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ABSTRACT

Voice assistants are systems that can interact with humans based on spoken natural
language and they are an exciting and fast developing field of Artificial Intelligence and
Natural Language Processing. They mainly fall under two categories based on their
function,namely chat-oriented systems and task-based agents. In the current thesis we
present the design and development of SousChef, an end-to-end, task-based voice assis-
tant for cooking. The goal of the system is to assist a user during the execution of a recipe,
by answering recipe-related questions. At the basis of the system lies a pipeline that con-
verts natural language questions to SPARQL queries using Rasa. To this end, a recipe
ontology has been created and an NER model has been trained on a set of Greek recipes
annotated with recipe-related entities. Rasa NLU pipeline with DIET classifier is utilized
for training the classifier. Later on, Rasa Stack is used to train the entire dialogue system
on questions related to recipe preparation, by fine-tuning the already trained model. When
the assistant receives a URL from the user, it extracts the recipe text from the HTML code
and feeds it to the NER model. The extracted entities dynamically fill the ontology which
is then ready to be queried. Each time a user asks a question, depending on the intent
and the entities found, an action is triggered that executes a SPARQL query on the filled
ontology. The query result is converted to an answer which is sent back to the user.

In order to convert the system into a voice assistant, we use a pipeline of microservices that
connect to Google’s APIs for Speech-to-Text and Text-to-Speech services. The system
can be used through a web Ul that records speech, sends it to the Speech-to-Text API
which converts it to string. The text is then sent to Rasa and an answer is returned. This
is then transformed to speech through the Text-to-Speech API and is transmitted back to
the user. Finally, we have conducted a thorough evaluation of the assistant, using both an
automatic and human-based method. The overall results show that our system is capable
of conducting an effective and efficient dialogue.

SUBJECT AREA: Natural Language Processing

KEYWORDS: voice assistants, Rasa, natural language query formalization, SPARQL,
ontology, speech recognition






NEPIAHWH

O1 pwvnTikoi BonBoi gival CUCTAPATA TTOU JTTOPOUV VA GAANAETTIOPOUV [E TOV AVOPWTTO PE
EKQWVOUUEVN PUOIKN YAWO OO Kal aTTOTEAOUV €va eVOIOPEPOV KAl TAXEWG AVATITUCCONEVO
medio NG TexvnTig Nonuoouvng kai TG Etregepyaciag Puoikhg Mwooag. Karatdooovral
KUpiwg o€ dUO KaTtnyopieg ue BAon Tn AsiIToupyia TOug, T CUCTAUATA TTOU TTPOCAVATOAI(O-
VTAI OTN OCUVOMIAIQ KAl QUTA TTOU £XOUV WG OTOXO TN SIEKTTEPQIWOT EPYATCIWY. ZTNnV TTAPOU-
oa JITTAWMATIKA Epyacia TTAPOUCIAZOUNE ToV OXEDIOOUO Kal TRV avaTTTuén Tou SousChef,
€VOG OAOKANPpWHEVOU QwVNTIKOU BonBou yia payelpikr). O oTOX0G TOU CUCTHUATOG €ival
va BonBroel Tov XprRoTn OTnV eKTEAECN PIAG OUVTAYAG, OTTAVTWVTAG O€ OXETIKEG EPWTH-
O€IG. 2TN BACN TOU CUCTANATOG PBPICKETAI EVAG UNXAVIOUOGS TTOU UETATPETTEI TIG EPWTHOEIG
QuoIknG YAwooag oe epwtiuata SPARQL, xpnoipotroiwvTag 1o Aoyiopiké Rasa. lNa 1o
OKOTTO auTO, €XEl dnUIoUPYNOEl hIa OVTOAOYiIO CUVTAYWY KOl ETTIONG €XEI EKTTAIOEUTE Eva
MovTéAO avayvwpliong ovouaoTikwy ovtoTATwV (NER). Ta dedouéva ektraideuong Tou Jo-
VTEAOU aTTOTEAOUVTAI ATTO £VA GUVOAO EAANVIKWYV CUVTAYWYV ETTICNUEIWPEVWY PE OVTOTNTEG
OXETIKEG WE TN ouvTayh. [a Tnv eKTTAIdEUOT TOU JOVTEAOU XPNOIUOTTOIEITAI TO TUAUA TOU
Rasa 1Tou a@opd otnv katavoénon QuOIKAg YAwooag, BAcn TOu OTToiou aTTOTEAEI N apXI-
TekTOVIKA DIET. 21N ouvéxela, yia tnv ekmmaideuon oAOkAnpou Tou dIaAGYIKOU CUOTANOTOG
xpnoigotroigital To OAo Rasa Stack, pe dedopéva ekraideuong £va oUVOAO EPWTHCEWV
TTOU OXETICOVTAI PE TNV TTAPACKEUN MIOG OUVTAYNG. TO HOVTEAO BeV eKTTAIOEUETAI OTTO TNV
apxn, aAAd yivetal fine-tuning Tou RGN ekTTaIdeupévou povtédou Tagivounong. ‘Etol, étav
0 BonBd¢ Aaupavel pia dietBuvon URL atmd Tov xprioTtn, €¢ayel ammd tov kwdika HTML
TO Keipevo TTOU TTEPIAANPBAveEl Tn cuvTayr Kal To Tpo@odoTei oTo HovTEAO NER. O1 ovté-
TNTEG TTOU £€AyovTal YEUICOUV dUVANIKA TNV OVTOAOYia, N OTToid OTN CUVEXEIQ €ival £€TOIUN
yla ava¢Atnon. KaBe @opd 1Tou 0 XpnoTtng BETel hia epwTnon, avaloya pe tnv Tpdbeon
Kal TIG ovTOTNTEG TToU BpEBnKav o€ auTryv, ekTeAciTal éva epwtnua SPARQL otn ouutrAn-
pwuévn ovtoloyia. To AaTTOTEAECUA TOU EPWTAUATOG YETATPETTETAI O€ ATTAVTNOTN, N OTToiA
ATTOOTEAAETAI TTIOW OTOV XPNOTN.

MpoKeIuEVOU Va PJETATPEWOUUE TO CUCTNHA O€ wVvNTIKO BonBd, XpNOIUOTIOIOUKE £va Ao-
yIoMIKO TToU To ouvdéel pe Ta APl Tng Google yia avayvwpion kal ouvBeon ewvng. O
QPWVNTIKOG BonB0O¢ ptTopEi va xpnoiuoTtroinBei yéow piag d1adIKTUOKAG EQAPPOYAG TTOU
KATAYPAPEl TNV OMIAIQ KAl TNV OTTOOTEAAEI OTNV TTPOYPAPUATIOTIKI OIETTA@ UETATPOTING
QPWVNAG O€ KEINEVO. 2Trn OUVEXEIQ, TO TTAPAYWMEVO KEINEVO aTTOOTEANETAN 0TO Rasa kai €1T1-
OTPEQPETAI YIa ATTAVTNON. MEOW TNG TTPOYPANMPATIOTIKNG SIETTAPAG OUVOEONG OMIAIOG, QUTH
METOATPETTETAI O€ OMIAIO KAl HETABIOETAI TTIOW OTOV XPrOoTn. TEAOG, TTPAYUATOTTOINCAWKE Hia
avoAuTIKA agloAdéynon Tou BonBou, XpNOIKNOTTOIWVTAG TOOO AUTOPATEG HEBGOOUG GO0 Kal
aglohoynoeig ammd xpAoTeg. Ta ouvoAika atroTeAéopaTa deixvouv OTI TO cUCTAPA PG Ei-
val IKavo va diedyel Evav atroTEAETUATIKO SIGAOYO TTOU WG ETTI TO TTAEIOTOV ETTIOTPEPEI TIG
KOTAAANAEG ATTAVTHOEIG OTOV XPROTN.

OEMATIKH MNMEPIOXH: Etregepyaocia ®uoikng Nwooag



AEZEIZ KAEIAIA: pwvnTikoi BonBoi, Rasa, Tuttotroinon epwTnUATwy QUOIKAS YAWOOOG,
SPARQL, ovtoAoyia, avayvwpion Qwvng
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A Voice Assistant for cooking based on a natural language to SPARQL transformation pipeline using Rasa

1. INTRODUCTION

In this chapter, we introduce the general scope of our master thesis and we briefly present
the issues we aim to address. First, we discuss how dialogue systems have rapidly
evolved in the field of Natural Language Processing and we explain our motivation be-
hind this work. We then present the main contributions of our work and we finally describe
how the rest of the thesis is outlined.

1.1 Conversing with machines

The human need to converse with machines seems to have emerged since the first ma-
chines were developed. There seems to be an intrinsic fascination with communicating
with one’s own creation, which is also portrayed in literature and cinema in various cases
throughout the centuries. Language plays a crucial role in human history and culture and
is probably the most important and intricate result of human evolution. Language-in-use
or dialogue is present in all parts of life and it is the basic means of communication.

Naturally, when the first computers were developed, the need for interacting with them
in natural language emerged as well. It became one of the main challenges in artificial
intelligence. One of the first references to systems that can communicate with people was
Turing’s ‘thinking machine’ [6]. It was described as a machine that can converse with a
person through a typewriter, by imitating human conversation well enough as to trick its
interlocutor that it is actually human.

