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Abstract. M-Path is an embodied conversational agent developed to
achieve natural interaction using empathic behaviors. This paper is aimed
to describe the details of the conversational management system within
the M-Path framework that manages dialogue interaction with an emotional awareness. Our conversational system is equipped with a goaldirected narrative structure that adapts to the emotional reactions of the
user using empathy mechanisms. We further show the implementation
and a preliminary evaluation of our system in a consultation scenario,
where our agent uses text-based dialogue interaction to conduct surveys.
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Introduction

Conversation forms the basis for many of our social interactions. In recent years,
artificial conversational systems have become more ubiquitous and have revolutionized the nature of human-computer interaction. Natural language based
assistants are becoming increasingly popular in our daily lives to accomplish
goal-driven tasks and act as social companions. Emotions often provide a feedback mechanism during conversational interactions, which makes recognizing
and responding to the emotions an important part of social interactions.
Empathy, as the ability to understand and respond to the emotions of others
[9], can be used as a guide to interaction. Recent examples of conversational
agents in clinical psychology [11] as healthcare assistants [3] and counsellors [7]
showed that being emotionally-aware could enhance the interaction by increasing
the perceived usefulness, trust, and naturalness of the agent. These findings
suggests, showing empathy during conversational exchanges can help to build
and strengthen relationships while facilitating natural and believable interaction.
In this work, we aim to use empathic conversation strategies that use emotions as a feedback mechanism that helps inform the dialogue management. We
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describe the design and implementation of the dialogue framework for an empathic conversational virtual agent, M-Path. Our system is aimed to use systeminitiated and user-initiated conversational strategies to guide the goal-oriented
conversation while generating appropriate empathic responses. We further show
a proof-of-concept implementation of our system in a psychological consultation
scenario, where the goal of the agent is to successfully collect the required information and provide appropriate empathic responses. We conduct a preliminary
evaluation that shows that our system is capable of providing empathic behavior.
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M-Path: The empathic conversational agent

Our empathic conversational agent, M-Path, is aimed to create a real-time, goaldriven and empathic interaction with the user. M-Path is capable of initiating
and sustaining socio-emotional interactions with the conversation partner by
using different levels of empathic behavior. Our embodied agent is designed to
produce synchronized verbal and non-verbal behaviors to capture the richness
of natural conversational interaction.
The framework for our embodied conversational agent includes a perceptual
module that processes the inputs of the system via its sensors, a decision making module, and a behavior generation module that prepares and outputs the
synchronized behaviors of the agent. A detailed description of this framework
can be found in previous work [14].
This paper focuses on the conversation engine, which is part of the decision making module of M-Path. Within the system, the conversation engine is
responsible for initiating and maintaining a meaningful and goal-driven conversation with the interaction partner. This engine works closely with the Empathy
Mechanisms module, that makes decisions on the empathic behavior of the agent
during the conversation. In the following sections, we will examine in detail how
an empathic dialogue can be simulated in a goal-driven environment and provide
an implementation scenario to show proof-of-concept implementation of such a
system.

3

Empathic Conversation Engine

The central component to achieve an empathic conversational behavior in MPath is the conversation engine. The empathic conversation engine is designed
to achieve the goal of the conversation while adapting to the emotional reactions
of the user using empathy mechanisms. It consists of three major components:
natural language understanding (NLU), natural language generation (NLG) and
the Dialogue Manager (DM).
The Natural Language Understanding (NLU) component handles the extraction of the relevant information from the users’ linguistic input and can be as
simple as keyword detection to natural language modeling vector representation
systems. The NLU component of our system is responsible for parsing, tagging
and categorizing the linguistic input for extracting context-related information
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Fig. 1. The outline of the Conversation Engine of M-Path. Three main component of
the system are natural language understanding (NLU), natural language generation
(NLG) and the Dialogue Manager (DM).

