
embedded in this space is a red triangle, a clear outlier. When considering that the objective
the space is learned with is based on similarity, the spatial representation for this triangle is
correct, as it is far from all the other shapes. However, when ranking the shapes on the feature-
directions for square and light, the outlier takes up an extreme position on the rankings. This
means that the triangle is ranked incorrectly, as it is considered to be the shape that most exhibits

the features "light" and "square".
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square

Figure 6.1: Toy example showing the effect of outliers in a two-dimensional embedding of

geometric shapes.

Ideally, representations would be learned with knowledge of feature-directions. For example,
the method to learn a representation of the toy domain would take into account that it should
model the features "square" and "light" rather than a similarity objective, so that this triangle
would end up closer to the bottom-left corner. However, as we cannot a-priori determine the
features the space must be learned from, it is difficult to learn a representation in this way.
This chapter instead introduces an unsupervised method, that given a representation and its
associated feature-directions, can obtain a vector space and associated feature-directions where
the quality of the feature-directions is prioritized over the similarity structure. The intention of

this method is to resolve issues like those described in the previous two paragraphs.

To introduce the idea behind the method, we start with the assumption that each feature-direction
is characterised by one feature-word, which describes the feature. In other words, if the feature-
ranking of a document on a feature-direction is faithful to the bag-of-words score for the feature-
word in the document, then the feature-ranking is good. To give an example of why this assump-
tion is useful, in the Movies domain [3.2] Multi-Dimensional Scaling (MDS) space there is the
case of an Indian Bollywood movie that is very unlike other movies, as its reviews only use
language specific to Bollywood films and the number of reviews it has is low overall. This
movie occupies a top-ranking position in a variety of feature-directions, as a consequence of
it being very dissimilar to other movies. This chapter introduces a method that can solve this
problem by attempting to match its ranking in the vector space that is very high in the initial

space, to its bag-of-words value, which is zero. This results in this outlier movie being moved
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Feature direction

Highest ranking objects

Highest fine-tuned ranking objects

{steep, climb, slope}

{illuminated, illumination, skyscraper}
{play, kid, kids}

{spooky, creepy, scary}

{amazing, dream, awesome}
{pavement, streetlight, streets}

{dead, hole, death}

{spire, belltower, towers }

{stones, moss, worldheritage }

{mosaic, tile, bronze}

mountain, landscape, national park
building, city, skyscraper

school, field, fence

hallway, fence, building

fence, building, beach

sidewalk, fence, building

fence, steps, park

building, arch, house

landscape, fence, steps

building, city, steps

ski slope, steep slope, slope

tall building, office building, large building
college classroom, classroom, school
hospital room, hospital ward, patient room
hotel pool, resort, beach resort

overpass road, overpass, road junction
grave, cemetery, graveyard

bell tower, arch, religious site

ancient site, ancient wall, tomb

cathedral, church, religious site

Table 6.1: Comparing the highest ranking Place-Type objects in the original and fine-

tuned space.

down drastically in the rankings.

To give some additional examples, in Table [6.1] names of Place-Types (that correspond to text
documents in the Place-Types dataset) are shown ranked on feature directions from their domain
(See Section . In these examples, for the cluster-feature {steep, climb, slope}, the top ranked
Place-Type mountain is clearly relevant. However, the next two Place-Types — landscape and
national park — are not directly related to this feature. Intuitively, they are ranked highly
because of their similarity to mountain in the vector space. Similarly, for the second feature,
building is ranked highly because of its similarity to skyscraper, despite intuitively not having
this feature. Finally, fence received a high rank for several features, mostly because it is an

outlier in the space.

Generally, the method that fine-tunes vector spaces and their associated feature-directions is as
follows: First, a vector space is learned from bag-of-words representations of the considered
documents, using a standard similarity-centric method or neural network. Next, the method
from Chapter 4 is used to obtain feature-directions and their associated words from a vec-
tor space. Then, following our assumption outlined in the previous paragraph, documents are
ranked on the feature-direction’s associated words using the bag-of-words. Finally, this ranking
is used to fine-tune the vector space and feature-directions so that the resulting feature-rankings

are more faithful to the ranking on the bag-of-words.