It was at this time, in 1950, that the field of Natural Language Processing (NLP) emerged
as the intersection of linguistics and artificial intelligence, bridging these two seemingly un-
related worlds. The fast and continuous progress in artificial intelligence and NLP is what
made the development of systems that can converse with humans feasible. These pro-
grams, which are meant to interact with users in natural language via text, speech or both,
are called dialogue systems or conversational agents and today we have groundbreaking
cases of such systems.

1.2 Motivation

The motivation behind this work lies in the same intrinsic excitement surrounding the idea
of conversing with a machine that also guided the very first attempts in the field of Natural
Language Processing. It is the challenge of transferring such an integral characteristic of
human existence to a machine in order to interact with it. This field of Natural Language
Processing and Artificial Intelligence that deals with conversational agents is a stimulating
research area as it brings this human-machine interaction into realization. What makes
this process event more intriguing is that it can lead to a deeper understanding of how our
own language works and what complex mechanisms lie behind it.

23 E. Tsili
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The development of these virtual assistants has also very useful real-world applications in
many aspects of human activity. From customer service chatbots assisting customers with
troubleshooting and healthcare assistants providing medical advice, to virtual assistants
that can help with a variety of everyday tasks, conversational agents have multiple uses
and can provide assistance in all domains of human activity.

In the current thesis we have selected to design and develop a conversational agent that
will be able to assist users with an everyday activity that entails high levels of multitasking,
namely cooking. SousChef is a voice assistant which is meant to help users during the
execution of recipes, by providing all the necessary information at the user’s request. We
consider this type of system an interesting case as it can have actual, real-life use, in
such a necessary and often tiresome activity as cooking. It is also an example of how a
system can provide assistance with procedural text and it can be extended to other tasks
of everyday life, such as following the instructions of a manual. The user in our system’s
case may want to know which are the ingredients of the recipe, require a specific amount
or ask about how they should cut an ingredient. They can also request information related
to the execution of the recipe and the steps they need to follow. Finally, they might ask
the system to set a notification on a specific time.

At the beginning of the conversation the user needs to provide a URL with a recipe of
their choice. Then the system parses the recipe, extracts useful entities from it and fills a
recipe ontology. Each time the user asks a question, depending on the user intent, a query
is triggered and performed on the ontology. When the relevant answer is extracted, it is
converted to natural language and the audio is returned to the user. For the development
of the aforementioned voice assistant, we utilized Rasa Open Source', a complete and
versatile machine learning framework for building conversational agents. Rasa provides
multiple opportunities for customization, it is easily configurable and supports a variety
of machine learning libraries. A detailed presentation of the framework can be found in
Section 2.6.

1.3 Contribution

Within the scope of this thesis, we have designed and implemented a a voice assistant
for cooking which answer user questions by querying an ontology using SPARQL. The
ontology is filled with all relevant recipe-related information, each time at the beginning
of the conversation when the user provides a recipe URL. The main contributions of our
work, which are thoroughly discussed in Chapter 3, are the following:

» Design and creation of a closed domain ontology for cooking recipes using the Pro-
tégé? tool, an open-source ontology editor and knowledge management tool.

'https://rasa.com/docs/rasa/
2https://protege.stanford.edu/

E. Tsili 24
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* Use of Rasa’s DIET model in a pipeline aiming at natural language query formaliza-
tion to SPARQL queries

* Design and implementation of an end-to-end dialogue system that can assist a user
during cooking by answering recipe-related questions

1.4 Thesis outline

The rest of the thesis is organized in the following way:

In Chapter 2 we provide the necessary background information related to the categoriza-
tion of conversational agents, important aspects of their architecture and we briefly intro-
duce Rasa framework. Chapter 3 focuses on the methodology followed for the design
and development of our system, providing details about the pipeline followed. Chapter 4
is dedicated to the evaluation of the overall system and discussion on the results. Finally,
Chapter 5 concludes the main points of our work and discusses issues for future work.

25 E. Tsili
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2. BACKGROUND AND RELATED WORK

In Section 2.1 of this chapter, we introduce the categorization and main functionalities of
conversational agents. Section 2.2 briefly presents the architecture of early chatbots and
Section 2.3 introduces the concept of voice assistants. Furthermore, in Section 2.4 we
demonstrate the most common architectures of modern task-oriented dialogue systems
and in Section 2.5 we present the link of dialogue system to knowledge bases and ontolo-
gies. Section 2.6 introduces the metrics used for evaluating dialogue systems. Finally, in
Section 2.6 we introduce Rasa, an open-source framework that is primarily used for the
development of the dialogue system introduced in the current thesis.

2.1 Introduction to conversational agents

Conversational agents can either freely converse with users or assist them in tasks through
dialogue [7]. Based on their function they are generally divided into two categories: task-
oriented dialogue systems and open-domain dialogue systems. The former, converse
with the user aiming to complete a specific task, such as give directions or book flights.
The latter are designed to conduct more extended dialogue with the user by mimicking the
unstructured conversations or ‘chats’ characteristic of human-to-human interaction without
domain restrictions. Those systems can be used both for entertainment purposes or be
implemented as part of task-oriented agents in order to make the dialogue more natural
and engaging. The current thesis focuses mainly on task-oriented systems.

2.2 Chatbots

The first conversational agents developed were chatbots. These are practically the sim-
plest form of a conversational agent as the user can communicate with the bot only through
text. These early chatbots were rule-based, meaning that the conversation flow between
user and bot was directed by a set of hand-crafted rules [8]. During these initial attempts,
rule-based systems were popular as they were easy to implement and their responses
were fairly natural, although they could only support limited and pre-determined dialogue
flows.

Apart from rule-based systems, traditional architectures include non-neural machine learn-
ing based systems [2]. These models use template filling to perform a task. They are more
flexible in terms of the dialogue flow compared to rule-based systems, however they still
support limited scenarios because of the fixed templates. This is why today state-of-the-art
dialogue systems are deep learning-based systems.

27 E. Tsili
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2.21 ELIZA

ELIZA [9] is one of the earliest and most important chatbots and was developed by the
Artificial Intelligence Laboratory in MIT between 1964-1966. The conversation held with
ELIZA was designed to resemble a conversation with a Rogerian psychotherapist, which
should be non-directive and has as a main goal to reflect the user-patient’s statements
back at them. Such a conversation is one of the rare cases where it is acceptable from
the listener-system to know almost nothing of the real world. This type of conversation has
two important advantages. Not only does it help the user feel heard and understood, but
from a technical point it also does not demand from the system to store information of the
real world. This idea is exactly what makes ELIZA a simple yet successful conversational
agent. However, the system has very limited knowledge and can converse only about
specific topics [10].

The user can converse with ELIZA through a type-writer, using natural language. Then
ELIZA analyzes the user’s statement using pattern matching and generates some re-
sponse. More specifically, when the user types a statement, the program tries to identify
the presence of a keyword or keywords in it. In the case where it finds one, it should
transform the sentence according to a rule associated with the specific keyword. If no
keywords are found, then ELIZA should respond with a content-free remark or to retrieve
an earlier transformation. Keywords and the transformation rules associated with them
make up the ’script’.

ELIZA was considered successful at mimicking an actual conversation, as many of the
users who interacted with the system reported that it really understood their problems and
seemed to had developed an emotional bond with it [11]. Revised versions of the base
architecture of ELIZA are still used by some modern chatbots, like ALICE.

2.2.2 PARRY

PARRY [12] is another worth-mentioning achievement in the history of chatbots which was
developed at Stanford’s Psychiatry Department in 1972 by Kenneth Mark Colby, both a
psychiatrist and a computer scientist. In this case, the approach used in order to redirect
the user’s attention from the bot itself was to impersonate a paranoid schizophrenic patient.
The bot’s answers were meant to be crude and controversial so that the user had to provide
more detailed answers. Colby hoped that PARRY could provide useful insights on mental
disorders and a useful tool for the training of psychiatrists [13].

PARRY’s architecture resembles ELIZA’s, but it presents better language understanding.
Another important addition is that PARRY’s mental state is controlled by a mental model
which includes variables indicating the system’s level of fear and anger. Depending on
the user input, the value of a certain variable might increase indicating that the bot should
provide an answer from the respective collection of outputs. For instance, if the user’s
input triggers the anger variable, PARRY will respond angrily. An example of ELIZA’s
interaction with PARRY can be seen in Figure 2.1 .
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parry: People get on my nerves sometimes.

eliza: I am not sure [ understand you fully.

parry: You should pay more attention.

eliza: Suppose you should pay more attention?

parry: You're entitled to your opinion.

eliza: What makes you think I'm entitled to my opinion?
parry: It bothers me just to be around people.

eliza: Please go on.

[Parry continues with some paranoid ramblings about horseracing, bookies, and the Mafia]
parry: | know the mob controls the big rackets.

eliza: Who are you really talking about?

parry: Have you ever really thought about the Mafia?
eliza: Suppose you ever really thought about the Mafia?
parry: Let's talk about something else.

eliza: I am not sure [ understand you fully.