(e.g., topic, intent) and user-related information (e.g., emotions, personality,
background information). This information is then sent to the dialogue manager
to decide on the response of the agent.
Table 1. Example initiation of a dialogue
UTTERANCE
RESPONSE TYPE
Hello, I don’t think we met before.
Context-based
(Global Greeting)
M-PATH My name is Alex, what is your name?
User
It’s Anthony
It is very nice meeting you.
Context-based
M-PATH
Are you a student here at SFU?
(Local information gathering)
User
nice to meet you too, I am indeed
M-PATH
That’s wonderful.
Intent-based (Approval)

SPEAKER

The Natural Language Generation (NLG) component handles the realization of the intended response, depending on the decision made by the dialogue
manager. Depending on this decision, the response might be empathic, contextbased or intent-based (Table 1). Intent-based responses include acknowledgment
replies to the decisions or actions taken by the user. For example, if the user approves to participate in a survey, the agent will confirm that decision by “Okay”
or “Thank you”. Context-based responses are generated depending on the state
of the conversation, both globally (goal) and locally (topic). Global state is used
to determine the goal of the conversation. For example, if the user is asking a
question, the goal of the conversation will be to answer that question momentarily before moving on with the main goal of the agent. The local state determines
the specific topic of the utterance of the user. This is used to give topic-based
answers and keep track of the hierarchical structure of the topics. For example,
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if the user asks “What else?”, while being in the topic of “AI”, the agent will
continue giving examples on the topic AI.
An empathic response of the agent consists of an emotional reply to the
emotions of the user, as well as a response related to the coping of the emotions.
For example, if the user talks about how bad their day was, the emotional
part of the empathic response could be “I am sorry to hear that” or “That
is too bad”. The coping response could include tips or recommendations that
are less emotion-oriented and more context/topic specific. Similar to the contextbased responses, these empathic responses can be local reactions to the single
utterances of the user, as well as reactions to the global state of the user gathered
from multiple turns of dialogue. For example, after receiving multiple negative
sentiments, the agent might decide to comment on the mood of the user before
saying farewell. An example for both these responses can be seen in Table 2 that
shows a real interaction of the system with the user.
Table 2. Empathic reactions during conversation
SPEAKER
M-PATH
User

M-PATH
User
M-PATH
User

M-PATH

UTTERANCE
RESPONSE TYPE
How often do you feel little interest
or pleasure in doing things?
Context-based
Very often
(1)I’m sorry to hear that
(2) Maybe you should try to build up a routine. (1) Emotional Reaction
You can pick up a new habit with your friends
(2) Coping Reaction
(3) How often have you been feeling down,
depressed, irritable, or hopeless lately?
(3) Context-based
My problem is i am not used to wake up early
I understand.
Topic Fallback
I feel down most of the time because
I do not have a friend circle in campus
(1) I’m so sorry you feel like that.
(2) Try not to withdraw from your
(1) Emotional Reaction
social life, your family and friends.
They can improve your mood a lot
(2) Coping Reaction

These set of example responses are currently hand-crafted and held in a
database that stores sample utterances based on context, intent and emotional
reactions. Most of the contents of the static database are authored to be representative of how users might interact with the system as well as the responses
added after the evaluation processes in order to be more responsive to the actual
user utterances. Moreover, the Dialogue Manager (DM) also holds models that
are trained based on these example utterance-response pairs. We use two main
models in the DM component, where the first is TF-IDF based similarity algorithms that are used to basic Q/A. We used the sklearn library [10] in Python
for the TF-IDF vectorizer model, while using NLTK Lemmatizer [8]. The second model is generated by fine-tuning the pre-trained language representation
model BERT [4] for the classification of user responses based on sentiment and
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survey answers. The sequence and properties of each response are decided by
using these models within the DM component.
The main role of the Dialogue Manager (DM) is to decide what action the
agent should take at each turn in the dialogue. The DM is responsible for generating proper verbal responses according to the utterance of the interaction
partner, as well as the empathic reactions. The dialogue manager operates on
two different scales: local and global. The local structure handles the immediate
responses in isolation while dealing with information gathered from individual
dialogue turns. The global structure keeps track of the overarching goal of the
system and operates on the entire interaction history using the local information.
Depending on the overarching goal of the dialogue and the local information,
the dialogue manager decides on the proper actions to be taken. It keeps track
of the context-related information (e.g., topic, intent) and user-related information (e.g., emotions, personality, background information) both locally and
globally. This information is gathered from the NLU component and stored in
the Dynamic Memory within the DM.
3.1

