A Reference Model for Dialog Management in
Conversational Agents in High-Engagement Use Cases

Nima Samsami, Stephan Kurpjuweit

Hochschule Worms — University of Applied Sciences
samsami@hs-worms.de
kurpjuweit@hs-worms.de

Abstract. The objective of our research is to systematically derive a refined
reference model for the dialog management component of a conversational agent.
Firstly, we characterize high-engagement conversational agents and derive solution
strategies to address this class of agents. Secondly, we propose a set of conceptual
components that refines the dialog management component and addresses the so-
lution strategies. Thirdly, we survey implementation approaches for the individual
components of the reference model.
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1 Introduction

With the general availability of smart speakers since 2017, conversational agents have
gained increased popularity among consumers [1]. Based on our experience, the use cases
of conversational agents in the consumer domain can be characterized as either “task-
oriented use cases” or "high-engagement use cases”.

The objective of our research is to systematically derive a reference model for the di-
alog management component of a conversational agent from the requirements of high-
engagement use cases. Our research is based on the following approaches: We characterize
high-engagement conversational agents (section 2) and derive solution strategies to ad-
dress this class of agents (section 3). Then we propose a set of conceptual components
that refines the dialog management component and addresses the solution strategies and
survey implementation approaches for the individual components of the reference model
(section 5).

2 Quality characteristics of high-engagement conversational
agents

Based on our experience, the use cases of conversational agents in the consumer domain
can be characterized as either “task-oriented” or ”high-engagement”: For task-oriented
use cases the objective is to answer the users' information needs or to complete a task
in as few conversational turns as possible. Example domains include banking, customer
service or directory services. As the user wants to ’get a job done’; satisfying the following
two quality characteristics is essential:

(1) Relevance and (2) Focus: By nature, the bandwidth of conversational agents (i.e.
the amount of information that can be communicated to the user per time) is small
compared to other - esp. screen-based - digital channels like web or mobile apps. Thus,
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conversational agents must deliver relevant and focused responses and reduce the number
of conversational turns users have to take (‘get to the point‘).

For high-engagement use cases the objective is to keep the user engaged in the con-
versation for as long as possible. Example domains include media, news, entertainment
or conversational commerce. In the context of our research, the level of user engagement
is characterized by (a) how often the user starts a session with the agent per time [2],
(b) how much time the user spends per session [3], and (c) for how long the user is active
overall (customer lifetime).

While focus and relevance is central to all conversational agents, it may not be enough
to ensure a high level of user engagement. Depending on the concrete nature of the agent,
other quality characteristics should be taken into consideration, including:

(3) Variety: Agent should provide a natural, varied language and avoid repetitive phrases
(’don’t bore me).

(4) Topicality: Agents should provide pieces of information that are current and new
to a user, so that users frequently feel the need to engage with the agent (‘satisfy my
curiosity’).

(5) Discoverability: Agents should suggest follow-up actions that may be of interest to
the user (’show me what else you can do for me’).

(6) Adaptability: Agents should be personalized and adapt to the user’s needs over time
("become my companion’).

3 Solution strategies for high-engagement conversational agents

To address the quality characteristics of the high-engagement conversational agents out-
lined above, concrete solution strategies have to be implemented. The following list
describes generic solution strategies which we expect to be beneficial for most high-
engagement conversational agents:

(1) Text variation generation: To avoid repetitive phrases, text variations should be gen-
erated (ideally automatically).

(2) Personalized content: Personalized and current content should be selected and deliv-
ered to the user.

(3) Education: Short messages that explain additional features and follow-up actions
should be delivered to the user.

(4) Graceful error handling / disambiguation: Instead of entering error flows, the agent
should try to understand the user’s intent, e.g. via disambiguation.

(5) Context-awareness: The agent should adapt to the usage context. For example, the
agent may decide to deliver a longer response of the user is driving in a car.

(6) Modular responses: To deliver varied responses, personalized content, educational
messages, etc. the response should be composed of text fragments in a flexible way.

4 Conversational agent reference architecture

Figure 1 shows a well-adapted reference architecture for conversational agents, which
decomposes the dialog management component into four sub-components. This architec-
ture serves as a basis for the refined reference model in section 5:

(1) Natural Language Understanding (NLU): Identifies and parses a user’s text input to
obtain semantic tags that can be understood by computers, such as entites and intents
[4].

(2) Conversational State (CS): Maintains the current conversation state based on the

168



conversation history. The conversation state is the cumulative meaning of the conversa-
tion history, which is generally expressed as slot-value pairs.

(3) Conversational Flow (CF): Outputs the next system action based on the current
conversation state.

(4) Natural Language Generation (NLG): Converts system actions to natural language
output [5].

We select this modular architecture over an end-to-end architecture (see [6]). End-
to-end architectures are based on successes of deep learning approaches in recent years.
The system consists of a large neural network that handles all tasks such as NLU, NLG,
CF, ete. This model is still being explored and is as yet rarely applied in the industry [6].
Although the trend is toward end-to-end systems, these approaches are still limited and
cannot clearly outperform the traditional methods [7]. In practice, it may not be feasible
to implement a specific agent solely based on an end-to-end architecture due to a lack of
training data.