This chapter is a follow-up of the previous two chapters, where previously feature-directions

are identified in a variety of vector-spaces, and their potential applications are discussed, this
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chapter focuses on improving the quality of these feature-directions to achieve better results.
This chapter continues with explaining the method to fine-tune a vector space and its associated
feature directions using a bag-of-words in detail. Afterwards, we show quantitative results to
see how the fine-tuning affects simple interpretable classifiers (as in chapter ). Finally, we end

with a conclusion for potential future work.

6.2 Fine-Tuning Vector Spaces and their Associated Feature

Directions

To improve the directions and address the problems described in the previous section, we pro-
pose a method for fine-tuning the semantic space representations and corresponding feature
directions. First, it is explained how to obtain target rankings from PPMI scores. Then, the
neural network that uses these target rankings to improve the vector space and its associated
feature-directions is described. The main idea is to use the BoW representations of the docu-
ments as a kind of weak supervision signal: if a document should be ranked highly for a given
feature, we would expect the words describing that feature to appear frequently in its descrip-
tion. To obtain the target rankings, for each feature x we determine a total ordering <, such that
d <X, d' iff the feature x is more prominent in the BoW represention of document d’ than in the
BoW representation of d. We will refer to <. as the target ranking for feature f. If the feature
directions are in perfect agreement with this target ranking, it would be the case that d < d’ iff
D.-vq < D, - vl Since this will typically not be the case, we subsequently determine target
values for the dot products D, - v4. These target values represent the minimal way in which the

dot products need to be changed to ensure that they respect the target ranking.

Once these rankings have been obtained, we use a simple feed-forward neural network to adapt
the semantic space representations v, and feature directions D, to make the dot products D, - vy

as close as possible to these target values.
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6.2.1 Generating Target Rankings

Let CD = (Da,...,D.j) be the cluster directions that were found using the method from
Section .2.1] Each cluster ¢; typically corresponds to a set of semantically related words
¢ = (wy, ..., wy,), which describe some salient feature from the considered domain. From the
BoW representations of the documents, we can now define a ranking that reflects how strongly
each document is related to the words from this cluster. To this end, we represent each document
as a bag-of-clusters (BoC) and then compute PPMI scores over this representation. In particular,
for a cluster ¢ = (wy, wa, ..., w,,), we define fe(c,d) = > | f(w;, d). In other words, fc(c, d) is
the total number of occurrences of words from cluster ¢ in the BoW representation of d. We then
write ppmi(c, d) for the PPMI score corresponding to this BoC representation, which is evalu-
ated in the same way as ppmi(w, d), but using the counts fc(c, d) rather than f(w, d). The target
ranking for cluster ¢; is then such that d; is ranked higher than ds iff ppmi(c;, dy) > ppmi(c;, ds).
By computing PPMI scores w.r.t. clusters of words, we alleviate problems with sparsity and syn-
onymy, which in turn allows us to better estimate the intensity with which a given feature applies
to the document. For instance, a document describing a violent movie might not actually men-
tion the word "Violent", but would likely mention some of the words from the same cluster (e.g.
"Bloody" "Brutal" "Violence" "Gory"). Similarly, this approach allows us to avoid problems
with ambiguous word usage; e.g. if a movie is said to contain ‘violent language’, it will not be

identified as "Violent" if other words related to this feature are rarely mentioned.

6.2.2 Generating Target Feature Values

Finding directions in a vector space that induce a set of given target rankings is computationally
harcﬂ Therefore, rather than directly using the target rankings from Section to fine-tune
the semantic space, we will generate target values for the dot products D,; - vg; from these
target rankings. One straightforward approach would be to use the PPMI scores ppmi(c;, d;).
However these target values would be very different from the initial dot products, which among
others means that too much of the similarity structure from the initial vector space would be
lost. Instead, we will use isotonic regression to find target values 7(c;, d;) for the dot product

D.; - vqi, which respect the ranking induced by the PPMI scores, but otherwise remain as close

'Tt is complete for the complexity class IR, which sits between NP and PSPACE [[74].
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as possible to the initial dot products.

