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Abstract 
The popularity and adoption of voice interaction using conversational agent with natural 

language capability can be applied to social robots. However, social robots and 

conversational agent are not perfect yet, thus, can lead to miscommunication. This 

miscommunication can affect how users perceive the robot and can reduce users’ trust. 

Therefore, a strategy to minimize the negative impact after the robot made mistakes is 

needed. In the current study, we investigated the effect of conversation recovery strategies on 

users’ perception towards a robot in a real-world situation. The robot served as a hospitality 

robot and the task was to handle appointment in an office’s building. We performed two 

between-subject designs and compared two types of recovery strategies. The first condition is 

the robot give suggestions on what people can say at the time (TerseYouCanSay), another 

condition is the robot said sorry for its error (Apology). Although the interaction varied 

considerably between the participants, the results show that the robot could get back on the 

conversation and get the information needed. More than 70% of participants in both 

conditions also rated their overall interaction with the robot as a positive experience 

However, there was no significant difference between the two conditions regarding how 

people perceived the robot.  
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I - Introduction 
1.1 Background 
With the recent advances in natural language technology and artificial intelligence, it is now 

possible to use only a voice to perform many tasks on a device. Voice assistants have become 

popular (e.g., Apple’s Siri (Siri, 2018), Google’s Home (Home, 2018), and Microsoft’s 

Cortana (Cortana, 2018)) and can help their users to make a call, set reminders, answer 

questions or turn on/off lights. 

Although the communication is still restricted to simple commands and utterances, 

and rich natural language is still restricted, the acceptance and adoption of these natural 

language interfaces are promising for further development. Furthermore, the fact that voice 

user interfaces are common on smartphones and smart speakers, the expansion of natural 

language interfaces can be applied to almost any technology that people need to interact with, 

from smart watches, smart cars, to social robots. In particular, embodying natural language 

technology into robots is promising compared to other technology. One of the reason is the 

way in which the robot is physically situated – the fact that it has a body that can react to and 

affect the physical environment. The robot is able to communicate physically co-present and 

face-to-face interaction across more concurrent modalities. 

The current study covers a project that was performed within the context of a 

conversational agent embodied in a humanoid robot. The project was carried out and 

facilitated by IBM Center for Advanced Studies Benelux and was using IBM Watson 

Services (e.g., Watson Assistant, Speech-to-Text, Visual Recognition) (Watson, 2018). This 

study involves the implementation of IBM Watson’s services into Pepper robot from 

Softbank Robotics (Pepper, 2018), focusing on the capability of conversing in natural 

language. The study aims to understand how Watson Assistant’s conversational capability 

can be integrated into Pepper robot and how it can engage people to interact with the robot. 

The case study chosen was that the robot would serve as a hospitality robot in the IBM 

office’s lobby. The primary interaction was to handle the appointment of the office’s visitors. 

Other than the appointment, the robot can help to answer questions regarding the facilities in 

the building and play a small quiz with the users. 

 

1.2 Problem Statement 
Despite recent advances in technology, social robots are not perfect yet, and conversational 

interfaces are still unable to deal appropriately with communication errors. Human speech 
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contains sentence fragments, false starts and interruptions, and different conversation styles. 

This makes continuous word recognitions a difficult task for robots (Mubin, Bartneck, Feijs, 

Hooft van Huysduynen, Hu, & Muelver, 2012). These aspects can lead to miscommunication 

and therefore, affect the user’s perception toward the robot, primarily when the robot interact 

with novices. 

While robots that made errors are seen as more human-like (Salem, Eyssel, 

Rohlfing, Kopp, & Joublin, 2013), more likeable (Salem et al., 2013; Mirnig, Stollnberger, 

Miksch, Stadler, Giuliani, & Tscheligi, 2017) and can trigger more positive attitude (Ragni, 

Rudenko, Kuhnert, & Arras, 2016) than robots without errors; service robots that made 

mistakes are perceived as less competent and can make people not willing to use the service 

again (Lee, Kielser, Forlizzi, Srinivasa, & Rybski, 2010) and reduce users’ trust (Desai, 

Kaniarasu, Medvedev, Steinfeld, & Yanco, 2013). Thus, it is important to understand how to 

handle the errors that happened during HRI. This is very crucial especially when the robot 

has to perform a specific task. As the input is based on voice, then if the speech-recognizer 

incorrectly recognizes the input, it will lead to the wrong action. Even, when the speech-

recognizer correctly recognized the user’s utterances, many problems could still appear. In 

addition, people always try to find a way to have a small talk with the robot (Andrist et al., 

2017) and to ask questions (Guo, Lenchner, Connell, Dholakia, & Muta, 2017), which cannot 

be easily handled if the human-robot interaction designer did not predetermine it. Thus, it is 

important for those who design and build the robots that interact with humans to understand 

how to handle the errors. 