Global State Management

The global state tracking sub-module keeps track of the overarching goals of
the agent in order to decide on which actions to take in a given dialogue turn.
Every dialogue is embedded in a generalized structure of greetings/introduction,
main topic flow and conclusion/closings. For example, the initiation of every
conversation starts with a simple greeting, introduction and basic questions that
can be used as a transition before going through the main topic. Similarly, the
concluding remarks may include an overall statement about the dialogue and
a farewell. The concluding statement can include an empathic response to the
overall mood of the user during the conversation. An example excerpt for the
introduction and conclusion processes can be seen in Table 1.
Goal Tracking The goal tracking sub-module operates while tracking the current state of the goal or multiple goals, which in turn determines how the main
topic flow operates. Goals usually include gathering certain information or going through certain topics or questions within the narrative flow. These usually
trigger a system-initiated conversation, where the local topic manager allows
for user-initiated conversation to allow a mixed-initiative flow. For example, if
the agent has the goal of gathering demographic information, the goal tracking module makes sure the conversation flow always directs back into asking
demographics questions until all the information is gathered. After this goal is
achieved, the agent can move to other goals or concludes the conversation.
Local Topic Manager The local topic manager determines the flow of conversation between goal-directed conversations. Many topics make for a narrative and
can be added and reused in many ways. Topic modules are a container of a narrative topic and its parts and can process through to other topics. The standard
topic modules consist of a cascade of Q&A nodes, that taken as a whole create
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a small conversation or narrative topic. Topics can be on universal issues like
“mental health” or specific to the user topics like “anxiety”, “depression” and
can be reused in many ways (see Table 3).
Table 3. Local Topic Management
SPEAKER
M-PATH
User

UTTERANCE
Would you be okay if I ask
some questions about you?
Are you a bot?

M-PATH
User
M-PATH
User

Yes, are you?
No
Okay
Sure you can ask me questions
Sounds good,
M-PATH I will ask about generally how you feel.

4

RESPONSE TYPE
Context-based
Goal related Question
Topic-Based
Local QA Answer
Topic Fallback
Continue
Context-based

Example Implementation

Such an empathic conversational agent might be useful in a variety of applications, where understanding the emotions of the user and responding emphatically
is important. In order to evaluate the conversational capabilities of our agent,
we picked a “counselling service intake process” as an interaction scenario. For
this specific use-case, we had to determine the interaction context and develop
content accordingly.
To initiate a counselling service, individuals go through a screening process
to gather basic information about them. This usually includes collecting demographic data, as well as a simple assessment in the form of a survey. Based on the
department of the intake, these surveys vary in terms of content and questions.
For the proof-of-concept scenario, we used an intake scenario for the Psychological Counselling Service (PCS) for the students of the Simon Fraser University
(SFU). The screening process for the counselling office includes demographic
questions and a short survey to assess the depression and anxiety of students.
Demographic questions contain basic identification information such as name,
age, gender, and whether or not the user is a student at SFU. The survey that
follows the demographic questions is aimed to determine the severity of the issues
the student may have. The common method of delivery for this intake process is
a self-administered pen-and-paper form where each survey question is answered
by selecting an option out of a standard likert-scale.
For the proof-of-concept implementation of our system, we picked this screening process as the main scenario of the interaction. We developed additional content for the purposes of this interaction, including a general classification system
for likert-scale surveys and inclusion of the standard questionnaire as dialogue
content. The goal of our agent is set to initiate the conversation, collect demo-
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graphic information, conduct the intake survey and provide proper suggestions
according to the survey results.
4.1

