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A central goal of Natural Language Processing (NLP) and of Artificial
Intelligence (AI) in general is the creation of conversational agents. On the
dawn of AI research, Alan Turing defined the intelligent computer as one that
can fully imitate a human being in a conversation and is indistinguishable
from him [31].

Turing argues that his test can include almost any field of the human
endeavor, as the conversation could be about anything we wish. One of the
first systems that implemented a conversational agent, ELIZA [33], employed
a trick to circumvent Turing’s criterion: it simulated a Rogerian psychothera-
pist, so it didn’t have to have knowledge about the real world. Thanks to this,
it was capable of fooling people into believing that it’s a human being even
though it was a simple rule-based system. Lots of similar so-called chatbots
were developed since then – for example, to compete for the Loebner prize
[22] – but passing the Turing-test remained elusive.

Another, more application-oriented type of dialogue system helps its user
accomplish a particular task. These systems are built both by companies
and universities. An example of the former is the “How may I help you?”
dialogue system deployed by AT&T that routed more than 15 million phone
calls per month [18, 19]. An example of the latter is the Mercury system
developed at MIT that provides telephone access to an online flight database
[29].

A common feature of these systems is that they are only usable in the
narrow domain of the particular task they were built to solve. Creating one
involves a lot of engineering work, as most of the required knowledge that is
embedded into the system must be handcrafted [21]. For example, Apple
Siri – perhaps the most widely known dialogue system that came out in
recent years – also works in narrow subdomains, like booking a table at a
restaurant. These subdomains correspond to manually compiled so-called
active ontologies, identified based on keywords in the query supplied by
the user [9]. These application-oriented dialogue systems also fall short of
Turing’s idea to be able to communicate about anything we might wish.

However, dialogue systems are becoming more and more ubiquitous on
mobile and home devices with many thousands of chatbots besides the Big
Four (Amazon Alexa, Apple Siri, Google Assistant and Microsoft Cortana)
[14]. Much effort is put into improving these systems, much of it centered
around Amazon’s Alexa Prize [28].

Domain specific dialogue systems “interpret” the intention of the user
using a domain specific semantic grammar. For example, in a flight infor-
mation system, this simple grammar is used to extract the departure date,
source city, destination city, etc. This is very far from the general problem
of representing word meaning. In fact, the problem of word meaning – just
like general conversational agents – is already considered an AI-complete
problem [23, 25]: many believe that as soon as it is solved, the problem of
building an intelligent computer would also be solved.

Dialogue systems that aim to be open domain has not yet made sufficient
progress to concern themselves with the deep problem of interpreting words,
probably because the task of interpreting words may already be just as hard
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as general conversational agents. However, research in both psychology and
dialogue systems indicates that word meaning may help dialogue systems
succeed, or it may even be their most important missing component.

In a conversation, continually maintaining the common ground between
the participants – grounding – is crucial for mutual understanding [13].
Grounding is also critical for dialogue systems to successfully participate in
the conversation and interpret the intention of the user. Errors that disrupt
the common ground can dramatically decrease the expected probability of
task success [12] and can even make the whole conversation break down
[20].

The most effective ways to reduce the effect of grounding errors are to
provide more insight into the inner workings of the system [12] by explaining
its state, or making the meaning of the utterances clear [20].

Grounding errors can occur on different levels [12, 26]: either the utterance
of the user is not recognized or misunderstood by the system, or it is
recognized but falls outside its domain. The first kind of error may occur
because of an Automatic Speech Recognition (ASR) error, or – in case of a
text-based dialogue system – because the user mistyped something. The
second kind of error occurs because the dialogue system is too limited by its
domain to handle the utterance.

In order to facilitate communication, the meaning of words should be
represented in a form that is easy to understand for both machine and
human participants. One solution is to represent meaning using the con-
cepts of Wikipedia [16, 24] to make them human-interpretable or explicit. I
represented meaning with explicit Wikipedia concepts throughout my work.

Based on these observations, a method to represent word meaning for
open domain dialogue systems should be:

1. Robust: the method should work with words that are not recognized or
misrecognized by ASR or mistyped in a chat-based dialogue system.

2. Open: the method should be able to assign meaning to any word
regardless of its domain: it should not be constrained at all. This also
means that the method should be able to interpret words with novel
meaning like neologisms. As this would pose an AI-complete problem,
a more relaxed criterion is that the method should be flexible, so the
meaning representation it assigns to words is more graded than a single
sense and it can assign some related meaning to a word that denotes
an unknown concept.

3. Transparent: the representation of word meaning should be easy to
understand for the human users of the system.

Current methods do not consider all of these criteria. I reviewed Word
Sense Disambiguation (WSD), Wikification, Explicit Semantic Analysis (ESA),
and neural word embeddings. These approaches all rely on the surface form1

of the word, so they are not robust. For example, in WSD, the candidate
senses are determined based on the surface form.

Most WSD and Wikification techniques assign a single, known sense to a
word, so they are not flexible. Some critiques of WSD suggest that a graded
notion of word sense would be more appropriate [15, 27]. Neural word
embeddings and ESA use vector representations of word meaning, but they
do not assign related concepts to words with unknown meaning.

