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Abstract— Task-oriented dialogue system has a vital role in
Human-Robot Interaction (HRI). However, it has been
developed based on conventional pipeline approach which has
several drawbacks; expensive, time-consuming, and so on.
Based on this approach, developers manually define a robot’s
behaviour such as gestures and facial expressions on the
corresponding dialogue states. Recently, end-to-end learning of
Recurrent Neural Networks (RNNs) is an attractive solution for
the dialogue system. In this paper, we proposed a social robot
system using end-to-end dialogue system in the context of
hospital receptionist. We utilized Hybrid Code Network (HCN)
as an end-to-end dialogue system and extended to select both
response and gesture using RNN based gesture selector. We
evaluate its performance with human users and compare the
results with one of the conventional methods. Empirical result
shows that the proposed method has benefits in terms of
dialogue efficiency, which indicates how efficient users were in
performing the given tasks with the help of the robot. Moreover,
we achieved the same performance regarding the robot’s
gesture with the proposed method compared to manually
defined gestures.

I. INTRODUCTION
The interface between machine and human is evolving
from Command Line Interface (CLI) to Graphic User
Interface (GUI) and again to Conversational User Interface
(CUI) [1]. CUI is also called dialogue system or chatbot, and it
is a primary component in robots as it allows not only the
robots to gather information required for tasks but also people
to gain easy access to the various services that can be
provided. Dialogue systems can be roughly divided into two
categories in regards to the intended use case, chat-oriented
[2–4] and task-oriented. Chat-oriented dialogue system
usually aims to converse with users and provide interesting
and reasonable contextually relevant responses. The more
extended conversation often indicates better performance in
the chat-oriented dialogue system. As an example of this,
Amazon held Alexa prize competition [5] to improve the
conversational ability of Alexa platform. Task-oriented
dialogue system, on the other hand, aims to assists the user to
complete a specific task, such as booking a flight, finding a
restaurant and so on [6]. A robot with a task-oriented dialogue
system can be expected to bring positive impact when it is
replaced with a human operator such as a receptionist in terms
of reducing time and effort. Thus, a task-oriented dialogue
system can be regarded as effective in practice.
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In the existing works, many researchers have developed
task-oriented dialogue systems used in HRI. Finite State
Machine (FSM) and slot-based method (also called the
frame-based method) have been applied with their behaviours
such as facial expression, gesture and so on [7–9]. Statistical
approach such as Partially Observable Markov Decision
Process (POMDP) has been applied to the dialogue system to
maintain a distribution over possible dialogue states [10, 11].
Reinforcement learning has been applied to combine chat and
task-based dialogue for the dialogue system [12]. However,
these systems are based on conventional pipeline approaches
and rule-based behaviour selection, which have several
common drawbacks. It is often unclear how to define the
dialogue state and what history maintain to select system
action based on the current dialogue state [13]. Conventional
approaches not only make it expensive and time-consuming to
deploy but also make it hard to expand to a new domain [14].
Recently, with the success of chit-chat system based on
end-to-end trainable neural network models [4, 15],
researchers have started exploring end-to-end approaches to
solve such difficulties in the pipeline approaches. The
end-to-end methods are mainly based on an idea that RNNs
can be directly trained on text transcripts of dialogues to
represent distributed dialogue representations. With the
benefit of RNNs, the end-to-end approaches tend to use a
single module to generate a response rather than separate
modules as in the pipeline methods. Bordes et al. [16]
developed an end-to-end trainable framework for the
task-oriented dialogue system using end-to-end memory
networks (MemN2N) [17], which consisted of an interference
module and a memory component that can be read and written
into. In the same line of study, the researchers explored the
approach using gated end-to-end memory network [18], query
reduction networks [19] and copy-augmented sequence to
sequence network [14].
However, according to Williams et al. [13], these purely
RNN based approaches were found to lack a general
mechanism for injecting domain knowledge. Injecting domain
knowledge can be easily solved using a few lines of code, but
these previous models required thousands of dialogues to
learn such simple behaviours. To solve the limitation, they
have introduced a practical RNN based end-to-end framework
called HCNs. It combines a domain-specific software and an
RNN to learn latent dialogue states and the chosen actions.
We address the research question on how we can apply
end-to-end dialogue system to the robot. A different approach
may be necessary to build a robot system because end-to-end
based dialogue system which calculates the dialogue state
with a trained hidden state cannot manually define a robot's
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Figure 1. Overview of extended HCN which is consists of three components; HCN, knowledge base (KB) and trainable gesture selection. The shaded
boxes are trainable components. Bold is an initial input and output repectively.

domain-specific components, substitutes the selected response
template from the response selector with identified entities.