 

1.3 Research Aims 
The possible solutions will highlight two different ways to handle errors in the conversational 

interface. One approach is based on the technical part of the technology, which is to increase 

the accuracy of the conversational interface, in particular, the speech recognition system. 

Alternatively, a different approach is to assume that the errors will always happen and to 

provide ways for recovering from the errors through conversation which is referred to as 

recovery strategies (Brooks, Begum, & Yanco, 2016). The second approach was chosen for 

the current study because of several reasons. First, while the speech recognition performance 

is continuously improved, the use of it will also increase. It means that the broader use of 

speech recognition technology and applied to more complex domains will result in more 

complex interaction. This could still lead to occasional errors as well. Second, the alternative 
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approach exhibits similarities to the way humans handle errors in communication. Basically, 

humans are not perfect and make errors during communication, but humans can repair the 

conversation. Third, even a perfect speech recognition system will lead to other types of 

communication errors. 

This study is a part of a project which aims to implement IBM Watson services into 

a Pepper robot. The focus of this study was to integrate a conversational agent into a robot 

and research human-robot communication. Little is known about what the effect of recovery 

strategies in real-world situations. In particular, how these recovery strategies employed by 

the robot affect people’s perception towards the robot with natural language understanding 

capability. When a hospitality robot is implemented in an office, it likely has to perform the 

service a whole work-day. It is also likely that the robot is the first representation of the 

company that a potential customer or client sees. Consequently, it should leave a positive 

impression on the visitors since the robot that makes an error could leave a negative impact 

on the visitor. Thus, it is important to provide recovery strategies to minimize the negative 

impact after the robot made errors and measure the visitor’s perception towards the robot. 

This thesis aimed to gather and analyze this data. 

Therefore, the following research question was formulated: 

How do different conversation error-recovery strategies affect people’s perception 

towards the robot’s social attributes in the field? 

The current research involves literature review of miscommunication recovery 

strategies in HRI an. Since there are no guidelines for specific conversation design in HRI, 

related work in conversational agent design could be used as a guideline in designing a 

conversational robot. The present study also included the design of interaction and 

conversation flow in a conversational agent.  

 

1.4 Thesis Outline 
This thesis is structured to describe the work done by the author as follows: 

1. Chapter 1 describes the background, problem statement and the chosen approach to 

conduct the study. 

2. Chapter 2 outlines the literature review on the type of errors and recovery strategies in 

HRI and spoken dialog systems as well as related work in the field. 

3. Chapter 3 focuses on the interaction and conversation design as well as the 

implementation details. 
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4. Chapter 4 explains the methodology used in the main study. 

5. Chapter 5 presents the results of the study. 

6. Chapter 6 provides the discussion, conclusions, and limitation of the current study as 

well as recommendations for future research. 
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II – Theoretical Background 
2.1 Human-Robot Communication 

The idea to be able to hold a conversation with a robot, just like in many science fiction 

movies, has fascinated people for a long time (Hockstein, Gourin, Faust, & Terris, 2007). 

This idea is especially crucial for robots that must interact naturally with people in a social 

manner. However, the traditional concept of human-robot interaction using speech is based 

on simple-commands only; the human asks the robot to do something. The robot will only 

react based on the human speech stimulus, and there is not much to say by the robot other 

than respond to the human request. It means that the conversation is only based on human-

initiative: the human produces the verbal command, and the robot reacts based on the human 

speech stimulus. In addition, regarding the human verbal request or statement, the robot is 

quite inflexible to respond to different utterances by the human. For example, the robot will 

react to an utterance of “Where is the toilet?” but not to “Could you please tell me where the 

toilet is”, resulted to which the utterance will be misinterpreted by the robot. Furthermore, if 

the human and the robot are interacting quite often, the human would hear the same speech 

reaction by the robot. 