Dialog Management
Request Natural Language Conversational
Understanding State (CS)
(NLU)
Response Natural Language Conversational
Generation (NLG) Flow {CF)

Fig. 1. Modular structure of dialog system

5 Reference model for high-engagement agents

Based on the strategies outlined in section 3, we derive a reference model for high-
engagement agents. The reference model is a based of the reference architecture described
in section 4. The reference model consists of a set of conceptual software components (see
figure 2). Some components are optional and not required for all agents.

For the decomposition of the dialog management component we apply the following
criteria: (1) Each component has a manageable set of responsibilities. (2) The implemen-
tation approaches for the components can be chosen - to a large degree - independently
from each other. (3) The model can be implemented on the basis of existing conversational
AT platforms and frameworks like RASA [8] or IBM Watson [9]. Available implementa-
tion approaches for the components typically range from traditional (e.g., rule-based)
approaches to more sophisticated machine learning (ML)-based approaches. In practice,
it may not be feasible to implement a specific agent solely based on ML approaches due
to a lack of training data or development budget. Thus, in our opinion the latter criterion
is important to allow for a selective component-by-component migration of a traditional
implementation towards a ML-based implementation.

For each component we describe its responsibilities and survey possible implementa-
tion approaches. Figure 2 lists the conceptual software components. Flows between the
components are omitted for clarity.
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5.1 Component: Conversational Memory

Responsibilities: One limitation of conversational agents is that they cannot go back
and forth in a conversation. This makes natural and dynamic communication between
humans and computers difficult. A conversation can be carried across multiple topics. To
do this, the agent must store what it has already talked about.

(1) Usage History: The entire usage history of a user stored for analytics purposes.

(2) Session State: The usage history of the current conversational session is stored with
the goal to determine the current conversational context, i.e. which pieces of information
a user request may refer to.

Approaches: The literature contains descriptions of many models of conversational
memory. These models mainly seek to reflect how the human brain implements memory.
Elvir et al. also describe an Episodic Memory Architecture to address this problem.
[10] Vinkler et al. present an architecture consisting of two memory types. A short-term
memory to understand the context and a long-term memory to allow the conversational
agent to refer to previous information in the conversation [11].

5.2 Component: Personalization & Context-Awareness

Responsibilities: The personalization and context-awareness component accesses the
usage history and calculates context information that may be required to interpret a new
user request and determine the response. There are multiple flavours of conversational
context which can be addressed by individual sub components:

(1) Personal Preferences: The personal preferences capture which intents and entities the
user is especially interested in. These may be set explicitly or derived from the usage
history. Personal preferences can be used to prioritize the text fragments selected for a
user.

(2) Usage Context: The usage context captures aspects like the time of day, the usage
environment (at home, in car, etc.), the device type (smartphone, smart speaker, etc.),
and the interface type (chat, voice, multi model, etc.), which all may impact the response
delivered to the user.

(3) Emotion Detection: The human being is an emotional being. Each person condi-
tioned by his emotions and type expresses himself differently. To carry out a pleasant
communication, it is therefore important to address the emotional intelligence aspect of
communication.

Approaches: Hao et al. present a method for using content-consistent conversation to
also engage in emotion-consistent communication. Emotional Chatting Machine (ECM)
addresses this factor with three new mechanisms that respectively (1) model high-level
abstraction of emotion expressions by embedding emotion categories, (2) capture the
change of implicit internal emotion states, and (3) use explicit emotion expressions with
an external emotion vocabulary. [12]

5.3 Component: Conversational Flow

Responsibilities: Check if all pieces of information to answer the user request are avail-
able (intent, slot values, context information) with sufficiently high confident values and
decide whether to (1) answer the user request (standard path), (2) ask a disambiguation
/ clarification question (esp. if indicated by the entity disambiguation detection com-
ponent), (3) enter an error handling flow or (4) hand over the conversational flow to a
human (optional). Especially check if the input makes sense in the context of the current
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conversational state (e.g., if the agent is waiting for a response to a specific question) (5)
Conversational State: The conversational state captures ”what the conversation has been
about” so far, so that the user can refer to entities mentioned in previous conversational
turns and ask follow-up questions. The conversational state also determines if a specific
type of input is expected in the upcoming conversational turn.

(1) Intent Ambiguity: aims to clarify the semantics of an Intent in context by finding the
most appropriate meaning from a predefined Intent.

(2) Entity Ambiguity: Beyond word sense disambiguation, a word can mean something
different in different contexts. E.g. Mars, Galaxy and Bounty are all delicious. It is
difficult for an algorithm to figure out if it is talking about an astronomical structure
or chocolate tokens.

(3) Conversational State: Maintains the current Conversational state based on the con-
versation history. The conversation state is the cumulative meaning of the conversa-
tion history, which is generally expressed as slot-value pairs.