Figure 2. An overview of the response selector.

behaviour such as a gesture, expression and so on. We aim
to fill this gap by demonstrating how we build a receptionist
robot using the end-to-end dialogue system. There are two
aspects of HRI with the end-to-end approach; 1) how
end-to-end dialogue system is applied to the robot and 2) how
we make the robot express its behaviour. For the sake of this,
we propose trainable components to generate not only the
response but robot to execute its gestures. Note that we only
focus on generating robot’s gesture as a first attempt to HRI
with end-to-end approach. We utilized Hybrid Code Network
(HCN) and extended to produce a response with selected
gesture. We applied Recurrent Neural Network (RNN) to
select the robot’s gesture depending on the system response
generated from HCN.
This paper is organized as follow. Section II presents our
extended HCN for HRI. Section III describes system
components of our receptionist robot. Section IV presents an
experiment of receptionist robot with real users. Section V
summarises and concludes this paper.

B. Entity Handling
Entity handling module identifies and maintains entities in
user’s utterance such as patient name, address, time and
location in our case. For example, if an utterance “where is the
bathroom?” is given, the module extracts ‘bathroom’ as a
location entity. Then later, if new entity value identified from
the user’s utterance, the old entity is replaced with new
identified entity. The module generates action mask 𝑎𝑚𝑡 and
context feature vector 𝑐𝑡 at time t as a part of input feature in
the response selector.
C. Response Selector
Response selector is responsible for computing latent
dialogue state and selecting response 𝑟̂𝑡 at the time step t. It
consists of an LSTM, dense and softmax layers. To determine
the response 𝑟̂𝑡 , the LSTM is fed with a concatenated feature
vector 𝑓(𝑡−1) of embed user utterance 𝑒𝑚𝑏𝑡−1 , a bag of words
𝑏𝑡−1 , current context 𝑐𝑡−1 and action mask 𝑎𝑚𝑡−1 until the
(𝑡 − 1)𝑡ℎ step. At the last step t, the LSTM receive feature
vector 𝑓𝑡 and generate a 11-dimensional probability
distribution for each of the 11 action templates through the
dense and softmax layer. In our domain, total of 11
domain-specific response templates were generated as shown
in Figure 2.

I. EXTENDED HCN FOR RECEPTIONIST ROBOT
A. Overall Structure
As shown in Figure 1, the extended HCN consists of two
components; HCN dialogue application and trainable gesture
selector. The details of each components will be presented in
the following paragraph.
Entity handling module, which is a part of domain-specific
components, identifies entities in the user’s utterance and
maintain the identified entities. Based on the entities
identified, it produces a corresponding action mask 𝑎𝑚𝑡 that
prevents non-permitted actions, and context feature 𝑐𝑡 at time
t. Response selection module determines the response 𝑟̂𝑡 based
on a concatenated feature vector 𝑓𝑡 of the current embed user
utterance 𝑒𝑚𝑏𝑡 , bag of words 𝑏𝑡 , current context 𝑐𝑡 and action
mask 𝑎𝑚𝑡 . Entity output, which is also a part of
8014

Figure 3. An overview of trainable gesture selector. It consists of 5
different layers; embedding, RNN, dense, dropout and softmax layers.

D. Entity Output
This module is responsible for generating fully-formed
response based on the response templates from the response
selector. For example, if an action template ‘api_call location
<location>’ selected the previous module, then entity output
fills stored entity as ‘api_call location bathroom’.
E. Gesture Selector
The trainable gesture selector is based on the idea of intent
classification works [20]–[22]. It is built up with an
embedding, LSTM, dense, dropout and softmax layers as
shown in Figure 3. Once the dialogue system generates a
response, each word in the response is tokenized and
converted into a vector using the embedding layer. Then it is
fed to RNN sequentially, and the dense and softmax layers
output the probability of the gesture labels, which is matched
with one of the pre-defined actual motion controls of a robot.
Additionally, we add a dropout layer between dense and
softmax layers to prevent overfitting of our model.
II. RECEPTIONIST ROBOT SYSTEM
Figure 4 shows the overall structure of our proposed
receptionist robot system. It consists of four components; a
sensory perception, extended HCN, Social Human-Robot
Interaction (SHRI) framework [23] and robot platform.
Automatic Speech Recognition (ASR) and Face detection
modules work as sensory perception for the robot. Extended
HCN has the responsibility for generating a robot’s response
with a gesture that the robot should take. SHRI framework
[23] generate robot’s non-verbal capabilities such as
turn-taking, gaze, emotion, gesture, posture and so on. All
components have been developed for the Robot Operating
System (ROS). To test our system, we used NAO [24], which
is a humanoid robot that is widely used in research and
educational purpose as shown in Figure 4.
A. Sensory Perception
Speech is recognized using a commercial ASR provided
by Google Cloud Speech [25]. This system enables developers
to convert audio to text by applying neural network models in
an easy-to-use API. Face detection is a vision module in which
enable the robot to detect ROI(region of interest) of face in
front of him. For this, we implement the face detection module
with pre-built face detection module in the NAO robot