Figure 2.1: An example of PARRY’s conversation with ELIZA [1], showcasing ELIZA’s effort to mimic
a psychotherapist by redirecting the questions and PARRY mimicking a schizophrenic patient by
providing crude, incohesive answers.

The fact that the user expected to get nonsensical answers is why PARRY is considered a
successful chatbot. Psychiatrists who studied transcripts from conversations with PARRY
as well as from real interviews with schizophrenic patients were not able to identify which
were the actual human-to-human conversations. In fact, it was the first system known to
have passed the Turing test.

2.2.3 ALICE

Another important development in the early history of chatbots is ALICE [14], which stands
for Artificial Linguistic Internet Computer Entity and was first implemented by Wallace in
1995. The idea behind ALICE'’s architecture is customization. The chatbot engine is sepa-
rated from the language knowledge model, so that the latter can be customized according
to the developer’s goal. The dialogue is made possible through pattern matching. To this
end, artificial intelligence markup language (AIML) is used to store the rules for matching
the user input to the appropriate output [10]. Although ALICE has been awarded as the
most human-like system in 2000, 2001 and 2004, it has important limitations related to
AIML as it cannot carry out a conversation for a long time [15].

2.3 Voice assistants

Conversational agents that enable users to use their voice in order to interact with a device
instead of using chat or mouse movement are called voice assistants. Although speech
recognition is not a newly discovered field and has been present for a while now, it has
seen significant progress over the last few years due to the advances in natural language
processing. This continuous progress can be credited to: (i) the increase in computational
power, (ii) the exponential increase of linguistic data that is available online and can be
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used to train the assistants, (iii) the advances in machine learning methods and algorithms
and (iv) a more in depth understanding of the structure that lies behind human interaction
and language and how this is deployed in social contexts [16]. These advances led to
the development of widely used voice-based services, such as Amazon’s Alexa, Google
Home, etc. Itis estimated that there are currently 4.2 billion active voice assistant devices
in circulation, a number which is expected to double in 2024 [17].

Generally different voice assistants can have different features and functionalities depend-
ing on their audience and scope. However, some of the most common tasks they perform
are sending/reading texts or emails, making phone calls, answering general information,
setting alarms and reminders, controlling connected applications (e.g., Spotify, Netflix,
etc.), controlling Internet-of-Things devices (e.g., door locks, lights, etc.), and telling jokes
and stories. Some voice assistants, such as Amazon’s Alexa, have some additional func-
tionalities often referred to as “skills” that are able to interact with other services with voice
commands.

The most common architectures for task-oriented dialogue systems are modular and end-
to-end architectures. Another worth mentioning fact is that most task oriented-systems
are connected to external knowledge bases in order to retrieve necessary information to
answer user questions [8].

2.4 Architectures

2.4.0.1 Modular architecture

As seen in Figure 2.2 the modular approach generally consists of four modules [8]:

» Natural Language Understanding. It transforms the user input into predefined se-
mantic slots, typically the intent of the user’s utterance and entities extracted from
it.

» Dialogue State Tracking. It keeps track of the user input at each turn while updating
the dialogue history, in order to output the current dialogue state.

» Dialogue Policy. It uses the current dialogue state in order to predict the next action
of the system.

* Natural Language Generation. It maps the selected action to natural language.

The Dialogue State Tracking and the Dialogue Policy modules comprise the Dialogue
Manager of the conversational agent which can be considered as the central controller of
the system.
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Figure 2.2: Architecture of a task-oriented dialogue system where the user input, after it is trans-
formed to text by the Automatic Speech Recognition (ASR) part, it goes through the Natural Lan-
guage Understanding (NLU) part which extracts the user intent as well as any entities found. The
Dialogue State Tracking (DST) part keeps track of the user input and the current dialogue state.
Based on the state, the Policy Learning (PL) part predicts the system’s next action. Finally, the
Natural Language Understanding (NLG) maps the action to natural language and sends it to the
Text-to-Speech (TTS) part that produces the audio. [2]

Natural Language Understanding (NLU)

NLU consists of two sub-tasks: intent classification and entity recognition. Systems that
model these two sub-tasks together in a single multi-task architecture are more effective
and less error prone than systems that model them separately [5].

Large pre-trained language models have a very good performance in NLU. However, there
is a high computational cost both in pre-training and fine-tuning them. Since dialogue sys-
tems are not only developed by scientists but also by developers, there is the need for
models that can be easily adjusted to a typical software development workflow. Addition-
ally, these large pre-trained models need a considerable amount of available data which
poses a problem for low resource languages [5].

Dialogue State Tracking (DST)

This is the first module of the Dialogue Manager and it is responsible for keeping track
and updating the dialogue states based on the current user input and the dialogue history.
Early dialogue systems used rule-based or statistical methods in DST tasks. However,
rule-based methods have a limited generalization capability, increased error rate and low
domain adaptability. As for statistical methods, these are also influenced by possible noise
in data and ambiguity [2]. More recent works utilize neural trackers which are categorized
in two streams: neural trackers with predefined slot names and values and neural trackers
with unfixed slot names and values. The former aims to find the most appropriate slot-
value pair at each dialogue turn based on the dialogue history. The latter tries to use
the dialogue context in order to find or generate the values, since it does not have any
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predefined slot value list. This approach has proven to be the most flexible of the two.

Dialogue Policy

This is the second module of the Dialogue Manager. It uses the output states from the
DST module in order to decide which should be the next action of the dialogue system
[8]. More specifically, based on the dialogue state S, of the current turn and the action set
A ={a,...,a,}, the Policy needs to learn a mapping function f : S; — a; € A.

The most common methods used for training the Policy module are supervised and rein-
forcement learning. Supervised learning is proven to have a good decision-making ability,
although it is significantly prone to the quality of the training data. Furthermore, it requires
annotated datasets and it is not easily transferable across different domains, as the de-
cision ability of the Policy is subject to each specific task. This is why the most recent
dialogue systems rely on reinforcement learning methods [2].

Natural language generation (NLG)

This module is responsible for converting the system action, which has been selected
by the Dialogue Manager into an appropriate response in natural language. Conventional
NLG systems consist of a pipeline with different components. First the semantic represen-
tation of the selected action is mapped into an intermediate representation of the utterance
as a tree-like or template structure. Later on, this structure is converted to a response in
natural language.[18] However, more advanced systems take advantage of deep learning
methods and integrate all previously separated NLG modules in an end-to-end system.
Theses have accomplished improved performance in the NLG task [2].

2.41 End-to-end architecture

Although modular systems can achieve good performance, there are some drawbacks
related to this type of architecture. First, since these are pipeline systems they are usu-
ally not differentiable, meaning that back propagation cannot be performed in the whole
system but only in each separate module. Furthermore, the improvement of one module
does not always help in the improvement of the whole system, creating the need for multi-
ple trainings. Finally, since in modular systems there are some handcrafted rules that are
subject to a specific domain, these are not easily transferable to other domains without
the necessary alterations. For this purpose end-to-end systems have been proposed.

There are two main types of end-to-end training. The first is to make each module differ-
entiable, in order to be able to perform back-propagation to optimize the parameters in an
end-to-end manner. The second, and more recent, is to train only one end-to-end module
in the form of a multi-task learning neural model [2].
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Figure 2.3: An example of a Fusion network which consists of the neural architectures for each
of the tree main components of dialog systems, namely Natural Language Understanding (NLU),
Dialogue Management (DM) and Natural Language Generation (NLG). The individual neural modules
are learned simultaneously with the end-to-end task of dialog generation.[3]

Although end-to-end systems have shown strong performance and achieve high quality
answers, they also have a number of drawbacks, including the need for large amounts of
annotated data, an inability to generalize, and a lack of controllability. These issues derive
from the fact that end-to-end architectures lack the explicit structure of a dialogue. In order
to tackle these problems, Fusion Networks have been proposed which try to incorporate
structure into neural models. First they learn several neural models that correspond to the
different components of a dialogue which are then incorporated in a higher-level generative
model [3]. Figure 2.4provides an example of such an architecture.

2.4.2 \Voice-enabling components
2.4.21 Automatic Speech Recognition (ASR)

Automatic Speech Recognition is responsible for converting the spoken user input into
text. In typical ASR systems, the audio signal is first processed by an acoustic front-end
in order to generate the relevant feature vector. Next, a decoder tries to match the input
sound signal to the most appropriate sequences of words, utilizing a lexicon, a language
model and an acoustic model. The lexicon consists of terms related to the current ap-
plication. The language model is a probabilistic model that generates the most probable
sequence of words for the selected language. The acoustic model has learned statistical
representations of the sounds that constitute a word and is responsible for predicting the
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most appropriate representation for the feature vector [19].

In traditional spoken dialogue systems, the output text from the ASR is fed to the NLU
module. However, there are more modern approaches that directly pass the audio signal
as input to the NLU [20].

24.2.2 Text-to-Speech (TTS)

Text-to-speech is a process that models natural language and is responsible for converting
text into the corresponding oral representation. In typical TTS systems, the first step is the
pre-processing of the input text in order to convert it to the linguistic features of the target
language. The next step is to feed the feature vector into an acoustic model which will
predict the most appropriate sequence of waveform blocks that will be the output audio
[21]. In voice assistants, the output text from the NLG module serves as input to the TTS.