Approaches: Decisions can be made rule-based. Decision criteria are the request data,
the conversational state, and the confidence levels. The rules can be specified as part of
the language model. Jan-Gerrit Harms et al. define Dialog Management as a component of
Conversational Agents that processes the dialog context and determines the agent’s next
action [13]. Yinpei Dai et al. kategorisieren Dialog Management in three Generations. a)
The first-generation dialog systems were mainly rule-based. b) Second-generation dialog
systems driven by statistical data (hereinafter referred to as the statistical dialog systems)
emerged with the rise of big data technology. At that time, reinforcement learning was
widely studied and applied in dialog systems. A representative example is the statistical
dialog system based on the Partially Observable Markov Decision Process (POMDP)
proposed by Professor Steve Young of Cambridge University in 2005 ¢) third-generation
dialog systems built around deep learning have emerged. These systems still adopt the
framework of the statistical dialog systems, but apply a neural network model in each
module [6]. In general, third-generation dialog systems are better than second-generation
dialog systems, but a large amount of tagged data is required for effective training.
Therefore, improving the cross-domain migration and scalability of the model has become
an important area of research [6]. To solve the problems of domain dependency in end-
to-end systems, Lu Chen et al. propose to use a multi-agent system, where the tasks are
passed from a domain specialized agent to an agent trained on another domain [14] .
Jan-Gerrit Harms et al. show a taxonomy of the approaches for managing dialogs and a
classification of a selection of tools. [13]

Ambiguities can be determined by analyzing the entity and synonym lists of the language
model. The problem can also be addressed using entity linking (EL). EL aims to resolve
such ambiguities by establishing an automatic reference between an ambiguous entity
mention/span in a context and an entity (persons, locations, organization, etc.) in a
knowledge base. [15] Neural networks are used for this purpose as end2end systems
[16] or in conjunction with ontologies [17] [18]. Sevgili et al. use graph embeddings as
an efficient method [15]. Maria G Buey et al. present a method that work even if the
ontology is not known at training time [19].

5.4 Component: Response Generation

Responsibilities: Decide which types of text fragments to include in the response and in
which order, request the individual text fragments from the text generation components,
build the response to the user by concatenating the text fragments.
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(1) Response Assembly: Decide which types of text fragments to include in the response
and in which order, request the individual text fragments from the text generation
components, build the response to the user by concatenating the text fragments

(2) Text Fragment Generation: Generate the natural language response of a specific type.
The response types are usually specific for the intent at hand. However, there are
response types that can be used across intents. Examples include: Disambiguation /
clarification questions, error messages and educational messages (which suggest ad-
ditional features to the user).

(3) Text Variation Generation: This module ensures that the texts vary based on the
situation and the course of the conversation to enable a dynamic conversation. It
avoids that always the same answers follows to the same questions.

(4) Education: Helps the user to learn how to use the agent from agent itself and improve
his experience with the agent.

(5) Personal Recommendations: Through entertainment history and usage of the agent,
the agent learns more about the user and can include this information in the answer.
E.g. in the form of interesting facts.

Approaches: Decision which types of text fragments to include can be made rule-based.
Decision criteria are the intent and the context information (esp. the conversational
state). The component may query the text generation components upfront to figure out,
if a new text fragment of a specific type is available.

Text generation can be done rule-based by filling in data from a structured data source
into text templates for individual sentences and concatenating the sentences. Traditional
language generation methods are based on pipelines, such as the well-known standard
Architecture six Component Pipeline, which was originally proposed by Reiter [20] and
has been further developed by others. This includes the following stand-alone compo-
nents: (1) Content Determination [21] (2) Document Structuring [22] (3) Lexicalization
[23] (4) Referring expression generation [24] (5) Sentence aggregation [25] (6) Linguis-
tic realization [20] for this module exists different flavors: Hand-coded grammar-based
systems, Templates and Statistical Approaches [5] New approaches are based on deep
learning. Santhanam et al. divide these into four categories [5] (1) Language Models [26]
(2) Encoder-Decoder Archiecture [27] (3) Memory Networks [28] (4) Transformer Models
[29]. Lowe et al. present a system for high engaging dialog generation [30].

6 Conclusion

In this contribution we propose a reference model for the dialog management component
of a conversational agents which addresses high-engagement use cases.

The reference model may serve as a basis for multiple tasks, especially: system design
(as a starting point to design both individual agents and agent creation platforms),
system evaluation (as a structure to evaluate and compare agent creation platforms),
and research (as a framework to structure future research projects and to put individual
research contributions in context).
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Dialog Management

i Natural Language Understanding
Dialog Flow Caonversational Memory
‘"‘E[}”e't?c’?igir??iw Entity Ambiguity | | Conversational | ! Usage History Session State
Exception Detaction Detection State

Response Generation : Personalization & Context-Awareness
Response Text Fragment Text Variation : Personal Emotion / Style
Assembly Generation Generation : Preferences Detection
Personal : :

Recommendations Education : Usage Context

Fig. 2. Dialog Management Refernce Model (Conceptual Sub-components)
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