platform.
B. Extended HCN
This module is responsible for inferring what response is
required and what gesture is required based on the user’s
utterance. It depends on RNN to perform its operation. Its only
input is a single utterance, and its output is a system response
with a selected gesture. The details of this module are
described in Section II.
To train HCN, we synthetically generated 250 dialogue
datasets [26] which consist of four different tasks; ask for
prescription, checking in for doctor’s appointment, asking
waiting time, asking location of bathroom) in the same way as
a work presented in [16]. To train gesture selector, we
extracted a total of 19,671 sentences with eight corresponding
labels (multiple choice, welcome, request, greeting, inform,
confirm answer, thanks, closing) from dialogue corpus
provided by Microsoft dialogue challenge [27]. We selected
an LSTM [28] for the RNN. To build our dialogue application
for practical purpose, the pre-trained model is loaded into the
system. User utterance, as text input from ASR module, is
used for input for HCN. We made the system re-prompt user if
the highest probability of system action or the confidence of
the ASR is less than 50%.
C. SHRI framework
To integrate with robot platform, we used SHRI
framework [23], which is the modularized human-robot
software separating robot’s social behaviour and domain tasks
(dialogue system in our case). It can be separated into domain
tasks, which is responsible for controlling the execution flow
of scenario, and social behaviour as a framework so that
developers reduce their effort to implement robot’s non-verbal
capabilities such as turn-taking, gazing, its emotions, gestures,
posture and so on.
The framework is composed of three major components;
social perception, social task controller and action renderer as
shown in Figure 4. Social perception interprets the situation
based on the output of sensory perception modules. For
example, audio-visual saliency is continuously evaluated, the
user’s turn-taking intention is inferred, and cognitive and
emotional state of interaction participants are estimated.
Social task controller accomplishes action requested by the
domain task. It uses tag information such as saying, gazing,
pointing, facial expressions and so on. For example, if domain
task request "<sm=tag:greeting> Hello. My name is Silbot".
Then, it generates a portable motion command format called
semantic motion. Action renderer, which is a robot dependent
component, is responsible for executing actual motor control.
It interprets the semantic motion generated from the social
task controller module.
III. EXPERIMENT
The human-robot dialogue system was evaluated via a user
study in which human subjects interacted with the NAO acting
autonomously using the system described above; all
interactions were in English.
A. Experimental Environments
1) Physical Setup
During each session, the experimenter seats in front of the

Figure 2. Overall structure of receptionist robot system. It consists of a
speech recognition, face detection, extended HCN, Social Human-Robot
Interaction (SHRI) framework and robot platform.
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anthropomorphism,
animacy,
intelligence and perceived safety.

likeability,

perceived

3) Experimental Scenario
An experimental scenario was designed to show how well
the robot works as a receptionist robot. Participants were
asked to complete the given tasks as many as possible (ask for
prescription, checking in for doctor’s appointment, asking
waiting time, asking location of bathroom).
4) Participants Setting
Every participant was asked to imagine that they were
entering a hospital that they had never been to before where
the robot was installed in the reception area interacting with
the patients. Before starting the experiment, they were asked
to use natural language spontaneously. Moreover, they were
provided with hints on how better communication with the
robot. For example, “please wait for your turn to speak” and
“please keep in mind that the robot only listens to you while its
eyes turn blue”.
Figure 3. User study with receptionist robot NAO.

robot and the experimenter seat next to the robot to be
available in case the participant would need any help as shown
in Figure 4. The scene was recorded from participant’s
perspective focusing on the robot. The duration of each
session did not exceed 20 minutes.
2) Experimental Design
To explore benefit of our proposed system, two conditions
are compared; robot with the proposed system, and robot with
conventional method. We used slot-based method for which is
workhorse of the conventional pipeline dialogue system [16],
with having manually defined gesture in each response as a
baseline system. Slot-based method predefines the structure
of a dialog state as a set of slots to be filled during the
dialogue.
To implement the baseline system, we used Google’s
DialogFlow [29] and here, we have manually defined seven
intents (welcoming, prescriptions, checking-in, silence,
location, farewell, and fall back) and four different slots (name,
address, time and location) to make an API call to query the
knowledge base (KB). A between-subject design was used to
compare the two conditions. Thus, different participants are
assigned to different conditions.