The more interactive conversation is often done using a Wizard-of-Oz paradigm 

(Green, Huttenrauch, & Eklundh, 2004; Bohus & Rudnicky, 2008). In this paradigm, the 

robot is controlled or partially controlled by the experimenter, but the participant does not 

know that and believes that the robot acts autonomously. This method is normally done in the 

laboratory setting for a human-robot interaction experiment. However, this Wizard-of-Oz 

study can be very cognitively demanding and not very practical to be implemented for 

human-robot interaction in the field, especially for a robot that intended to be a part of a 

person’s daily life. 

Researchers have been focusing on employing natural-language technology into 

human-robot communication before. Kollar, Tellex, Roy, & Roy (2010) implemented a 

system for robots that employ natural language to infer a plan from directions. Although with 

parsers failure, the robot can understand directions from a corpus by extracting a sequence of 

spatial description clauses that captures the semantics of natural language directions. 

Papaioannou & Lemon (2017) developed a dialog manager system that combined task-based 

and chatbots dialogue style for HRI. The task-based is concentrating on discovering user 

goals, while chatbots style is usually focused on entertainment. The system uses multimodal 

sensors which are implemented using a Pepper robot. Linssen & Theune (2017) also focused 

on the development of natural language conversation on their robots. They constructed a 



Page 14 of 47 
 

receptionist robot called R3D3 to assist people when they visit shops, museums or other 

public places. They combined a social robot and a virtual human to investigate how users 

interact with R3D3 using natural language and non-verbal behavior. However, it is still 

uncommon for robots to have natural language conversational abilities (Mavridis, 2015). 

These studies are a few of small numbers that tried to implement multimodal communication 

between humans and robots using natural language, and the attention was focused on the 

improvement of the speech recognition and natural language understanding (Papaioannou & 

Lemon, 2017; Linssen & Theune, 2017). An alternative approach is to employ an existing 

conversational agent with natural language capability and integrate it with the robot, while 

the natural interaction between human and robot could be studied and improved. 

 

2.2 Human-Machine Miscommunication 

In HRI field, Giuliani, Mirnig, Stollnberger, Stadler, Buchner, & Tscheligi (2015) analyzed 

videos of errors happened in different HRI studies and identified situations that lead to 

problems and error situations. One of the types of error situations HRI is social norm 

violation. It happens when a robot performs unexpected actions in interaction with people 

(e.g., repeating questions several times although the person already gave the correct answer 

and the robot acknowledged the answer) or the robot showed unusual social signals (e.g., the 

robot is not looking at the person when talking). Their study suggests that participants do not 

see the robot as a social interaction partner with comparable communication skills. 

Furthermore, while speech is the easiest way to interact with other people, this is not true for 

a robot (Andrist, Bohus, Kamar, & Horvitz, 2017). They identified and characterized 

different types of robot’s failures in the real world situation. They found that most of the 

detected errors are from the speech recognition technology and engagement components, and 

they arise in almost all interactions. To this point, errors in communication between humans 

and robots are essential to HRI. 

In human-human dialogues, people also have errors when they talk to each other. 

Hirst, McRoy, Heeman, Edmonds, & Horton (1994) defined the differences between non-

understanding and misunderstanding in human conversation. Non-understanding occurs 

when people fail to find any complete and unique interpretation of an utterance. This means 

that people could not interpret some part of all of the utterance; or, there are multiple 

interpretations and they are not able to choose between them. In contrast, a misunderstanding 

error happens when people obtain an interpretation that they believe is complete and correct, 
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but which is not the other speaker means. Non-understanding errors are noticed right away, 

while it is possible that misunderstanding errors will remain unnoticed in a conversation and 

the people to continue to talk. When a non-understanding occurs, a recovery may be initiated 

by trying to get the conversation back on track. Both of the users would try to negotiate to 

reach a mutual understanding.  

According to Bohus & Rudnicky (2008), in a spoken dialogue system, a 

misunderstanding happens when the system obtains an incorrect interpretation of the user’s 

turn, while a non-understanding occurs when the system fails to obtain an interpretation of 

the user’s input. These errors can exert yield a strong negative impact on the overall 

performance of a spoken dialog system. 