2.5 Dialogue systems amd Ontologies

The need for organizing language in a more meaningful way, by effectively modelling its
complexity and connections between concepts, led to the shift from traditional databases
that simply store information, to more complex semantically linked knowledge bases.
These are repositories of information that also include semantic relationships between
concepts. An extension of knowledge bases are ontologies, which are formal represen-
tations of a domain-specific knowledge. Ontologies organize knowledge in such a way
as to include concepts, entities and the relationships between them [22]. These can be
really useful for knowledge base applications, as they model complex domain-specific in-
formation in a way that can be understood and processed by a system [23]. However,
after modelling the concepts, there is also the need for a formal querying language that
can query the ontology and get relevant domain-specific answers. SPARQL, is a case of
such a formal language that is designed to query and manipulate an ontology where data
is organized in RDF (Resource Description Framework) format [24]. RDF is a directed
graph which comprises triple statements in the form of subject-relationship-object. Each
part of the statement can be identified by a Uniform Resource Identifier (URI). These graph
statements are represented by a node for the subject, an edge for the relationship, and a
node for the object.

Conversational systems leverage these types of knowledge representations in order to
answer domain-specific queries by introducing ontologies as a component in their pipeline
[25]. After the NLU part of the system identifies the user intent, a query can be formulated
in order to be performed on the domain-specific ontology, based on the extracted intent
and entity. The connection of those ontologies to conversational interfaces makes the
domain-specific knowledge and its relations available to any user. This can be especially
useful for domains that contain a large number of concepts and relations, i.e. a medical
ontology, to be accessible to non-technical professionals that can pose questions in natural
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language and the respective answers.

2.6 Evaluation of task-oriented dialogue systems

There are various evaluation methods for task-oriented dialogue systems [2]. Since these
systems aim at the execution of a specific task, there are some direct evaluation meth-
ods, such as Task Completion Rate and Task Completion Cost. Task Completion Rate is
computed as the rate of successful events in all task completion attempts and it is a mea-
sure of the system’s ability to perform a task. The Task Completion Cost is a measure of
the required resources when completing a task. An important metric that belongs to Task
Completion Cost is time efficiency computed as the number of conversation turns until
the completion of the required task. The fewer the turns the more efficient the dialogue is
considered.

Additionally, human-based evaluation provides user dialogues and user satisfaction scores
for system evaluation. One way to perform this type of evaluation is to test a dialogue
system through crowd-sourcing. After users converse with the system, task Completion
Rate and Task Completion Cost are calculated. Another way to perform human-based
evaluation is to use these metrics in real user conversations with the system after it has
been deployed. User simulators can also manage to simulate user dialogues based on
pre-defined rules or models. This is a more cost-effective alternative than real-user eval-
uation as it does not include recruiting human labor.

Metrics like BLEU have also been proposed for the evaluation of dialogue systems which
compare the system responses with actual human responses [26].

To evaluate the performance of classification tasks like intent and entity recognition tradi-
tional evaluation metrics can be used, i.e., accuracy, precision, recall and F-score.

2.7 RASA framework

Rasa Open Source is an open source machine learning-based framework for building
chat and voice-based Al assistants. Rasa framework offers the possibility to create and
customize pipelines for intent and entity recognition with high accuracy and while handling
context very efficiently. It makes it easy to incorporate and use a vast variety of machine
learning libraries. Another advantage of Rasa framework is that conversations with the
system can be recorded and reviewed in order to annotate mistakes correcily.

Rasa Stack consists of Rasa NLU (Interpreter) and Rasa Core (Tracker). Rasa Core
handles the conversation flow, the bot’s responses and the session management. More
precisely, Rasa Core keeps track of the current state of the conversation. After the user
gives an input sentence, this passes through Rasa NLU in order to extract the respective
intent and entities. Based on the user input, the extracted entities and intents and the cur-
rent state of the dialogue, the Policy decides which action is to be executed next. Rasa
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Figure 2.4: Rasa architecture flowchart. The user message first passes through the Rasa NLU (In-
terpreter) that extracts the intent and entities, if any. The Tracker contains the conversation state,
based on which the Policy predicts the next system action which returns an answer to the user. The
Tracker maintains the logs of the executed actions. [4]

provides both rule-based and machine-learning based policies that can also be used col-
laboratively. All policies make a prediction and the one with the highest score is selected.
An overview of Rasa’s workflow can be seen in Figure 2.4.

What makes Rasa a valuable tool is that it offers the option to use various configurations
for the training of both the Rasa NLU and Rasa Core component. One of the main com-
ponents that Rasa provides is the Dual Intent and Entity Transformer (DIET) that can be
used in the NLU part and perform entity recognition and intent extraction. An detailed
description of DIET architecture can be found in the following subsection.

2.7.1 Dual Intent and Entity Transformer

Dual Intent and Entity Transformer (DIET) [5] is a multi-task architecture that performs
both intent classification and entity recognition by combining pre-trained word and sen-
tence embeddings with sparse features, such as word level n-grams and character level
n-grams. Both components can be used in a plug-and-play manner. After the featuriza-
tion, DIET proceeds with feed-forward layers, a two layer transformer and a Conditional
Random Field layer. It also introduces masking, a regularization technique that masks
some token in the input sentence that the model has to predict. The following subsections
discuss the DIET architecture in more detail. An overview of the DIET architecture can be
found in Figure 2.5
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Figure 2.5: The Dual Intent and Entity Transformer (DIET) architecture that is at the core of Rasa and
utilized in the implementation of SousChef. [5]

2.7.1.1 Main components

Featurization

Each input sentence is separated in tokens which can be either words or sub-words. A
special specification token __ C'LS___is also added at the end of each sentence. Sparse
and/or dense features are generated for each input token. Sparse features include token-
level one-hot encodings and multi-hot encodings of character n-grams (n<5) which can
contain a lot of unnecessary information. For this reason, dropout is applied by randomly
setting a portion of the elements to zero in order to avoid overfitting to noisy data and
improve the model’s ability for generalization. Dense features include pre-trained word
embeddings. ConveRT [27], BERT [28] and GloVe [29] embeddings are supported. In the
case of ConveRT embeddings, the initial embedding of the __ C'LS__ token is set as the
sentence encoding of the input sentence obtained from ConveRT, so as to add contextual
information for the whole sentence. In the case of BERT, it is set to the respective output
embedding of the BERT [C'LS] token. Finally in the case of GloVe, it is set to the mean of
the embeddings of all the tokens contained in the input sentence.

All sparse features pass through a feed-forward layer. All sequence steps have shared
weights in order to match the dimension of the dense features.
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Transformer layer

The output of the previous step is concatenated with the dense features and it is inserted
into another feed-forward layer. All sequence steps have shared weights in order to match
the dimension of the transformer layer that follows. Later on, it is passed through a two-
layer transformer with relative position attention.

Named entity recognition

A Conditional Random Field (CRF) tagging layer is responsible for classifying which to-
kens belong to certain entities. The transformer output sequence a passes as an input
sequence of tokens through the CRF layer which predicts a sequence of entity labels

Yentity-

LE = LCRF(av yentity>7 (21)

where Logr(.) denotes negative log-likelihood for a CRF.

Intent classification

The _CLS__ token after passing through the transformer layers as well as the intent
labels y;..,: are embedded into a single semantic vector space hors = E(acrs), hintent =
E(Yintent), Where b € R* . The dot-product loss is used to minimize the similarity S, =
hE sht . With the target label v, . and minimize similarities S; = k%, sh;,,.., With neg-
ative samples v;,.,....

Ly = —<S,+ —log [ e+ e > (2.2)
—

where the sum is taken over the set of negative samples 2; and the average (.) is taken
over all examples.

The dot product similarity is used as a ranker when trying to infer the correct intent label.

Masking

Apart from predicting the intent and entities of the input sentence, another training objec-
tive of the model is to predict randomly selected masked input tokens. 15% of the input
tokens of the sentence are randomly masked. In 70% of the cases the masked token is
substituted with the vector which corresponds to the mask token _ M ASK__, in 10% of
the cases it is substituted with the vector corresponding to a random token and for the
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remaining cases the original input is maintained. This passes through the transformer
layers and the output a-mask for each selected token ;... is fed through a dot-product
loss.

Ly = —<SA§ —log | e+ e > (2.3)

where S, = hi; skl en is the similarity with the target label vt and Sy, = 1%, 4 cihioren
are the similarities with negative samples y,_, ... harask = E(aarask) @and hioken = E(Yioken)
are the corresponding vectors h ¢ R?°. The sum is computed over the set of negative

samples 2, and the average (.) is taken over all examples.

Masking is used as a regularization technique as well as in order to train a model that
learns a better language representation of the custom domain.

Total loss

The total loss is computed as follows:

Liotar = L1 + Lg + Ly (2.4)

The model is trained in a multi-task manner trying to minimize the total loss L;.. The
architecture is configurable according to the desired task and the user can turn off any of
the above losses that contribute to the sum.

Batching

In order to tackle any potential class imbalance, a balance batching strategy is used.
Another regularization technique utilized is increasing batch size throughout training.