Wikification and WSD are transparent, as they assign a single sense to a
word. ESA is explicit as it represents word meaning with a vector of human-
understandable concepts, but it is not transparent as this vector can consist
of thousands of concepts and can be difficult to interpret. Neural word
embeddings assign opaque dense vectors to words.

I introduce a method called Robust and Flexible Word Explanation (RFWE)
designed from the ground up to meet these criteria. Robustness is achieved

1 the form of a word as it appears in the text
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by not taking the surface form of the word into account at all: the method
considers the target word2 unintelligible. Not using the surface form also
makes the method more flexible: it can interpret unknown words with known
meaning. Additionally, the method can assign a mixture of related concepts
to words that denote an unknown concept. Structured sparsity [10, 34] is
used to cope with the large-scale combined disambiguation problem that
arises because of the unintelligible target word. Making the interpretation
vectors sparse – having only a small number of concepts – makes them more
transparent than ESA.

Thesis 1. I introduced a method called RFWE to interpret word to-
kens that was designed from the ground up to be robust, flexible,
and transparent [7, 8]. I applied a structured sparsity inducing
regularization to manage the increased scale and difficulty of
the combined disambiguation problem. The method is capable
of interpreting words in terms of a small number of Wikipedia
concepts that are easy to understand for human users. I demon-
strated its ability to interpret unintelligible words and words
that denote unknown concepts. If the meaning of the word is
unknown (i.e., not present in the dataset), the method describes
it as a mixture of already known concepts.

The method has been applied in a practical real-world application
[2]. I lead a team that created a multidisciplinary crowdsourcing
web portal where we used RFWE to improve grounding between
the participants and thus help them communicate more effec-
tively.

RFWE needs two steps: compiling the dictionary and computing the repre-
sentations (prediction). Compiling the dictionary can be done very quickly.
The prediction step – computing the RFWE representations – involves solv-
ing a nonsmooth convex optimization problem that is relatively slow for a
real-world application like the word explanation feature on a webportal, as
many users could use the feature concurrently. Neural networks can be used
to estimate the representation three orders of magnitude faster.

Thesis 2. We developed a method to predict the active groups
efficiently in structured sparse representations [1]3. This allowed
me to quickly estimate the RFWE representations, which is par-
ticularly important in practical interactive applications like the
aforementioned web portal or a conversational agent.

Determining unintelligible word tokens not understood by ASR in spoken
dialogue systems [12] or Optical Character Recognition (OCR) in case of
scanned documents [32] is a similar problem to the problem of RFWE. The
core difficulty is that the word token is unknown, which leads to a hard
classification problem with many possible classes (candidate words). RFWE is
similar: the meaning of the target word is produced as a mixture of many
different senses.

Thesis 3. I developed a method as a modification of RFWE to
determine unintelligible words in textual contexts [4]. Two exam-
ples of unintelligible words in practice are ASR errors in spoken
dialogus systems and OCR errors.

For both open domain dialogue systems and word meaning, methods that
involve lots of handcrafting engineering work are not feasible: putting all the

2 the word to be explained with Wikipedia senses
3 The authors of the paper are in alphabetical order. We demonstrated the method on simulated

experiments, temporal coherence in natural image series, and estimating the RFWE representa-
tions. My contributions are the implementation and validation of the model, and applying it to
estimate the RFWE representations.
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necessary knowledge into the system by hand is nearly impossible because
of the knowledge acquisition bottleneck [17]. Consequently, the methods
must be data-driven, minimizing handcrafting work and taking advantage
of huge datasets. End-to-end dialogue systems [30] learn the whole dialogue
system from corpora, thus minimize the domain expert engineering required
for the system. This is a very promising approach that could make great
progress towards open domain dialogue systems.

Open domain dialogue systems are still beyond the reach of current
technology. To demonstrate the practical utility of word meaning for dialogue,
I employ word meaning in two related applications. The first application is
generating word puzzles from corpora. The corpus is unlabeled, minimizing
human effort. The documents are processed by topic models [11] and sets
of related words are obtained using ESA. The puzzles are built from these
sets and less related words. The method is domain-independent and is
demonstrated across two domains.

Thesis 4. I developed a domain-independent method [5, 6] to
generate word puzzles from an unlabeled corpus of documents by
representing the documents with topic models and the meaning
of individual words with ESA.

The second application is improving next utterance classification for end-
to-end dialogue systems. The task is to choose the correct next utterance in a
dialogue given the utterances so far. The method works by extending word
embeddings with explicit word meaning in the form of ESA, thus it can be
applied with minimal modification to the architecture of the neural network.
As the background knowledge is general, the method can be applied across
multiple domains. I demonstrate it on 6 different Internet Relay Chat (IRC)
corpora.

Thesis 5. I developed a domain-independent method that extends
word embeddings used in dialogue systems with ESA interpreta-
tion vectors [3]. I evaluated the method on the next utterance clas-
sification task in different domains on IRC chatlogs. We collected
and processed the chatlogs using a software system specifically
developed for this task by my MSc student and myself.
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