Let us consider a cluster ¢; for which we want to determine the target feature values. Let

dyy, -, dy, be an enumeration of the documents such that ppmi(c;, d,,) < ppmi(c;,d,,,,) for

Oit1
i € {1,...,m — 1}. The corresponding target values 7(c;, d;) are then obtained by solving the
following optimization problem:
Minimize: Y (7(c;, d;) — De; - v4;)’
i (6.1)
Subject to:7(c;,d,,) < 7(c¢j,dy,) < ... < 7(c¢j,ds,,)

6.2.3 Fine-Tuning

We now use the target values 7(c;, d;) to fine-tune the initial representations. To this end, we
use a simple neural network architecture with one hidden layer. As inputs to the network, we

use the initial vectors vy, ..., Vgm € R¥. These are fed into a layer of size [:
hi = f(Wuvg; + b)

where W is an [ x k matrix, b € R' is a bias term, and f is an activation function. After training
the network, the vector h; will correspond to the new representation of the i” document. The

vectors h; are finally fed into an output layer containing one neuron for each cluster:
gi = Dh;

where D is a K x [ matrix. Note that by using a linear activation in the output layer, we can
interpret the rows of the matrix D as the K feature directions, with the components of the vector
gi = (g}, ..., i) being the corresponding dot products. As the loss function for training the
network, we use the squared error between the outputs gg and the corresponding target values
7(cj,d;), e
1= (gl = (e dy))?
i
The effect of this fine-tuning step is illustrated in the right-most column of Table where we

can see that in each case the top ranked documents are now more closely related to the feature,

despite being less common, and outliers such as "fence" no longer appear.
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20 Newsgroups F1D1 FI1D3 F1DN

FT MDS 0.50 0.47 0.44
MDS 044 042 0.43
FT PCA 040 0.36 0.34
PCA 0.25 0.27 0.36
FT Doc2Vec 044 042 0.41
Doc2Vec 0.29 0.34 0.44
FT AWV 0.47 0.45 0.40
AWV 0.41 0.38 0.43
FT AWVw 0.41 0.41 0.43
AWVw 0.38 040 043
LDA 040  0.37 0.35

Table 6.2: Results for 20 Newsgroups.

6.3 Quantitative Evaluation

To evaluate our method, as in Chapter ] we consider the problem of learning interpretable
classifiers. In particular, we learn decision trees which are limited to depth 1 and 3, which use
the rankings induced by the feature directions as input. This allows us to simultaneously assess
to what extent the method can identify the right features and whether these features are modelled
well using the learned directions. Recall that depth 1 trees only use a single direction and a cut-
off, so to perform well, the method needs to identify a highly relevant feature to the considered
category. We can understand that the most demonstrable improvements for this method over the
original directions will be in Depth 1 trees, as if the rankings for the important feature-directions
are improved then these will be also. Depth 3 decision trees are able to model categories that

can be characterized using at most three feature directions.
Methodology

All tasks are evaluated as binary classification tasks. We randomly split the datasets into 2/3 for
training and 1/3 for testing. As in all other experiments, 20% of the training data is taken for
hyper-parameter tuning. As we are not tuning as many parameters and we only have a small

number of documents for the Place-type domain, we use 5-fold cross validation in this domain
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Movie Reviews

Genres DI D3 DN Keywords D1 D3 DN Ratings DI D3 DN
FT MDS 0.57 0.56 0.51 FT MDS 0.33 033 024 FTMDS 0.49 0.51 0.46
MDS 040 0.49 0.52 MDS 0.31 0.32 0.25 MDS 046 049 046
FT AWV 042 042 039 FT AWV 025 0.25 0.15 FTAWV 047 044 0.39
AWV 0.35 044 043 AWV 026 0.21 0.19 AWV 044 048 041
LDA 0.52 0.51 045 LDA 022 0.19 0.18 LDA 048 0.48 041
Place-Types