 
Figure 1. A view of grounding in human-computer communication. (Bohus & Rudnicky, 

2008) 

 

To identify the type of the errors based on error source in the present study, we used 

Bohus & Rudnicky (2008) grounding model in a spoken dialog system. The model is 

illustrated in Figure 1. In this model, to achieve mutual understanding in the conversation, the 

user and the robot have to coordinate on four different levels of channel, signal, intention, and 

conversation. Understanding errors typically happen when there is a mismatch at different 

levels between the expressed form of the user’s intent and the system’s modeling abilities. 

Based on the level where the mismatch occurs, they identified the following source of errors: 

• Out-of-application [conversation level]: The user’s utterance falls outside the 

application’s functionality. These errors can be further divided into out-of-domain 

utterances (e.g., the user asks if the hospitality robot can give the user a coffee), and out-
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of-application scope utterances, i.e. user utterances are still in-domain goals of the robot, 

but the robot is however not able to handle (e.g., the user asks when the employee come 

to see him/her). 

• Out-of-grammar [intention level]: The user’s utterance is within the domain and scope of 

the application, but outside the Watson Assistant’s dataset (e.g., the user says “Is there a 

bathroom in the building?” which is not in the dataset; while the robot could answer if the 

user says “Where is the bathroom?” or “I want to go to the toilet” which are in the 

dataset). 

• Automatic Speech Recognition (ASR) error [signal level]: The user’s utterance is within 

the application’s domain, scope, and dataset, but is recognized incorrectly due to speech 

recognition performance (e.g., the user says “Manfred,” but this is misrecognized as 

“Man free.” 

• End-pointer error [channel level]: The end-pointer is not able to correctly segment the 

incoming audio signal (e.g., it trims the utterance or sends empty utterance into the input 

line). 

In this study, we used their grounding model to classify different error types 

happened in our experiment. 

 

2.3 Error Recovery Strategies 

In their study, Bohus & Rudnicky (2008) compared ten different recovery strategies for non-

understanding in a spoken dialog system. Their results showed that MoveOn, Help, and 

TerseYouCanSay strategies were the top three strategies in terms of recovery performance: 

1. MoveOn occurs when the system advances the task by giving different question; 

2. TerseYouCanSay is the shorter version of YouCanSay, where the system tells the user 

what he or she can say at this point in the conversation; and,  

3. Help was used when the system gives a longer help message about the current state of 

the conversation as well as suggesting what the user say at this point.  

However, the advantage of the robot that has a body and seen as a social actor should be 

taken into account. 

In the HRI field, although not focused on the communication error, several studies 

have worked on what can be done to use recovery strategies. In an online scenario survey, 

Lee et al. (2010) compared different types of recovery strategies including apologies, 

compensation and giving options for the people in order to minimize the negative 
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consequence of robot’s breakdowns. They found that apology strategy was effective to have 

the robot perceived by people as being more competent and likable, in contrast with 

compensation and giving option strategies. Robinette, Howard, & Wagner (2015) also 

investigated the effect of a robot apologizing for its mistake, promising to do better in the 

future and providing additional reasons to trust it again in the virtual office environment. 

While the timing of the trust repair method influenced its successful, they found that it is 

possible for a robot to repair trust using promises, apologies and to provide additional 

information. Brooks et al. (2016), with an online survey, also compared the effectiveness of 

human support and task support as recovery strategies happened in HRI situations. They 

found that the effectiveness of recovery strategies depend on the task, context, and severity of 

the failure. Based on the study mentioned above, we used an apology as one of the 

manipulations in this study. 

Moreover, we combined the knowledge of recovery strategies both in the HRI field 

and spoken dialog systems. We also considered Bohus & Rudnicky (2008) top three recovery 

strategies in spoken dialog systems. However, to give Help strategy was not considered as an 

option for the current research since giving a long sentence using speech could lead to 

information overload (Maes, 1995). MoveOn strategy was also not considered as an option 

since to handle appointment the robot only ask about the name of the employee, the 

appointment time and the name of the visitor. Thus, TerseYouCanSay was chosen as 

feedback for one of the conditions.  

In HRI field, apologies were more effective to perceive the robot more likable and 

competent (Lee et al., 2010) and to repair trust (Robinette et al., 2015) after the robot made 

mistakes. This possible since humans apply mental models they used when they interact with 

humans to the robot. Thus, the current study will compare these two strategies, namely 

TerseYouCanSay and Apology. 