2.7.2 DIET performance

DIET manages to achieve robust results both for intent classification and entity recogni-
tion. It manages to outperform other state-of-the-art systems, such as Joint BERT [30],
a joint intent classification and slot filling model that utilizes Bidirectional Encoder Repre-
sentations from Transformers (BERT), and HERMIT architecture [31], a hierarchy of self-
attention mechanisms and Bidirectional Long Short-Term Memory (BiLSTM) encoders fol-
lowed by CRF tagging layers. DIET achieves competitive scores even when trained only
on sparse features, without pre-trained embeddings, which require significantly less train-
ing time [5].
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2.8 Background Summary

So far we have presented the background relevant to our work, by examining the archi-
tectures proposed for dialogue systems, as well as their main components. We have also
introduced Rasa, the framework utilized for building the SousChef assistant. Finally, we
have discussed in detail the DIET architecture that lies at the core our system’s imple-
mentation. In the following chapter, we thoroughly discuss the methodology followed for
building our assistant and present the key components of its architecture.
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3. SOUS CHEF DIALOGUE SYSTEM

In this chapter, we mainly aim to describe the methodology followed to build the SousChef
dialogue system. We try to provide a clear overview of the system architecture as well as
a comprehensive understanding of some key architectural decisions.

3.1 Methodology

As briefly discussed in Chapter 1, the main goal of our master thesis is the development
of a voice assistant that can handle procedural text and answer user questions based on
it. Procedural text typically contains a set of instructions and steps needed to be followed
in order to achieve an ultimate goal. Some examples of procedural text include recipes,
science experiments and manuals. In our case, SousChef is a dialogue system that can
parse cooking recipes and answer relevant user questions. The assistant can be used
through a web application, where the user can provide the URL of the recipe they want to
execute. After the recipe is parsed, the user can ask recipe-related questions using voice
and get the relevant answers from the system in the same way.

For the implementation of the dialogue system we utilize Rasa framework and the majority
of supporting scripts are written in Python '. For converting our dialogue system to a voice
assistant, we have connected it to a set of microservices, implemented by Athena RC,
which contain the ASR and TTS components. The whole pipeline of services, containing
our system, runs in a Docker container.

As seen in Figure 3.1., at the beginning of the conversation the user is asked to provide
a URL with their preferred recipe. After the recipe is provided the text that contains the
recipe is extracted from the HTML code and some basic pre-processing is performed. The
cleaned text is used as input to the model that has been trained for entity recognition for
the custom recipe-related entities. When the entities have been extracted, an ontology is
filled with the instances of the selected recipe. Each time the user asks a question, the
natural language question is converted to a SPARQL query with the help of Rasa’s actions
and slots. After the ontology is queried, the answer is converted to natural language with
the help of Rasa’s actions and returned back to the user.

3.1.1 Recipe Ontology

Since linked data became an integral part of modern computer applications, the use of
ontologies has become extensive. An ontology is a data model that is able to formally
represent a domain by specifying a set of concepts and the relationships between them
[32]. However, the need for formal languages responsible for querying these knowledge

'The relevant scripts can be found at GitHub at the following link: https://github.com/Eleni-Ts/rasa_
project
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Figure 3.1: End-to-end pipeline of SousChef assistant. After the user provides a recipe URL, useful
text is extracted from the HTML code and fed to the NER model. The extracted entities fill the recipe
ontology, which is now ready to be queried. Each time the user makes a query, this is converted
to SPARQL and is made on the ontology. The query answer is formatted in natural language and
returned to the user.

bases emerged as well. SPARQL is such a popular formal query language that is used
to query data stored in Resource Description Framework (RDF) format. An example of a
SPARQL query can be seen in Figure 3.2

In our implementation, data are organized in RDF triples in order to build the recipe on-
tology. Triples are in the form of subject-relationship-object where subject and object
represent ontology concepts. Protégé, an open-source ontology editor tool, was used in
order to build the ontology.

The proposed ontology has been designed based on the common structure of online cook-
ing recipes and in view of the type of expected questions to the assistant. A visualization
of the recipe ontology is shown in Figure 3.3 .

The recipe ontology consists of the following Classes:
* Recipe: Class Recipe has properties related to the recipe’s execution time (has ExecutionTime),

the recipe’s preparation time (hasPreparationTime), the recipe’s portions (hasPortions),
the steps which the recipe consists of (hasStep) and the recipe instructions (hasInstruction).

* Instruction: Class Instruction has properties corresponding to the order of the in-
struction in the recipe (hasOrder), the utensils needed for the instruction (hasUtensil)
and the units found in the instruction (hasUnit).

+ Step: Class Step corresponds to the steps in which the recipe is divided and has a
property related to the ingredients needed for a recipe step (hasIngredient).
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PREFIX recipe: <http:/

SELECT ?mode text

Figure 3.2: Example of a SPARQL query that tries to find the mode of an ingredient from the informa-
tion in the ontology. There are two main parts in the query: 1. the SELECT clause which identifies
the variables to appear in the query results and 2. the WHERE clause which has the triple patterns.

» Ingredient: Class Ingredient has properties related to the quantity of the ingredient
needed (hasQuantity) and the details related to an ingredient (hasM ode).

» Utensil: Class Utensil corresponds to the utensils needed for the recipe.

* Unit: Class Unit corresponds to the units of measure usually found in the ingredi-
ents list of a recipe.

* Mode: Class Mode corresponds to the types of entities that provide details usually
about the form of an ingredient.

Since users formulate questions in natural language, there is the need for converting nat-
ural language queries to SPARQL queries. To this end, when a user provides a recipe to
the system, the ontology is filled with relevant instances extracted from it. Therefore, each
time there is a recipe-related question, the ontology should be queried and the appropriate
answer should be returned to the user. OWIiread2 library is used for loading and manipu-
lating the ontology. The detailed pipeline for SPARQL query formulation is discussed later
in Section 3.2.

3.1.2 Named Entity Recognition model

After building the recipe ontology, a Named Entity Recognition (NER) model was trained to
recognize the custom entities that could parse a recipe and fill the recipe ontology based
on it. For this purpose, Rasa’s NLU pipeline was utilized, the most important component
of which is DIET classifier, presented in detail in Chapter 2.5.1. The training set for the
NER model consisted of recipes retrieved from the internet and the model was trained on
a number of custom entities that can be seen in Figure 3.4. Later on, the NER model was
fine-tuned on additional dialogue-related training examples in order to form the basis of
the system’s NLU, by leveraging Rasa’s incremental training. This process is described
in section 3.2.
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Figure 3.3: The recipe ontology. On the left side, there are the ontology classes (nodes) and how they
are interconnected and on the right side there are the properties (edges) that connect the classes.
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Figure 3.4: The entities the NER model was trained on.
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Configuration Sparse features | Dense features | Masking
Config_1 yes yes (SpaCy) -
Config_1_mask | yes yes (SpaCy) yes
Config_2 - yes (Greek Bert) | -
Config_2 mask | - yes (Greek Bert) | yes
Config_3 yes - -
Config_3 mask | yes - yes

Table 3.1: The different configurations the DIET classifier was trained on, for the task of entity recog-

Dataset

For the creation of the dataset, a set of 30 recipes in Greek was retrieved from https:
/lwww.giorgostsoulis.com/. The recipe-related text was extracted from the HTML code
and some pre-processing was performed, including tokenization at sentence level, ex-
pansion of unit abbreviations (e.g., gr expands to ypauuapio | ypoauuapia) and removal
of duplicate training instances. The resulting dataset consists of 450 sentences and was
manually annotated with the custom entities. Finally, the dataset was split into a training
set consisting of 360 sentences and a test set consisting of 90 sentences, with an 80:20
ratio.

Configuration

For the entity recognition task, we decided to utilize Rasa’s NLU pipeline as it is highly
flexible and customizable. It consists of various components for pre-processing, intent
classification, entity extraction and response selection which can be used in a plug-and-
play manner depending on the preferred task. One of the most important components
that Rasa has to offer is DIET classifier (Dual Intent and Entity Transformer) as it is a
multi-task architecture that can perform both intent recognition and entity classification, it
offers a modularized architecture by combining various dense and sparse features, and
it is easily configurable from a single .yml file. The architecture’s adaptability makes it
a suitable candidate for various applications, as in our case to train a NER model for the
recipe-related entities of our ontology. At this stage of the system’s development, we focus
on the entity recognition part of DIET classifier. The intent classification part was utilized
later on when fine-tuning the initial model on the whole dialogue-related dataset for the
NLU part of the dialogue system.

For the entity recognition model, various configurations for the Rasa NLU pipeline, both
lighter and more complex ones, were used and evaluated in order to conclude to which is
the one that best suits our case. Streamlit was used in order to easily compare each con-
figuration results on the test set, based on F1-score, precision and recall. We have tried
various configurations in the featurization step, by using both sparse and dense features
as input to the DIET classifier.
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Figure 3.5: Results from the various configurations the NER model was trained on, in terms of F1-
score, precision and recall. The best performing model is the one trained only on sparse features
with masking activated.