Geonames D1 D3 DN Foursquare DI D3 DN OpenCYC DI D3 DN
FT MDS 0.32 0.31 0.24 FT MDS 041 044 041 FTMDS 035 0.36 0.30
MDS 0.32 0.31 0.21 MDS 0.38 042 042 MDS 0.35 0.36 0.29
FT AWV 0.31 0.29 0.23 FT AWV 0.39 042 041 FTAWV 037 037 0.28
AWV 0.28 0.28 0.22 AWV 0.32 0.37 031 AWV 0.33 0.35 0.26
LDA 0.34 0.32 0.27 LDA 0.55 0.48 0.47 LDA 040 0.36 0.31

Table 6.3: The results for Movie Reviews and Place-Types on depth-1, depth-3 and un-

bounded trees.

for these experiments.

IMDB Sentiment D1 D3 DN
FT PCA 0.78 0.80 0.79
PCA 0.76  0.82 0.80
FT AWV 0.72 0.76  0.71
AWV 0.74 0.76  0.71
LDA 079 080 0.79

Table 6.4: Results for IMDB Sentiment.

We used the logistic regression implementation from scikit-learn to find the directions.

In Chapter[d]the hyper-parameters were chosen in stages. First, parameters for the best word dir-

ections were found. Then, these best word directions were taken and the best cluster parameters
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were found for these best word-directions. However, for these experimental results, we op-
timize the hyper-parameters together for word-directions, clustering and fine-tuning, where the
best-parameters for each of these stages are those that ultimately produce the best-performing
rankings for the fine-tuning on a decision tree. This is because fine-tuning is sensitive to which
clusters and directions are included, as optimizing the ranking for one feature-direction may
disrupt the ranking for another. This can be illustrated by the idea of optimizing a ranking for a
direction on a noisy term like "berardin", which refers to some metadata from the review text,
then it is unlikely that this would benefit the other directions. However, if multiple directions
that correspond to different genres were optimized like "Horror" and "Funny", then it is likely
that they would all benefit from a better representation. Cluster-directions are used because if
all hyper-parameters are trained together, we can expect to find a set of directions that work

with each other more easily than by limiting frequency for word-directions.

We evaluate all domains described in Chapter 3] excluding Reuters. When learning word dir-
ections, only sufficiently frequent words are considered. In Chapter [ this was chosen as a
hyper-parameter, but as all parameters for each stage are tuned together it would take far too
much time to optimize in this way, so here we will fix this value in advance. It is chosen by pre-
determining thresholds loosely based on the size of the vocabulary for the domain. We chose
100 for the Movies dataset, 50 for the Place-Types, 30 for the 20 Newsgroups dataset, and 50

for the IMDB Sentiment dataset.

For hyperparameter tuning, we take 20% of the data from the training split as development data.
We choose the hyperparameter values that maximize the F1 score on the development data for
a Decision Tree on the improved feature-rankings that the fine-tuning network produces. As
candidate values for the number of dimensions of the vector spaces we used {50, 100,200}.
The number of directions to be used as input to the clustering algorithm was chosen from
{500, 1000, 2000}. The number of clusters was chosen from {k, 2k}, with k the chosen number
of dimensions. For the hidden layer of the neural network, we fixed the number of dimensions
as equal to the number of clusters. As the scoring metric for the dimensions, we considered ac-
curacy, Kappa and NDCG. In all experiments, we used 300 epochs, a minibatch size of 200, and
the tanh activation function for the hidden layer of the neural network. After some preliminary
tests we found that in most cases the parameters for the network could be kept the same. In all

experiments: 300 epochs, batch size 200 and tanh activation for the hidden layer. The hidden
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layer was kept the same size as the input space V,,. We train the network using AdaGrad [23]],

with default values, and the model was implemented in the Keras library.

To learn the decision trees, we use the scikit-learn implementation of CART, which allows us to
limit the depth of the trees. We will consider experiments with depth-1 trees, depth-3 trees, and
with unbounded trees. We used information gain as the attribute selection criterion. To mitigate

the effects of class imbalance, the less frequent class was given a higher weight during training.