Development of the Material

As the material for the screening process, we used the nine items in the California
Patient Health Questionnaire (PHQ) to screen for the severity of depression [6].
Items include statements on the symptoms of depression, and patients are asked
about the frequency of these symptoms they experienced over the last two weeks.
The answers for the questionnaire are picked from the 4-item likert scale scored
between 0 to 3, where 0 represents “not at all” and 3 indicating “nearly every
day”. The total score for these items indicates the severity of the symptoms,
which are scored between 0-27. According to the final score of the questionnaire,
there are multiple interventions that can be suggested to the patient.
To integrate this survey in our system, we used each survey question as a topic
within the local topic space where the goal is to make sure all these questions
are answered. Additionally, we created specific empathic responses that would
serve as coping mechanisms depending on the answers of each question as well
as the overall score of the whole survey.
The main goals of the agent are to gather information about the demographics of the user and to conduct a survey.Both of these goals are embedded within
the global state tracking system that was explained earlier. The global state
tracking system holds information about which state/goal in the dialogue the
agent is in by constantly updating the state of the dialogue in the dynamic memory. This is to make sure each utterance of the agent is being evaluated according
to the current intent.
For the specific implementation of the screening process, our agent can use
multiple dialogue strategies in order to make sure that the goal is reached. Each
of these strategies are used to make sure the agent successfully directs the conversation to reach its goals. There are two main goals of the system for the
counselling scenario: gather demographics and conduct the PHQ survey. The
overarching behavior of the agent within this goal-directed scenario is to act
empathically towards user responses.

5

Preliminary Evaluation

Although the standard method of submission for these tests are the pen-andpaper survey methods, a direct comparison with this method would not be plausible due to a number of variables that is needed to be controlled. Therefore,
we evaluated the empathic screening agent to its non-empathic counterpart in
a text-based interaction environment. The main difference between these two
agents is their responsiveness to the emotional utterances of the user. Our hypothesis is the empathic version of the conversational agent would be perceived
as more empathic, which would in turn have a positive effect on the attitude
towards the interaction.
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Method

Participants A total of 16 users (10 Female, 6 Male) completed the study that
were between the ages 20 and 39 (M=26.65, SD=7.74). Because we were focusing on the screening process for the student consultation service at Simon Fraser
University (SFU), we chose undergraduate and graduate students in SFU. Participation in this study was voluntary and was based on open invitations to a
large group of students at SFU via online communication.
Materials We used an empathic and a non-empathic version of the same conversational system to be able to evaluate the empathic properties of the system.
Both versions had the same goal of gathering demographic data as well as finishing the survey for the screening process. The empathic version, as described
in earlier sections, was providing emotional and coping responses based on the
utterances of the user. Additionally, an empathic response was given at the end
of the survey based on the overall score of the survey. On the other hand, the
non-empathic version was only giving acknowledgment responses to the user utterances, and a generic closing statement after the survey is concluded. This
was done to make sure only the quality of the responses are different, while the
quantity of the system responses are the same.
Each user evaluated the conversational agents based on their perceived empathy. The perceived empathy of the agent is evaluated by using a modified
version of the Toronto empathy questionnaire [13], which is a 16-item survey
that originally is used as a self-report measure. Each item on the questionnaire
are scored in a 5-item likert scale (Never = 0; Rarely = 1; Sometimes = 2; Often
= 3; Always = 4), where half of the items are worded negatively. Scores are
summed to derive total for the perceived empathy and can be varied between
-32 to +32.
In addition to the perceived empathy measures, we also evaluated the user’s
attitude towards interaction while focusing on the use-case as an alternative
screening process. We used items from technology acceptance [5] and Godspeed
[1] questionnaires, which includes statements about usability, believability, and
human-likeness of the agent. We included items that focus on the preference
towards the screening process and compares the agent-based interaction to the
classic paper-based method (“I prefer the interaction to a paper-based survey”)
and human-initiated method (“I prefer the interaction to a survey conducted
by a human”). We also included three items to understand the trust felt towards the agent, which was used in similar studies [7]. We used a total of three
statements to evaluate the trust felt towards the agent, based on “trusting the
advice agent gave”, “feeling better interaction privacy” and “trusting to disclose
information”. The total score for trust was derived from averaging these values.
A 5-point Likert scale that shows agreement with the statements with items
between “Strongly Disagree” to “Strongly Agree”. The high scores mean more
agreement with the statements where the low scores show disagreement, where
the lowest score is 0 and the highest is 4 per item.
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We implemented the user interface of the dialogue agents in the Slack messaging environment, where each user was using a chat channel in order to interact
with the agents by using text. For the display names for the agents, we used
gender-neutral names: Alex and Joe. These names were counterbalanced between the conditions as well as the interaction order and the types of surveys.
This ensured there was an equal amount of participants interacting with each
possible combination of agent type, order, survey type and agent names.
Procedure We used within-subject methods, where each user is interacting with
both the empathic and non-empathic versions of the conversational agent. Participants used the Slack messaging environment in standard computers in order
to interact with the agents using text messaging. Participants were briefed about
the context of the interaction and the procedure before the experiment. Each
interaction started with an informed consent procedure.
According to the counterbalancing, each participant first interacted with one
of the conversational agent (empathic or non-empathic) and took the evaluation
survey about the agent after the interaction is done. After that survey, the
participant went through the same process with the other conversational agent
and took the evaluation survey on the second interaction. Participants had to
greet the conversational agent to be able to start the conversation. Participants
were assigned across conditions, while being counterbalanced in terms of the
order of conditions as well as the type of survey each condition is conducting.
Each subject took about 30 minutes to complete the experiment.