In Config_1 we have selected to use sparse features together with SpaCy’s pretrained
embeddings for Greek as input to DIET, by utilizing SpaCy’s medium model whose size
is 40MB and it has been trained on news/media texts. For Config 2 DIET’s input we
utilized embeddings from Greek Bert, an edition of Google’s BERT pre-trained language
model for Greek. Finally, in Config_3 only sparse features, making it the lightest model
to train. Additionally, the above models were tested with masking activated during DIET’s
training. All models were trained for 50 epochs. A diagrammatic representation of the
aforementioned configurations can be seen in Table 3.1.

Results and Discussion

For the evaluation of the model we measure precision, recall and F1-score for each NER
model. As seen in Figure 3.5, the DIET model trained only on sparse features with mask-
ing activated is the best performing model in terms of F1-score and recall, while the model
trained on Greek Bert pre-trained embeddings with masking activated was the one that
outperformed the rest in terms of precision. Since F1-score, is the weighted average of
precision and recall, Config_3_mask was selected as the best performing model. We also
favor F1-score over accuracy as it is a more suitable metric in cases where there is an
imbalance in the distribution of classes, as in our case.

It is worth mentioning that the model that outperformed them all, was the one entailing the
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least degree of complexity as it was trained only on sparse features. The rest of the mod-
els were trained on pre-trained embeddings and thus required larger computational power
to train as well as slower inference time, showcasing that DIET is indeed a suitable archi-
tecture for our application. Another important aspect to focus on, is that Config_3 mask
outperformed the respective model that did not use the masking technique. That was
indeed expected as masking is utilized mainly in order for the model to learn a better rep-
resentation of the custom domain. A more in-depth analysis of the features used in the
best-performing configuration is provided in Section 3.2.1.

3.2 System architecture

At the basis of our system’s architecture lies the conversion of natural language to SPARQL
in order to query the recipe ontology, with the help of Rasa Stack. The following subsec-
tions discuss the Rasa configurations utilized both for Rasa NLU and Rasa Core, as well
as the pipeline for converting a user question to SPARQL.

3.2.1 Rasa NLU

The NLU part of our system is responsible for processing the user input in order to extract
the intent of the user utterance, as well as to identify any entities included in it. Since
we have already trained a model based on Rasa’s NLU pipeline, that can pick up recipe-
related entities, we decided to take advantage of Rasa’s incremental training, which offers
the option to fine-tune an existing model. The already trained DIET classifier was fine-
tuned on some additional data related to the dialogue itself, this time by focusing both on
intent recognition and entity extraction.

Dataset

The dataset for the NLU part consists of example user utterances which are categorized
by intent and are stored in nlu.yml file. Apart from the intents that are used when the
conversation starts or ends, the rest of the intents have been manually generated based
on what is expected from such an assistant to provide help with during the execution
of a recipe. Each intent is assigned with multiple sentences that can vary in structure
but all serve the same purpose. For instance, the intent ask_first_instruction includes

sentences like: "Ti Aéel va kavw TpwTa;”, "Twg ¢ekivw TN ouvtayn;” and “Teg pou Tnv
TpwTn odnyia”. A list of the intents our model was trained on can be found in Figure 3.6.

Apart from the intent categorization of user utterances, we also had to manually annotate
any entities found in these utterances, as the DIET classifier would also be trained on entity
extraction. This will play a significant role in the query formulation as it will be discussed
in the following section.
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Figure 3.6: The intents the Rasa NLU was trained on.

Configuration

Since we fine-tuned the already trained classifier, we have used the configuration se-
lected for the NER model. In our NLU pipeline, the user utterances first pass through the
WhiteSpaceTokenizer, which as the name suggests, uses white space as the tokenization
separator. Next is the featurization step where as described in the previous section we
have chosen to include only sparse features. The featurizers selected for this step are the
LexicalSyntacticFeaturizer and CountVectorsFeaturizer. The former moves with a sliding
window over the tokens of a user utterance and extracts features for the previous, current,
and next token. These include information about if the tokens are lower or upper case,
if they start with an uppercase character, if they are at the beginning or end of the sen-
tence, and if they contain just digits. The latter creates bag-of-words representations of
user utterances by utilizing Sklearn’s CountVectorizer and depending on the configuration
it can extract word or character n-grams. In our case, we have selected to extract both as
features. Finally, all extracted features are fed to the DIET classifier in order to fine-tune
the model on the new instances.

3.2.2 Rasa Core

Rasa Core is mainly responsible for the conversation flow, the complete session manage-
ment and the system’s responses. The main components of Rasa Core are policies, which
manage the selection of the next action to be executed, and stories, that serve as training
data for the dialogue management part. Stories are representations of possible conver-
sations between the user and the assistant, stored in stories.yml file. User responses are
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declared as intents and bot responses as actions. Stories are designed to train a model
that can also handle unseen conversation paths.

We have selected to use the default configuration for Rasa Core which consists of four
different policies, both rule-based and machine-learning based. These are used in com-
bination and the policy that makes the prediction with the highest score is selected. First,
our configuration consists of MemoizationPolicy, which utilizes the stories provided dur-
ing training in order to find one that matches the current conversation. If it manages to
find a match, it predicts the next action, otherwise it returns None. The next policy in our
configuration is RulePolicy, which predicts the next action based on rules, a type of train-
ing data that provide fixed conversation paths. Another configured policy is TEDPolicy,
a multi-task architecture responsible both for predicting the next action and performing
entity recognition, by taking into consideration any preceding context. Finally, our con-
figuration includes UnexpecTEDIntentPolicy, an auxiliary policy which shares the same
model architecture as TEDPolicy, and is responsible for handling unlikely user input.

3.2.3 Natural language to SPARQL conversion pipeline

This section includes a description of the main components of the pipeline that converts
a user question to a SPARQL query. An example of such a transformation can be viewed
in Figure 3.7.

Text extraction and pre-processing

At the beginning of the conversation flow, the bot asks the user to provide the URL of the
recipe they want to execute. The website supported is https://www.giorgostsoulis.com/.
After the user provides the recipe link, Rasa triggers an action that retrieves the recipe-
related text from the HTML code and performs some basic pre-processing before this is
inserted in the entity recognition model for annotation. Text cleaning includes sentence
level tokenization, expansion of units, removal of some extra punctuation and removal of
extra white space and tab characters. The name of the recipe is also stored. Finally, the
part of the text that contains the list of ingredients is separated from the part that contains
the instructions.

Entity recognition and Ontology filling

Following the recipe pre-processing, the NER model that has been trained for the custom
recipe-related entities is imported. The recipe text, both the ingredients’ and the instruc-
tions’ part, is used as input to the model. After the model annotates the text with the
respective entities, the output is exported to a .json file. Finally, the tagged entities are
used to fill the recipe ontology with the respective instances. The ontology is now complete
and ready to be queried.
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Figure 3.7: Example of the transformation of a natural language query to a SPARQL query, by utilizing
intents and entities extracted by the DIET classifier in order to trigger a SPARQL query with the
relevant parameters. This pipeline is described in detail in Section 3.2.
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Slots

Rasa framework offers the possibility to store information in slots, which are key-value
stores of information that either the user provides or that is retrieved from external source
(e.g., the result of a database query). They can be viewed as the system’s long memory in
the conversation. Slots in our case are very useful as they can store entities picked up by
the DIET model from user questions and store them for later use in the query formulation.
For example, the slot ingredient stores the respective entity when this is found in a user
utterance. However, slots can also store any other type of information the system will
need later during the conversation. For instance, the slot current_instruction serves as
a tracker of the current step as it stores the index of the instruction the user is at.

Actions

Each time the user utters a message, Rasa Core decides what the next system action
should be. In their simplest form, actions are pre-defined responses that will be sent back
to the user depending on the input. However, Rasa offers the opportunity to create custom
actions, which are functions that can contain any code the developer needs, such as to
make API calls or to query a database. In our approach, we use both types of actions.
Simple response actions contain those that are used to greet the user at the beginning
and end of the conversation, such as utter_greeting, or to ask what the user would like to
cook. Some examples of more complex custom actions are those that query the recipe
ontology, such as action_utter_ingredients or action_utter_time_of_recipe, which query
the recipe ontology according the user’s question and return an answer. Another complex
custom action is action_prepare_recipe, which dynamically parses the the HTML code of
the recipe the user provides a link for, extracts the useful text and loads it to the NLU
model for entity prediction. Finally, based on the results it fills the recipe ontology with the
extracted instances.

SPARQL query conversion

Each time the user asks a question, the DIET classifier that has been fine-tuned to perform
both entity recognition and intent classification, annotates the question with an intent as
well as it annotates any entities found in this intent, in order to fill the respective Rasa slots.
Based on the recognized intent, the respective Rasa action is triggered which in turn corre-
sponds to a SPARQL query. The query parameters are retrieved from the slots filled. For
example, as seen in Figure 3.7 , the user question "T16on {axapn Ba xpelaoTw;” is anno-
tated by DIET classifier with the intent ask_ingredient_amount and the entity ingredient.
The aforementioned intent triggers the action utter_ingredient_amount which is respon-
sible for executing a query that looks for the amount of a specific ingredient in the recipe
ontology. The parameter of the respective query is retrieved from the slot ingredient which
has been filled with the extracted entity. Before the query is executed the string of the ex-
tracted entity is compared with all the ingredients found in the filled recipe ontology, using
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Figure 3.8: The web application through which users can interact with the SousChef assistant.