6.3.1 Results

Table [6.2] shows the results for the 20 Newsgroups dataset, where we use FT to indicate the
results with ﬁne—tuningﬂ We can see that the fine-tuning method consistently improves the per-
formance of the depth-1 and depth-3 trees, often in a very substantial way. After fine-tuning, the
results are also consistently better than those of LDA. For the unbounded trees (DN), the differ-
ences are small and fine-tuning sometimes even makes the results worse. This can be explained
by the fact that the fine-tuning method specializes the space towards the selected features, which
means that some of the structure of the initial space will be distorted. Unbounded decision trees
are far less sensitive to the quality of the directions, and can even perform reasonably on random
directions. Interestingly, depth-1 trees achieved the best overall performance, with depth-3 trees
and especially unbounded trees overfitting. Since MDS and AWV perform best, we have only
considered these two representations (along with LDA) for the remaining datasets, except for

the IMDB Sentiment dataset, which is too large for using MDS.

The results for the Movies and Place-Types datasets are shown in Table [6.3] For the MDS
representations, the fine-tuning method again consistently improved the results for D1 and D3
trees. For the AWV representations, the fine-tuning method was also effective in most cases,
although there are a few exceptions. What is noticeable is that for movie genres, the improve-
ment is substantial, which reflects the fact that genres are a semantically meaningful feature of
movies. For example, the decision tree for the genre "Horror" could use the feature direction for

{gore, gory, horror, gruesome}. Some of the other datasets refer to more specialized properties,

2Since the main purpose of this first experiment was to see whether fine-tuning improved consistently across
a broad set of representations, here we considered a slightly reduced pool of parameter values for hyperparameter

tuning.
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and the performance of our method then depends on whether it has identified features that relate
to these properties. It can be expected that a supervised variant of this method would perform
consistently better in such cases. After fine-tuning, the MDS based representation outperforms
LDA on the Movies dataset, but not for the Place-Types. This is a consequence of the fact that
some of the place-type categories refer to very particular properties, such as geological phenom-
ena, which may not be particularly dominant among the Flickr tags that were used to generate

the spaces. In such cases, using a BoW based representation may be more suitable.

The results for IMDB Sentiment are shown in Table [6.4] In this case, the fine-tuning method
fails to make meaningful improvements, and in some cases actually leads to worse results.
This can be explained from the fact that the feature directions which were found for this space
are themes and properties, rather than aspects of binary sentiment evaluation. The fine-tuning
method aims to improve the representation of these features, possibly at the expense of other

aspects.

6.4 Conclusions

We have introduced a method to fine-tune an existing document embedding in order to ob-
tain more semantically coherent features. Our method is based on the observation that there
is a trade-off between accurately modelling similarity in a vector space, and faithfully model-
ling features as directions. In particular, we introduced a post-processing step, modifying the
initial semantic space, which allows us to find higher-quality directions. We provided qualit-
ative examples that illustrate the effect of this fine-tuning step, and quantitatively evaluated its
performance in a number of different domains, and for different types of semantic space repres-
entations. We found that after fine-tuning, the feature directions model the documents in a more
meaningful way. This was shown in terms of an improved performance of low-depth decision
trees in natural categorization tasks. However, we also found that when the considered categor-
ies are too specialized, the fine-tuning method was less effective, and in some cases even led to
a slight deterioration of the results. We speculate that performance could be improved for such

categories by integrating domain knowledge into the fine-tuning method.
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Chapter 7

Conclusion

7.1 Introduction

This chapter provides conclusions on how the work in this thesis contributes to the hypothesis

and research questions.

7.2 Thesis Summary and Contributions
In Chapter [I] the hypothesis was introduced. It was as follows:

Semantically meaningful features can be obtained from vector space representa-
tions of documents. These features are sufficiently predictive to be useful for simple
interpretable classifiers, of which low-depth decision trees are a prototypical ex-
ample, allowing for a performance that is close to the performance of an unboun-
ded decision tree using the same features as input. Further, these feature can be
obtained from neural network hidden layers, and can provide valuable insights into

aspects of the domain that the neural network has learned.

