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Abstract

Conversational AI is a computer program that allows us to communicate with computers
using natural language. The central component of conversational AI is the dialogue man-
ager, which we can imagine as its brain. Traditional approaches to conversational AI and
dialogue management relied primarily on a rule-based systems. The main advantage of
rule-based systems is their predictability and controllability. However, the limiting factor
of rule-based systems is the need for domain experts to design the rule-based system and
limited 
exibility to unexpected conversational situations.

Recent years brought signi�cant advancement in language models. Language models
approximate probabilities of a series of words based on training text corpora and can be
used to generate text. This ability allows us to utilize language models in conversational
AI. In conversational AI applications, we also call language models as neural response gen-
erators. The advantage of neural response generators is their ability to learn conversation
in a data-driven way, which leads to better 
exibility and generalization to unexpected
conversational situations. However, the limiting factor of neural response generators is
their unpredictability and uncontrollability.

This thesis aims to bridge the rule-based and language model-based approaches to
conversational AI. The main contribution of the thesis is Hybrid dialogue management.
Hybrid dialogue management combines rule-based systems’ controllability with the 
exi-
bility of neural response generators. The core principle of Hybrid dialogue management is
a Pragmatic level of control. The Pragmatic level of control enables us to control the re-
sponse properties of language models to follow dialogue scenarios speci�ed by a rule-based
system.

We propose the PraGPT language model capable of the Pragmatic level of control
intended for Hybrid dialogue management. Our aim was to propose an e�cient model in
the number of parameters with comparable quality on limited domains as recent state-of-
the-art language models. We evaluate the model in real world setting by unitizing mobile
application operated by conversational AI.

Moreover, we propose innovations for additional components of conversational AI nec-
essary for the practical application of Hybrid dialogue management. We propose a genera-
tive adversarial network for out-of-domain data generation. We propose a summarization
method based on Named entity density. We also introduce several approaches for topic
tracking and 
ow control dialogue management. Finally, to demonstrate that all intro-
duced innovations are interconnected, we present the architecture of a conversational AI
system that combines all the technologies we described.

The motivation to study the combination of rule-based systems with language models
arose thanks to the socialbot Alquist. Alquist is a �nalist of Amazon Alexa Prize Socialbot
Grand Challenges 1, 2 and 3 and winner of Grand Challenge 4. The fact that the Alquist
was deployed in real-world conditions and served a large number of users necessitated the
proposed solution to be not only academically progressive but practically applicable as
well.
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Abstrakt

Konverza�cn�� um�el�a inteligence je po�c��ta�cov�y program, kter�y umo�z�nuje komunikovat s
po�c��ta�ci pomoc�� p�rirozen�eho jazyka. �Ust�redn�� slo�zkou konverza�cn�� um�el�e inteligence je
dialogov�y mana�zer, kter�eho si m�u�zeme p�redstavit jako jej�� mozek. Tradi�cn�� p�r��stupy ke
konverza�cn�� um�el�e inteligenci a dialogov�emu managementu byly p�rev�a�zen�e zalo�zeny na
pravidlov�ych syst�emech. Hlavn�� v�yhodou pravidlov�ych syst�em�u je jejich p�redv��datelnost a
kontrolovatelnost. Jejich omezuj��c��m faktorem je nutn�a participace dom�enov�ych expert�u
na n�avrhu pravidel a omezen�a 
exibilita v�u�ci neo�cek�avan�ym konverza�cn��m situac��m.

V posledn��ch letech do�slo k v�yznamn�emu pokroku v oblasti jazykov�ych model�u.
Jazykov�e modely odhaduj�� pravd�epodobnosti sekvenc�� slov na z�aklad�e tr�eninkov�ych ko-
rpus�u a mohou b�yt pou�zity ke generov�an�� textu. Tato schopnost n�am umo�z�nuje vyu�z��vat
jazykov�e modely v konverza�cn�� um�el�e inteligenci. Jazykov�e modely se v aplikac��ch kon-
verza�cn�� um�el�e inteligence tak�e ozna�cuj�� jako neuronov�e gener�atory odpov�ed��. V�yhodou
neuronov�ych gener�ator�u odpov�ed�� je jejich schopnost u�cit se konverzovat na z�aklad�e
dat, d��ky �cemu�z vynikaj�� 
exibilitou a adaptac�� na neo�cek�avan�e situace v konverzaci.
Omezuj��c��m faktorem neuronov�ych gener�ator�u odpov�ed�� je v�sak jejich nep�redv��datelnost a
nekontrolovatelnost.