FuzzyWuzzy library? that utilizes Levenshtein distance to find the closest match. If a match
is indeed found, the SPARQL query is executed. After we retrieve its result, a response is
formatted and returned to the user in natural language once again with the help of Rasa
actions.

3.3 Speech Recognition and Speech Synthesis

After the dialogue system was trained, it was integrated to a pipeline of Docker-based
microservices that were able to convert it to a voice assistant and connected to a web client
that can be seen in Figure. The aforementioned framework made it possible for users to
use the assistant through an easy-to-use web application. The Ul of the application can
be seen in Figure 3.8. For the Speech Recognition and Speech Synthesis part, Google’s
Speech-to-Text and Text-to-Speech APIs were utilized accordingly. Both of these services
are supplied by Google Cloud and make use of robust neural network models that have
been trained on large amounts of data.

Each time the user utters a phrase, this is recorded and sent from the client to the Speech-
to-Text API that converts it to a text transcription. The transcription of the user input is
then forwarded to Rasa which is responsible for returning the appropriate answer as a
string. The selected answer is dispatched to the Text-to-Speech API which transforms it
to synthetic human speech and returns the answer to an MP3 file. Finally, the audio file is
sent back to the client and the user receives an answer in natural language.

3.4 Methodology Summary

In the above chapter, we discussed the methodology followed for the design and imple-
mentation of SousChef, a voice assistant for cooking. We presented the recipe ontology
that we have built and concepts that it covers. Later on, we provided a detailed description

2https://pypi.org/project/fuzzywuzzy/
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of the processed followed to train an NER model based on Rasa’s DIET classifier and how
we selected the most suitable configuration for our case. Furthermore, we extensively de-
scribed the architecture of our dialogue system, at the basis of which lies a pipeline that
converts natural language queries to SPARQL, and the components utilized to converted
it to a voice assistant. In the following chapter, we conduct a thorough evaluation of the
system and provide the results and relevant discussion
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4. EVALUATION OF THE DIALOGUE SYSTEM

In this chapter, we discuss the process we have followed in order to evaluate our dialogue
system by examining: a. the system’s ability to recognize intents and entities in user
utterances, b. its efficacy and efficiency and c. the quality of dialogue. We also present
the results of the evaluation in detail and try to analyze and discuss various points of
interest that arise from them.

Our system falls into the category of task-oriented dialogue systems, since its main goal is
to assist users in the execution of a task, namely to provide the necessary recipe-related
information that a user needs during cooking. The evaluation of such systems is an intri-
cate task that needs to take into consideration various aspects. The first issues we want
to explore throughout the evaluation process is the assistant’s performance on intent clas-
sification and entity recognition in user utterance, as well as how effective and efficient our
assistant is in the completion of tasks. Furthermore, we attempt to measure our system’s
dialogue quality. For this purpose, we have relied on two evaluation approaches, auto-
matic and human evaluation. During the first type of evaluation, we deploy various metrics
to test the system, since these can offer an objective assessment of our assistant. How-
ever, since this is designed to converse with humans, we consider automatic evaluation
alone insufficient to capture the more complex and refined elements of natural language
that only real users can offer insights on. Thus, we have also selected to have human
evaluators to provide feedback on the system.

4.1 Automatic evaluation

4.1.1 Intent classification and entity recognition

For the first part of the automatic evaluation, we focus on assessing the system’s ability
to correctly recognize intents and entities. We have already evaluated the NLU model
that was trained on a number of annotated recipes, however at this point we proceed with
the evaluation of the NLU model that was fine-tuned on the dialogue-related data. Since
we need to deal with a rather limited data size, we have decided to use a 5-fold cross-
validation approach to test our model, instead of using a single train-test split. Therefore,
our data is split in 5 groups, meaning that at each fold the model was trained on 4 of
them and tested on the remaining group. At each iteration, precision, recall and F1-score
are calculated. The average of those metrics are the final scores achieved by the model.
By using cross-validation we manage to conduct a fair and less biased evaluation of our
model, as it is tested on the whole available dataset, instead of a small, single test set.

As seen it can be seen in Table 4.1, the NLU model achieves very high scores in all
three metrics both in identifying intents and entities, so we can conclude that is has a
very satisfactory performance on unseen data. However, to have a more thorough un-
derstanding of how the model achieves on these tasks, we identified the most common
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Automatic evaluation
Metrics Scores
Intent precision 0.983
Intent recall 0.981
Phase 1 Intent F1-score 0.984
Entity precision 0.952
Entity recall 0.918
Entity F1-score 0.921
Phase 2 Task Completion Rate | 82.07%
Task Completion Cost 1.3
Edit distance 0.18

Table 4.1: Results from automatic evaluation. In phase 1, we tested the system’s performance on
intent recognition and entity extraction. In phase 2, we evaluated the system’s ability to complete
tasks (Task Completion Rate), the average dialogue turns it needs to complete them (Task Com-
pletion Cost) and we measured how similar system dialogues are to the respective ground truth
dialogues (Edit distance).

errors of the model from Rasa logs. In terms of intent recognition, we notice that the in-
tents that confuses the system the most are ask_first_instruction, repeat_instruction
and ask_ first_instruction, probably because they are similar in structure and content.
With regard to entity recognition, the most problematic case is that it misses to recognize
words that belong to entity ingredient and step.

41.2 Efficacy and efficiency

During the second phase of the automatic evaluation, we attempt to evaluate how well
and how quickly our assistant can complete a task. For this purpose, we use Task Com-
pletion Rate and Task Completion Cost metrics. The former measures the system’s ability
to perform a task and it is computed as the rate of successful events in all task comple-
tion attempts. The latter measures how efficiently the system performs by computing the
number of dialogue turns required until the completion of a task.

The end goal in our assistant’s case is for the user to have completed a recipe. However,
in a simulated evaluation setting, it is not easily measurable if the user has completed
the task or how quickly this was achieved. The turns of the dialogue are subject to how
each user chooses to use the system. For instance, a user might be familiar with a recipe
and ask only a few questions while another might ask many questions until its completion.
In order to have a clearer overview of our system’s performance we considered that a
dialogue can consist of many tasks, which include:

« providing the ingredients for the correct step, this can either be the whole recipe or
a specific step of the recipe

* providing the utensils needed for the recipe
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B: 15 Aetr1d yia Tnv TposToipacia kal 2 wpeg 30 AeTTTA yia TNV EKTEAECN.  Task 4: Failed
U: méoo okdpdo
B: Oa ypeiaoteic: 150 ml kovigk, Task 3: Successful (1 turn)

U: ka1 TTéan TroadTnTa KovIak BEAw

Figure 4.1: Part of a user dialogue (1). The dialogue flow is from bottom to top, as the user (U) asks
a question and the bot (B) provides the answer. This example is from the annotation process during
the automatic evaluation.

providing the quantity of an ingredient

providing the correct step of the recipe

providing the time needed for the recipe
+ providing the portions of the recipe

+ providing how a specific ingredient should be

The dialogues used for the calculation of the aforementioned metrics were retrieved by
our own interaction with the system, as well as from the interaction of other users. At each
dialogue, we tried to vary the questions both in terms of structure and intent, so that we
have a full overview of the assistant’s performance. We have collected a number of 30
dialogues and we have manually annotated the responses of the system as correct or not,
based on the recipe provided. The average number of tasks each dialogue contained is 9.
Some examples of annotated dialogues can be seen in Figures 4.1 and 4.2. The results
from the second phase of the automatic evaluation can be viewed in Table 4.1.

Task Completion Rate

We calculate Task Completion Rate as the ratio of completed tasks over the total number
of tasks. Our system achieves a score of 82.07% in the aforementioned metric, which
means that it executes the majority of tasks. An important observation we have made
during the annotation process was that the ASR part was accountable for many of the
failed tasks. The NLU part of the assistant managed to handle some mistaken outputs
of the ASR part and still returned the correct answer. However, there are a number of
cases where the ASR misinterpretations lead to task failure. Another common case of
task failure seems to be when a user asks for the utensils of the recipe, since there have
been observed a few cases were the system either returns only a part of recipe utensils
or returns false positives. This is probably due to the sparsity of training examples for this
entity that the NLU model was trained on.

57 E. Tsili



A Voice Assistant for cooking based on a natural language to SPARQL transformation pipeline using Rasa

B: ©a xpeiaoTeic: 300 ypauudpia viouaTivia KOULEVA OTN WD,
U: méoa vioparivia el va BaAw
B: TomroBerouue Eva tnyavi og puéTpia ewria. Mol {eoTabel gotdpouue Ta viopativia yia 4 - 5 AETTTA. LEXPI VA apXiTOoUV VA KADALEAWVOUV.  Task 3: Successful (1 turn)

Task 4: Successful (1 turn)

U: peté amo auto

Task 2:
Successful
U: Okay yia Tréipe oTnv TipwTn odnyia (1 turn)

B: Aev UTTdpxel OUVKEKDILEVN TIOOOTNT. Task 1: Successful (1 turn)

U: méoo prrahaduiko va Baiw

Figure 4.2: Part of a user dialogue (2). The dialogue flow is from bottom to top, as the user (U) asks
a question and the bot (B) provides the answer. This example is from the annotation process during
the automatic evaluation.