In Chapter 4] disentangled feature representations obtained using the methods in this work per-
formed better than the original unsupervised representations when used as input to low-depth
decision trees. These results showed their potential as semantic features for interpretable clas-
sifiers, especially as the classifiers in some cases performed better than linear SVMs trained on
all features of the original unsupervised embedding. The qualitative investigation found that

the features are clear and meaningful, and these features were used to determine the difference
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between document embeddings and parameters of the method. The NDCG scoring metric in-
troduced for use as a scoring metric for directions in this work was found to generally be a good
choice, in particular because it had the most consistent performance when the resulting features
were used as input to low-depth decision trees. Varying the clustering method was found to be

successful in some cases.

In Chapter [5] feed-forward and auto-encoder neural networks were quantitatively and qualit-
atively investigated. Characteristics of feed-forward networks that used BOW as input were
identified and compared with unsupervised representations. For feed-forward networks, we
found that higher-quality feature directions could be found, for those features that were rel-
evant to the classification task on which the network was trained. Furthermore, we noticed
that terms that were less relevant to the classification task scored less. Auto-encoders with in-
creasingly low-dimensional embeddings were qualitatively and quantitatively investigated, and
despite not being effective at learning natural categories, they seemed to capture increasingly
abstract features. This was validated quantitatively. Finally, a rule-based classifier that connec-
ted the features from layers together was used to further investigate what the neural network

was doing.

In Chapter [6|a methodology was introduced to fine-tune the original document embedding that
the feature representation was obtained from. This was done in order to improve the directions,
and in turn improve the associated rankings. It was found to improve the scores of the feature
representations when used as input to low-depth decision trees. Additionally, a qualitative in-
vestigation showed that the entities were more intuitive and specific than before, and that noise

had been eliminated.

7.3 Research Questions

In the introduction, three research questions were asked. This section repeats those research

questions and discusses how they were answered in the thesis.

Question 1: Can meaningful semantic features be characterised as directions across a wide
range of vector space encodings and domains, and do these semantic features allow us to learn

effective low-depth decision trees?
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In Chapter 4| it was found that feature representations derived from unsupervised vector spaces
contained clear semantic features, resulting in good disentangled representations. Chapter [3]
also provided some quantitative analysis of disentangled representations obtained from the hid-
den layers of neural networks, finding that their performance when used as input to low-depth
decision trees was close to, matched or exceeded the performance of the original network on the
task. In Chapter [0 the associated rankings of these features was made more clear and their per-
formance on low-depth decision trees was improved, resulting in an overall better disentangled

representation using an entirely unsupervised method.

Question 2: Can semantic features be obtained from the hidden layers of neural networks, and
to what extent can these features be used to investigate the characteristics of different neural

networks?

From the qualitative analysis of the hidden layer representations in Chapter 5, it was clear that
the properties derived from these representations was related to how well they classified the task.
Quantitatively, properties derived from feed-forward networks when used as input to low-depth
decision trees allowed them to achieve good performance classifying key domain tasks. Some
characteristics of feed-forward networks were identified, in particular that they are representing
terms related to the task better than the unsupervised representations, and that that they reduced
how well terms unrelated to the task are captured in the space. Additionally, increasingly low-

dimensional auto-encoders were found to capture increasingly abstract properties.

Question 3: Is it possible to obtain higher-quality semantic features in an unsupervised way by

fine-tuning the initial vector space?

In Chapter [6] an unsupervised methodology was introduced that fine-tuned the initial vector
space, resulting in higher performance of low-depth decision trees when the improved disen-
tangled representations were used as input. Additionally, qualitative results showed that the

entities had improved.