B. Experimental Result
20 people (7 males, 13 females) agreed to participate in
our study, ranging in age from 19 to 30 (M=24.1, SD=3.4). M
denotes mean value and SD denotes standard deviation.
Participants did not receive any financial compensation, and
most of them were students with little or no previous
experience in interaction with a robot.
Table I shows the result of the experiment that participants
were successful in performing the given tasks in both
conditions with the average number of completed tasks being
3.8 (SD=0.42) in the proposed method and 3.9 (SD=0.32) in
the baseline. The number of completed tasks was not
significantly different between the two conditions (one-tailed
T-test, p = 0.24). However, there is a significant difference in
the number of the user turns, and robot turns, and elapsed time
(one-tailed T-test, p = 0.028, 0.03 and 0.003, respectively).
More specifically, the user with the proposed method has an
average of 1.4 turns less than the baseline method. Moreover,
the robot with the proposed meth od has an average of 1.8
turns less, and the users have an average of 38.4 seconds
shorter interaction time. In terms of dialogue quality, the result
of data analysis shows that the number of time out, re-prompts
and speech recognition all have no significant difference (one

We collected a range of objective measures from the log
files and video recording of the interactions. We considered
two metrics for objective measures which were used in
PARADISE framework [29, 30]; dialogue efficiency and
quality. Dialogue efficiency was evaluated using elapsed time,
the number of tasks completed, and the number of utterances
made by the user and robot’s during a session. Dialogue
quality indicates the number of system behaviour that affects
the quality of the resulting dialogue. This was evaluated using
the number of time-outs and re-prompt and the confidence of
ASR. Moreover, we also explore subjective measures. For
this, we asked participants to fill in a questionnaire to analyse
their perception of the robot. The questionnaire includes user’s
overall rating and the God speed test [32], which is a
measurement tool for HRI with five key concepts;
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TABLE I. RESULTS OF CONVERSATIONAL EFFICIENCY AND DIALOGUE
QUALITY IN TWO CONDITIONS. M DENOTES MEAN VALUE AND SD
DENOTES STANDARD DEVIATION

Measure

Baseline

Proposed method

Number of tasks

M=3.9, SD=0.32

M=3.8, SD=0.42

Number of user turns

M=13.4, SD=1.57

M=12.0, SD=1.49

Number of robot turns

M=15, SD=2.31

M=13.2, SD=1.61

Elapsed time(sec)

M=243.1, SD=29.17

M=204.7, SD=24.22

Number of time out

M=0.7, SD=0.67

M=0.2, SD=0.42

Number of re-prompts

M=0.8, SD=0.91

M=1.3, SD=1.42

Speech recognition

M=93.53, SD=2.24

M=93.39, SD=3.20

User satisfaction

M=3.72, SD=0.55

M=3.88, SD=0.43

perception

M=3.79, SD=0.55

M=3.73, SD=0.32

U1:
R1:
U2:
R2:
U3:
R3:
U4:
R4:
U5:
R5:
U6:
R6:
U7:
R7:

and conventional method which manually defines gesture in
the response (one tailed T-test, p = 0.24 and 0.39,
respectively).

Hi there.
Hi there, my name is Nao, the receptionist robot. How
may I help you?
I’m Sam Smith, and I want to check when my doctor's
appointment was.
Thanks Sam, and what is your address?
12 Green Street.
Okay Sam, what time is your appointment?
I believe it's at 4 p.m.
And which doctor are you seeing?
I'm actually not too sure
No problem Sam Smith, I can see …
<Silence>
Is there anything else I can help you with?
Yeah, I wanted to know if my prescription is ready
I'm sorry Sam Smith, your doctor has not yet written your
prescription ….