5.2

Results

From 16 users, only one encountered an unsuccessful interaction for both of the
agents, where the goal of conducting the survey was not reached. None of the
user responses were excluded from the final analysis of the results. All analysis
and plotting are done using linear mixed models on R [12] with lme4 [2] package.
We performed a linear mixed effects analysis of the relationship between the
perception of empathy and system type (empathic vs. non-empathic). As fixed
effects, we entered the subjects into the model. Results show that perceived empathy is significantly higher in the empathic agent, relative to the non-empathic
agent condition (p= .02).
We also examined the attitude towards the interaction. Results showed that
the system type condition (empathic vs. non-empathic) significantly effects the
perceived usefulness of the agent (p= .05). The empathic agent is found more
human-like (p <.01) and preferred more to a human agent (p <.01), than the
non-empathic agent. The preference of the agent over the pen-and-paper based
screening process was not significantly different (p= .2), but high in both cases.
Moreover, the results showed the system type does not have an effect on trust
towards the system (p= .41). Table 4 shows details for the results.
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Table 4. Results of the Evaluation
Variable
Empathy
Usefulness
Human-like
Believable
Prefered to human
Prefered to paper
Trust

6

Empathic
M
3.38
3.06
2.56
2.88
2.06
2.88
1.81

agent
SD
8.18
1.00
0.63
1.02
1.24
1.36
1.02

Non-empathic agent
M
SD
F(1,15)
p
-1.12
7.80
6.43
.02*
2.56
0.96
4.29
.05*
1.81
0.98
10.38 <.01**
2.38
0.96
5
.04*
1.69
1.40
8.99 <.01**
2.62
0.96
1.36
.26
1.64
0.95
0.71
.41

Discussion

Results showed that the empathic dialogue capabilities that we introduced for
the conversational agent resulted in an increase in the perception of empathy
during the interaction in the screening process. The empathic capabilities also
increase the believability and human-likeness of the conversational agent, as well
as its perceived usefulness. We also see that users prefer the empathic agent more
than the non-empathic counterpart in terms of its use in respect to a screening
process with a human. However, we see that users would still prefer talking to
a human, rather than interacting with the agent. We also saw that, counter
to previous studies on empathic agents, that the empathic capabilities did not
increase the perception of trust.
Further examination of the scripts created from the interaction data revealed
that the interactions with the agents were not homogeneous in terms of the emotions that the participants were showing. We observed that when the participants
showed more negative emotions and scored lower in the surveys, they rated the
behavior of the empathic agent more positively. However, we did not control for
this behavior and this phenomenon needs to be examined further.

7

Conclusion and Future Work

In this work, we proposed and implemented a dialogue system to equip empathic
behaviors in a conversational agent. We evaluated the empathic capabilities of
the agent in a proof of concept use-case, the screening process in a consultation
scenario. We compared the conversational agent with and without the empathic
behaviors to be able to capture the effect of our system. The results suggest
that the inclusion of emotional and coping responses as empathic behavior in a
conversational agent leads to increase in the perception of empathy, usefulness
as well as human-likeness and believability of the agent. Even though the implementation only included the PHQ survey, any type of survey can be used with
a minimal amount of development process. However, in sensitive circumstances,
such as the depression screening process, trusting the agent seems to pose a
challenge that needs to be addressed. This system is intended to be used in an
embodied conversational agent, in real-time multi-modal interaction. For future
work, we intend to integrate this system into our embodied agent framework and
further compare the perception of the agent during face-to-face interaction.
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