7.4 Future Work

This thesis has investigated the disentanglement of vector spaces, but it has not experimentally

validated how interpretable the labels of the features are. To do so, the intruder task from topic



7.4 Future Work 122

models could be used. Each group of words in a label (either the cluster words or the single-
term words and the words associated with its most similar directions) is given an intruder word
from another cluster. The feature representation performs well if users are able to identify the
intruder word. Another interesting test would be to use a domain, e.g. text in medicine, where
some text classification task is required and verify that the decision trees make sense to expert

users like doctors.

Although decision trees are interpretable, they may not make sense to end-users. One avenue
for future work that will benefit many other applications of this method is converting low-
depth decision trees that use disentangled features into human-readable explanations that can
be understood by users in the domain. Although this might seem straightforward (e.g. the
explanation could just be of the form IF Movie has "Horror", and it is "Romantic", then it is
a Romantic Horror movie) it can be a bit more complicated when using features that do not
have such a natural intuition or classifying things that cannot be put into such a simple format
(e.g. Compare "IF Blood AND Gun THEN Mobsters" to IF there is "Blood" in the movie, and
there are many "Gun" scenes, then the movie is likely about "Mobsters"). These kind of natural

language explanations could result in better adoption of the method in real-world domains.

This work also has potential applications to eXplainable Al (XAI), methods that explain existing
learned neural network models. Essentially, the approach outlined in Section [5|would be used to
create a "proxy model" that approximates the behaviour that the neural network does in a simple
way. Then, the quality of this proxy model is determined by how well it matches the predictions
that the neural network made. Following the previous idea about transforming decision trees
into natural language explanations, the method could be applied in a variety of domains to

explain existing models to end-users.

Models learned from disentangled feature representations derived from neural network hidden
layers could also act as interpretable alternatives to them. This brings up a primary question that
follow-up work could address: can disentangled feature represenations be derived from neural
networks that achieve state-of-the-art e.g. BERT [22]? BERT is a neural network that achieves
strong results on a variety of tasks and has entered mainstream application usage, but can the
hidden layers of BERT be disentangled into interpretable features, and can an interpretable
classifier be learned? This is but one of a variety of potential state-of-the-art models that could

be disentangled to produce an alternative interpretable model.
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In Chapter 4| the linear SVMs were used to obtain hyperplanes that classify words on a binary
occurrence task, i.e. if the word occurred or if it did not occur in the document. Following this,
the orthogonal direction was taken and documents were ranked on it using the dot product. It
would be interesting to instead try RankSVM [350] to directly learn rankings of documents on
words, where the "true ranking" is determined by the Positive Pointwise Mutual Information
(PPMI) score. This would potentially result in a more accurate ranking derived from the spatial

representation for the word.

In Chapter [] a potential problem with cluster features was identified, in particular that their
meaning may be disrupted due to terms unrelated to the task being clustered with them. It would
be interesting for a qualitative investigation into this phenomenon, seeing if manual removal
of words from clusters would indeed benefit their performance in low-depth decision trees.
If this is the case, there is potential for a new clustering method that performs this process

automatically. Theoretically this could be done by taking a bag of PPMI scores as in Chapter

The fine-tuning process outlined in Chapter [6] originally followed the results demonstrating
direction scores went down in when obtained from neural network hidden layers as they are
stacked. Given this, the idea was formed that it would be possible to fine-tune these spaces such
that they can retain the semantic features in the first layer while also adjusting the representa-
tion according to the objective. However, in preliminary tests this did not yield such a result,
instead of fine-tuning the representation it stopped learning information related to the task. This
preliminary investigation was done by taking each resulting representation, fine-tuning it, and
then using it as input to the next auto-encoder. There is potential future work in pursuing this
idea in application to explainability and interpretability. In particular, work in investigating if
neural networks can be forced to retain disentanglement during learning. If this is the case, it

may be possible to make neural networks interpretable.

7.5 Summary

In summary, this thesis demonstrated that disentangled feature representations can be obtained
from a variety of document embeddings, and a qualitative analysis was conducted on these
representations. It was found that the features were clear and meaningful. Additionally, a

method was introduced that fine-tunes vector spaces to improve these disentangled features.
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The methods seem promising in application to interpretability and explainability and offer much

potential for future work.
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