Given the literature, it was hypothesized that: 

1. The robots can repair the conversation by employing different types of recovery strategies. 

2. Apology has a more positive impact on robots’ social attributes than TerseYouCanSay and 

will make the robot be seen as a more social. 
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III – Interaction and Conversation Flow 
Several companies, such as IBM (Watson Assistant) and Google (Google Assistant) offer a 

conversational interface using speech-to-text and natural language technology available to be 

deployed to different interfaces or devices. It was chosen to use IBM Watson Assistant for 

this thesis since the thesis was performed at IBM Benelux. Watson Assistant is a web-based 

service that can understand natural-language input and uses machine learning to respond to 

users as well as simulates a conversation between humans. Since it is a virtual-assistant 

based, it needs to be integrated with speech-to-text and text-to-speech services. 

For a robot to demonstrate a social interaction with humans, the robot must be able 

to process audio and vision, and on top of that: communication. IBM Watson Services offers 

different intelligent machine services that run in the cloud. Beside Watson Assistant, for the 

current study, the services used were Natural Language Understanding and Classifier, 

Watson Assistant, Speech-to-Text or Text-to-Speech, Visual Recognition. The visual 

recognition is used to detect and recognize people during the interaction. 

User Robot

Visual
Recognition

Speech-to-
Text

Watson
Assistant

 
Figure 2. The overall architecture of the complete solution 

 

Figure 2 shows the overall architecture of a complete solution. People interact with 

the robot using voice, and the speech is sent to Node-Red for further processing on the cloud. 

The IBM Watson Speech-to-Text will convert the speech to text and forwards the converted 

text to the Watson Assistant. The text will be analyzed to determine the intent of people’s 
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utterance based on the training data provided. The context and state of the conversation are 

saved to track the conversation flow between the user and the robot. However, for the 

purpose of the current thesis, we will focus on the Watson Assistant service and for the 

details of the implementation see can be seen on another student thesis’s report (de Graaf, 

2018). 

    

3.1 Watson Assistant 
Watson Assistant is a system that understands natural language input and uses a machine 

learning algorithm to respond to humans in a way that simulates a human-human 

conversation. Watson Assistant contains multiple workspaces for different applications. A 

workspace consists of all of the components that define the conversation flow. It extracts the 

user’s intention based on input sentences, steers the flow of the conversation and gathers 

information with context. When the training data is added, a natural language classifier is 

automatically added to the workspace and is trained to interpret the intent behind users’ 

utterances and communicate that understanding to Node-Red before carrying out the 

appropriate response. 

 

3.1.1 Intents & Entities 

Watson Assistant workspace consists of the artifacts that define the conversation flow and 

differentiate the robot to respond appropriately. The artifacts are explained below: 

• Intents. 

Intents are defined as goals that users will have when they interact with the robot and can 

be extracted based on a user’s input. For example, an intent named #building_facilities 

that answers questions about the location in the building. For each intent, sample 

utterances are added that reflect the input people might ask for the information they need. 

For instance, “Where is the toilet?”, “Where can I find a WC?”, or “I want to wash my 

hand” refer to the same intent which is #building_facilities. The sample of utterances is 

needed to train the workspace to recognize the user’s intents. 

• Entities. 

An entity represents an expression that serves as context for an intent. By recognizing the 

entities that are stated in the user’s sentences, the Watson Assistant service can handle 

specific actions belong to the user’s intent. For example, an entity might be a particular 

place in the building that helps the dialog to distinguish which location in the building the 
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user wants to know (e.g., user might say “Where is the toilet?”, “Where is the waiting 

room?”, or “Where is the canteen?” for the same intent #building_facilities). 

To train the workspace to recognize the entities, the possible values for each entity and 

synonyms that users might use are added, for example, an entity named @amenity and the 

values are a restroom, canteen, and waiting room.  

 

Table 1. Mapping of Entities for an Intent 

Intent Name Entities User Utterances 

(Examples) 

#Building_Facilities @amenity:restaurant “I’m hungry”,  

“I want to eat”,  

“Where I can buy food?”  

“Where is the café?” 

 @amenity:toilet “Where is the toilet?” 