C. Discussion
Our evaluation shows that both conditions show similar
performance during the experiment with real users. However,
the proposed system shows better results in terms of dialogue
efficiency. To gain more insight into this experiment, we
performed a detailed analysis of the dialogue log files and
recording, and it revealed that the proposed model tends to
comprehend the dialogue context than the baseline system.
Figure 6 shows an example of dialogue between the proposed
system and the user. In the same way as work presented in
[30], the whole dialogue can be divided into four different
sub-dialogues which is same as given tasks; check-in
(U1~R5), collect prescription (U7~R7), ask waiting time
(U8~R8), and ask location (U9~R9). “<Silence>” means that
user did not provide any utterance. It shows that the collected
information such as name and address carry over to the
different tasks naturally (from check-in to collect prescription
in this case) and may notice conversation is going to be over
(U10~R10).

U8:

Cool thanks, I wanted to know how long the appointment
would be approximately
R8:
You are next to see doctor Jones, he will be around 5
more minutes.
U9:
Could you tell me where the bathroom is
R9:
The bathroom is located down the hall, second door on
the right.
U10:
<Silence>
R10:
I hope you have a nice day Sam
Figure 4. An example of dialogue between the proposed system and real
user.

On the other hands, the baseline system requests the
information (U8~R10) that has already been collected from
the previous task (U1~R6) as shown in Figure 7. We found
that the baseline system is not suitable for complex
conversation in terms of dialogue efficiency. Of course,
slot-based method can store entity values and hand it over the
next intents, but it can be required a lot of handcrafted works
and there may be missing works that can lead to conversation
failures. On the side of robot’s gesture, it can be said our
proposed system is better than the baseline system due to no
handcrafted works were required to define the robot’s gesture
according to the response.

U1:
R1:

Hi there.
Hi there, my name is Nao, the receptionist robot. How
may I help you?
U2:
I’m Sam Smith and I have a doctor’s appointment at 4
p.m.
R3:
Thanks Sam, and what is your address?
U4:
12 Green Street
R4:
Okay Sam, What time is your appointment?
U5:
It's 4 p.m.
R5:
And which doctor are you seeing?
U6:
I can't remember the doctor's name.
R6:
No problem Sam, I can see that you…
U7:
Where's the bathroom?
R7:
the bathroom is located down the hall…
U8:
Can I get my prescription please?
R8:
Okay, can you please tell me your name?
U9:
Sam Smith.
R9:
Thanks Sam, and what is your address?
U10:
12 Green Street.
R10:
I'm sorry Sam, your doctor has not…
U11:
do you know how long you'll be
R11:
You are next to see doctor…
U12:
<silence>
R12:
is there anything else I can help you?
U13:
No thank you.
R13:
I hope you have a nice day.
Figure 5. An example of dialogue between the baseline system and real
user.

tailed T-test, p = 0.07, 0.18 and 0.32, respectively). However,
we found that the proposed method was more likely to
re-prompt an average 0.5 more.

IV. CONCLUSION AND FUTURE WORK
We presented and evaluated our autonomous hospital
receptionist robot, using an end-to-end approach to generate
response and gesture. For this, we extended HCN to select not
only a response but also a proper gesture based on the
generated response. We experimented with real users. We
found that our proposed system has an advantage in terms of
dialogue efficiency, which indicate how efficient users were
in achieving the given tasks with the receptionist robot.
Moreover, participants found no difference between the
proposed system and baseline system in terms of the robot’s
perception. It means that no more handcrafted works are
required to define the robot’s gesture according to the robot’s
response.

We also analysed the result of robot perception and user
satisfaction questionnaire to find the acceptability of our
proposed system compared to the baseline. The validity of the
used questionnaire was tested by measuring its internal
consistency with Cronbach’s α, which was equal to 0.89 (good
consistency). Based on this value, we assume that our
participants in the given context interpreted the robot
characteristics, provided in the questionnaire, in an expected
way. We averaged the 5-point Likert scale of the questionnaire
we collected. As a result, we could not find any significant
difference between two methods; trainable gesture selector

In future work, it will be possible to make several
improvements to extend the realm of possibility for the
receptionist robot with the end-to-end approach. The dialogue
system, it was limited to a rather small domain. Tests on
others, perhaps broader, the domain would be needed to see
the resulting scale. On the side of the robot’s behaviour, we
have tested how the users feel when using the receptionist
robot. However, the robot is rather equipped with minimal
features at this stage; verbal interaction with the robot's
gesture and gaze would be good examples. To improve the
user experience, we can extend our work to more diverse
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forms such as robot's expression, voice pitch and so on.
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