Task Completion Cost

We calculate Task Completion Cost as the average number of dialogue turns the system
needs until the completion of a task. Since the ideal case of a dialogue for our system
would be to provide an answer at a single turn, without repetition of questions from the
user, the ideal Task Completion Cost is considered 1. Our system managed to score 1.3
showing that it is very efficient. Of course, the results for Task Completion Cost should be
viewed in parallel to the results from Task Completion Rate, as the former was calculated
based only on successfully completed tasks.

Edit distance

Finally, we decided that it would also be useful to evaluate the dialogue as a whole in
order to check whether the system managed to successfully complete the end goal which
is the recipe execution. To this end, we asked from 5 users to interact with the system
until they reach the end of the recipe. We then represented each dialogue as sequence
based on the number of turns. For instance, the representation of a ground truth dialogue
with 4 turns would be < t¢t5t5t4 >. In cases where the system asks the user to repeat the
question or fails to execute a task, the turn is represented as x. Therefore, if a dialogue
contains a repetition it will be represented as < t;toxtsty, >. Each dialogue was then
compared to its ground truth dialogue, by calculating the edit distance according to the
following metric:

Error = (subsitutions + deletions + 0.4 x insertions) /ground_truth_turns) 4.1)

where substitutions are cases when the system fails to complete a task, deletions are the
cases where it does not return any answer and insertions are cases where it asks the user
to repeat. In order to favor cases where the system asks the user to repeat compared to
the other two cases, we multiply it by a correction factor 0.4.

The average error from the above calculation for all dialogues was 0.18, indicating that
the actual dialogue users had with the system was quite efficient as most of the dialogue
turns were successful.
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4.2 Human evaluation

During human-based evaluation we try to measure our assistant’s dialogue quality based
on scores provided by 10 human evaluators that interacted with the system. The questions
provided to the users try to evaluate the dialogue in terms of relevance, appropriateness,
informativeness and fluency.

Users were asked to interact with the assistant by using the web Ul" and subsequently
fill in a questionnaire with some questions about their experience. They were asked to
select a recipe of their choice from the supported website and they were advised to ask
questions until they complete the whole recipe, in an attempt to simulate real-world condi-
tions. Following their communication with the assistant, they completed the questionnaire
where they had to rate how relevant the assistant’s answers were to their questions, how
appropriate they find the system’s answers for this type of dialogue, if they have received
the expected answers from the system and to rate the level of naturalness of the dialogue.
The possible answers were the following: 'very’, ‘good enough’, ’a little’, 'not at all’.

4.3 Evaluation Insights and Discussion

The user evaluation provided a number of useful insights not only on the dialogue quality,
but also on the overall user experience. The appropriateness of the dialogue seemed to
be on quite satisfactory levels, as 6 users provided the highest score and the rest an-
swered that the answers were appropriate enough for this type of dialogue. In terms of
fluency, users seemed to have the most unanimous opinion, with 9 out of 10 stating that
the system’s answers sounded natural enough. The categories of relevance and infor-
mativeness seem to be the most debatable ones. However, for both categories 6 users
rated the questions they got from the system as 'good enough’, with regard to how rel-
evant to their question they were and to whether they got the expected information. For
both categories, three users provided the rating 'very’ and one user provided the rating 'a
little’. Overall, the above scores showcase that users were quite content with the quality
of dialogue they conducted with the assistant.

Furthermore, regarding the users’ overall interaction with the system we made several
useful observations. An initial observation was that some of the users seemed to have a
difficulty in using the interface provided and follow the steps on how to use the assistant.
Although they were provided with instructions beforehand, they were confused on how to
start the dialogue or when to provide the link. This led us to the conclusion that maybe the
steps of greeting the assistant and providing the link should be removed from the course of
the dialogue. An easier alternative for the user would be to provide the link when opening
the web application and then start asking questions at their own pace.

Another valuable insight was that sometimes users asked follow-up questions on one of
the already mentioned entities, but without stating the entity directly. This is the linguistic

'https://apps.ilsp.gr/basic-va/voice/

59 E. Tsili


https://apps.ilsp.gr/basic-va/voice/

A Voice Assistant for cooking based on a natural language to SPARQL transformation pipeline using Rasa

B: koppéva k&BeTa oe AeTITEC QETEC.
U: Mg eireg 611 TpéTTel va eival KOPPEVO TO KPEPUUBI
B: Agv kataAapa roio uhiké evvoeic. Mmmopeic va eTravadafeig;
U: MNug eitreg éTi péTel va gival KOPPEVO
B: ©@a ypeiaoTeic:1 KIAG KpeuUBIa KOMUEVT KABETO OE AETITEC (PETEC.
U: méoa kpeppudia va Baiw

Figure 4.3: Part of a user’s interaction with the assistant, where we notice that the assistant fails at
the execution of one of the tasks as the user doesn’t refer directly to a concept but uses anaphora.

phenomenon of anaphora, where a word or a phrase refers to a previously stated concept.
An example of such a case, can be seen in Figure 4.3 where a user, after receiving the
required amount of the ingredient 'onions’, wants to know how these should be cut, without
specifying the ingredient. The system was not able to correctly identify the intents of those
questions and was asking the user to repeat.

Other useful aspects of the user evaluation were to notice the different variations in terms
of structure and vocabulary that each human evaluator used in order to express the same
intent. The assistant managed to effectively handle the majority of those variations, al-
though it had difficulty understanding the most descriptive ones. Some of the questions
were also expressed as yes or no questions which the system could not support.

Overall, although evaluating dialogue systems’ performance is a complex task, we have
tried to perform a comprehensive evaluation of our assistant, by including both an auto-
matic and a human evaluation. Since our system could also be viewed as an information
retrieval system, BLEU score would be another valuable evaluation metric. However, this
would also require an additional annotation process in order to compare the human an-
swers to the assistant’ s. Furthermore, an in-field evaluation in order to test the systems
performance in the conditions it was designed to be used would provide valuable insights.
This is of course, very difficult to be achieved as it would require a full deployment of the
system and some necessary alterations so it could be used in such a noisy environment
as a kitchen. It would also be very difficult to recruit a number of users to participate in
such a time-consuming evaluation.
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5. CONCLUSIONS AND FUTURE WORK

Over the course of our master thesis, we managed to implement SousChef, an end-to-end
voice assistant that can help a user during cooking by answering recipe-related questions.
The main point of interest regarding the architecture of our system lies in the natural lan-
guage to SPARQL conversion pipeline that forms its basis. In order to support this query
conversion, we have designed a Recipe ontology and trained an NER model for custom
recipe-related entities on a dataset of Greek recipes, using Rasa’s NLU pipeline. Then,
we fine-tuned this initial model on dialogue-related data and with the help of Rasa Stack
we achieved to implement our assistant. In order, to support interactions through voice,
we connected the system to a set of microservices that use Google’s Speech-to-Text and
Text-to-Speech APls as well as a web client.

After SousChef was set up, we tried to conduct a comprehensive evaluation, both au-
tomatic and human-based. During the automatic evaluation we first tested the system’s
performance in intent recognition and entity extraction by calculating F1-score, precision
and recall. We also evaluated the assistant’s ability to perform an efficient and effective
dialogue, using Task Completion Rate and Task Completion Cost metrics, and we com-
pared user dialogues with ground truth dialogues using edit distance metric. Finally, we
conducted a human evaluation in order to assess the dialogue’s quality in terms of rele-
vance, appropriateness, informativeness and fluency. The results from the overall evalu-
ation showed that SousChef is capable of conducting effective and efficient dialogue while
also achieving satisfactory scores in dialogue quality.

As an initial step for future work, we consider useful to fine-tune the ASR model on task-
related speech in order to achieve better results in the speech recognition part, which
widely influences the rest of the dialogue system pipeline.

Another aspect for future development would be the extension of the ontology. It could
be expanded with more entities and more complex relations between entities. In this way,
the system would be able to support additional questions.

Finally, an alternative approach that we consider useful is to view the overall task as a
question-answering problem. In this case, a QA model could be fine-tuned on a number
of recipes. This would allow a wider variety of recipe-related questions, especially for the
instructions part. However, this would add a significant workload in terms of data gathering
as there is no available annotated dataset for Greek recipes.

61 E. Tsili






A Voice Assistant for cooking based on a natural language to SPARQL transformation pipeline using Rasa

ABBREVIATIONS - ACRONYMS

Al

AIML
API
ASR
BERT
BiLSTM
CRF
DIET
DST
HTML
NER
NLG
NLP
NLU
RDF
SPARQL
TTS
URI
URL

Artificial Intelligence

Atrtificial Intelligence Markup Language

API Application Programming Interface
Automatic Speech recognition

Bidirectional Encoder Representations from Transformers
Bidirectional Long Short-Term Memory
Conditional Random Field

Dual Intent and Entity Transformer

Dialogue State tracking

HyperText Markup Language

NER Named Entity Recognition

NLG Natural Language Generation

Natural Language Processing

Natural Language Understanding

Resource Description Framework

SPARQL Protocol and RDF Query Language
TTS Text-to-Speech

Uniform Resource Identifier

Uniform Resource Locator
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