“Where can I find WC?”  

“I want to wash my hand.” 

 @amenity:(waiting 

room) 

“Where I can sit?” 

“Where do I have to wait?” 

“Where is the lounge?” 

 

3.1.2 Dialog 

The dialog tool is used to build a dialog flow based on nodes that incorporates the intents and 

entities. The dialog provides a response when certain conditions are met. The dialog flow is 

depicted graphically in the workspace as a tree. A branch node is added to process each of the 

intents that the service should handle. Branch nodes are added to handle the many possible 

representations of a request based on the entities found in the user utterance or information 

that is passed to the service from the application or another external service. Two important 

nodes were welcome node and anything_else node. A welcome node is specified at the top of 

the tree and always evaluated as a start of the conversation. An anything_else node was put at 

the end of the dialog tree, and it will be processed when the user input does not match the 

condition of any other dialog nodes. 
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3.2 Conversation Design Process 

The present study followed a guide to design conversational agent adapted from IBM Design 

Thinking theory and IBM Watson Conversation Design Methodology provided by IBM 

Skills Gateway. The guide used in the present study is presented in Figure 3.  

 

Define 
Conversation Flow

Gathering User 
Utterances

Identify Users

Identify Key Use 
Cases

Sample Dialogs and
High Level Flows

Conversation 
Testing & Iteration

 
Figure 3. Conversation design process 

3.2.1 User Study 

A user study was conducted to obtain information on the existing interaction between the 

users and the receptionist. The purpose was to identify their goals and needs, how they 

accomplish their goals, what they said to accomplish their goals, and gathering the most 

frequent questions asked to the receptionist as well as the key use cases. The study was done 

with the receptionists in the company since they are the current representations of the 

company and interact directly with the users. The researcher was approaching the head of the 

receptionist in the lobby while there was no visitor coming. First, the researcher introduced 

herself and explained the purpose of the study as well as the procedure to the participant. The 

participant was asked to fill in the survey anytime they have time, and the survey would be 

picked up by the end of the day. At the end of the day, the researcher came to the receptionist 

desk to pick up the survey. The researcher asked if the participants had any questions. 

Participants were thanked for their participation, and it was emphasized that their 

contribution was highly valuable. Three receptionists were asked to take part in the study. 

The participation was voluntary, and no compensation was given. 
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A survey was developed for the current study based on literature research and first 

expectation. The following four questions were stated:  

1) What kind of people normally come to the receptionist? Please list three most common 

User Types. 

2) What are people trying to do at the receptionist desk? (For each User Types mentioned in 

no.1) 

3) Why are they trying to do it? 

4) What do they say? 

5) What are the Frequently Asked Questions (FAQs) to the receptionist? 

The results of the survey were read in-depth, and patterns across the answers were examined. 

The examination results in initial themes. Second, refined themes were defined and 

restructured after several iterations. During the refinement, the occurrence of each item was 

taken into account. Lastly, the final themes were formalized. 

The result showed that visitors, business customers, and foreign employees were 

identified as the most common user types, while appointment handling, booking a taxi and 

asking for a building pass/badge are the most frequent users’ goals in the reception desk. The 

most frequent questions including “Will you call Mr./Ms. …?”, “Can you call …?” or “We 

have an appointment with Mr./Ms. …” for appointment; “Can you provide me a badge?” or 

“I forgot my badge” for asking a building badge; and, “Can you book me a taxi?” or “Can 

you call a taxi?” for booking a taxi. Other questions answered in the survey were “Where can 

I find room …”, “Where is the toilet?” or “Where is the waiting room?” for asking a certain 

room in the building; “I lost my …, did someone bring it?” for lost and found; and, “What is 

the Wi-Fi here?” regarding the facilities. 

 

3.2.2 Key Use Cases 

Based on the result of the user study, it was chosen that appointment handling is the 

main interaction for the robot, considering the practical limitations of the other most frequent 

users’ goals. Booking a taxi was not included in the interaction as it happens only after the 

users have already been inside the building. In addition, providing a badge is also not 

included in the interaction flow as it needs a real human to check the visitor’s id and to 

provide the badge. Consequently, answering questions regarding the facilities was chosen as 

the minor interaction as well as play a small quiz. 
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3.2.3 Conversation Flow 

After we had a clear picture of the users and the key use cases, then, we defined the 

conversation flow. First, a sample dialog was written to give a quick sense of the 

conversation flow. It conveyed the flow that the user experience without any constraints, 

which was called ‘a happy flow’. To illustrate the ‘happy flow’, imagine the following 

conversation: 

Robot : Hi, I’m Casper. Welcome to IBM. Do you have an appointment today? 