Tato pr�ace si klade za c��l propojit p�r��stupy konverza�cn�� um�el�e inteligence zalo�zen�e
na pravidlov�ych syst�emech a jazykov�ych modelech. Hlavn��m p�r��nosem pr�ace je Hy-
bridn�� dialogov�y management. Hybridn�� dialogov�y management kombinuje ovladatel-
nost pravidlov�ych syst�em�u s 
exibilitou neuronov�ych gener�ator�u odpov�ed��. Z�akladn��m
principem Hybridn��ho dialogov�eho managementu je Pragmatick�a �urove�n �r��zen��. Pragmat-
ick�a �urove�n �r��zen�� umo�z�nuje ur�covat vlastnosti odpov�ed�� generovan�ych jazykov�ym modelem
tak, aby zapadaly do sc�en�a�r�u dialog�u pravidlov�eho syst�emu.

V pr�aci navrhujeme jazykov�y model PraGPT schopn�y Pragmatick�e �urovn�e �r��zen��.
Model je navr�zen�y pro vyu�zit�� v Hybridn��m dialogov�em managementu. Na�s��m c��lem
bylo navrhnout efektivn�� model z pohledu po�ctu parametr�u se srovnatelnou kvalitou na
omezen�ych dom�en�ach jako maj�� nejlep�s�� jazykov�e modely. Model jsme vyhodnotili v
re�aln�em nasazen�� do mobiln�� aplikace zalo�zen�e na konverza�cn�� um�el�e inteligenci.

Nav��c navrhujeme inovace dal�s��ch sou�c�ast�� konverza�cn�� um�el�e inteligence, kter�e jsou
nezbytn�e pro praktick�e pou�zit�� Hybridn��ho dialogov�eho managementu. Navrhujeme gener-
ativn�� adverzari�aln�� s���t pro generov�an�� mimodom�enov�ych dat. Navrhujeme metodu suma-
rizace zalo�zenou na hustot�e entit. P�redstavujeme tak�e n�ekolik p�r��stup�u dialogov�eho man-
agementu pro sledov�an�� t�emat a �r��zen�� dialog�u. V z�av�eru p�redstavujeme architekturu
konverza�cn�� um�el�e inteligence, kter�a propojuje v�sechny v pr�aci popsan�e technologie s c��lem
uk�az�an�� jejich provazby.

Motivace k v�yzkumu metod propojuj��c�� pravidlov�e syst�emy s jazykov�ymi modely
vyvstala d��ky socialbotu Alquist. Alquist je �nalistou 1., 2. a 3. ro�cn��ku sout�e�ze Ama-
zon Alexa Prize Socialbot Grand Challenge a v��t�ezem 4. ro�cn��ku sout�e�ze. Skute�cnost,
�ze Alquist byl nasazen v re�aln�ych podm��nk�ach velk�emu po�ctu u�zivatel�u, vy�zadovala, aby
navr�zen�e �re�sen�� bylo nejen akademicky progresivn��, ale i prakticky pou�ziteln�e.
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Chapter 1

Introduction

This dissertation thesis aims to propose practical solutions to the problems of dialogue
management deployed to the real-world applications of conversational arti�cial intelligence.
In recent years, there has been a boom in chatbots, virtual assistants and voice-enabled
systems based on conversational AI. At the core of those systems is a dialogue manager.
Most practical applications of conversational AI relied at least partially on rule-based
dialogue management systems. While they provide nearly complete control over the 
ow
of conversation, they are costly to develop and are perceived by users as rigid and lacking
understanding.

This was the case until the rapid advances of language models based on the transformer
architecture of neural networks and derived generative pretrained transformers (GPT)
[Radford et al., 2018]. Those language models can conduct a conversation on a level
nearly indistinguishable from human communication. Their ability opened the possibility
to utilize language models as neural response generators in conversational AI. However,
using neural response generators based on language models in conversational AI poses
problems connected to dialogue management. Namely, large language models has a limited
ability to follow a goal, they tend to hallucinate facts, it is unclear how to combine them
with rule-based approaches o�ering control over the dialogue, and the cost to operate a
state-of-the-art language model is exceptionally high. Those facts limit their applicability
to real-world applications. Thus, language models used as neural response generators
opened new research problems.

The main contribution of this thesis is Hybrid dialogue management. Hybrid dialogue
management solves the most pressing issues with large language models in conversational
AI. Hybrid dialogue management provides a Pragmatic level of control to large language
models. The Pragmatic level of control allows us to specify the properties of the generated
response so that the whole 
ow of the conversation reaches the desired outcome.

We show that thanks to Hybrid dialogue management, smaller and thus cheaper to
operate, architectures of large language models achieve similar or better performance than
signi�cantly larger architectures. Thus, we propose several methods whose combination
and application into dialogue manager addresses all presented limitations of neural re-
sponse generators based on large language models. Namely, they do not aim for speci�ed
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