User : Yes. I have a meeting with John. 

Robot : Okay. What time? 

User : At 10.30 

Robot : Let me confirm it. So, you have an appointment with John at 10.30? 

User : Yes. 

Robot : Great! Could you please tell me your first name, so I can notify your host that you 

have arrived? 

User : My name is Linda. 

Robot : Thank you. I have notified your host of your arrival. 

- Robot Receptionist 

 

3.2.4 Gathering User Utterances 

The first step to gather user utterances for each intent is by putting ourselves in user’s shoes. 

For example, for the conversation mentioned in the section 3.2.3, the intent was 

#appointment. Imagine what we would said if we have an appointment. “I have a meeting 

with John”, “I have an appointment with John”, “I would like to meet John” or “I’m here for 

John” were sample user utterances that were employed as a first training data to be used in a 

dialog flow. 

 

3.2.5 Sample Dialogs and High-Level Flows 

To build a sample dialog for #appointment intent, two components were needed from the 

users, namely the name of the employee and the time of appointment. These two components 

were checked in the appointment database and needed to notify the employee. There were 

three options identified:  

1) Users’ utterances already included the name of the employee and the time. For 

example, “I have an appointment with John at 10.30.” 
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2) Users’ utterances only contained the name of the employee. For example, “I’d like to 

meet John”. 

3) Users’ utterances did not contain both of the components. For example, “I have an 

appointment”. 

For each option, different dialog responses were created. Furthermore, to accommodate 

another key use case, the same process was performed. The overall interaction is shown in 

Figure 4. 

Start

Greetings

Appointment

Appointment Dialog

A small quiz

Answering Questions

End

No

Yes

 
Figure 4. The main conversation flows 

 

3.2.6 Conversation Testing and Iteration 

Another study was conducted to test the flow of the interaction and the overall performance 

of the conversational agent. This was also done to see the possible errors that could happen 

when the complete solution was integrated and if the speech recognition works perfectly. The 

conversational agent was built to handle two things, namely to handle the appointment of 

visitors and to answer the question about the facilities in an office building.  
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The participants were asked to imagine themselves as a visitor in an office building 

and that it was the first time they came to the office. They had an appointment with an 

employee at a certain time. The participants were told that the name of the employee and the 

appointment is up to the participants. They were also told to imagine when they enter the 

building, there was a robot greeted them and asked about the purpose of the participants came 

to the building. From that point, the interaction was up to the participants. However, the 

researcher emphasized that although the interaction was up to the participant, the participants 

were asked to act as real as possible and to stick to the purpose of the visiting. The 

participants also had a chance to ask if the instruction was clear and if the participants had 

any questions. Next, the participants were asked to sit in front of the laptop and to start the 

experiment. The participants were told that they could stop anytime during the testing. In 

total, eight users were participated in the study and were invited based on personal contact. 

Participations were voluntary, and there was no compensation given.  

For the analysis, the log of the conversation for each participant was checked. For 

each user turn, the utterance was analyzed if it matched with the correct intent and if it 

corresponds to the system utterance. For each mismatch, the user’s utterance is added to the 

correct intent as a sample. The dialog flow was also re-arranged to improve the flow of the 

conversation. This process was done for each participant’s response. 

 

3.3 The Complete Solution 

In this phase, Watson Assistant was integrated with the other services (Speech-to-Text, Text-

to-Speech, and Visual Recognition). When users talk with the robot, the voice is sent to 

Node-Red. The Speech-to-Text will convert the input speech to text. However, only 

converted text with confidence level higher than 0.5 was sent as an input to Watson Assistant. 

If the confidence level was below than 0.5, it would be rejected. The context for each turn in 

the dialog was also determined. The purpose was to give value to each node whether to send 

a certain action for the external services. Then, the text sent to Watson Assistant will be 

analyzed to determine the intent of a user’s utterance and whether a certain node is needed to 

be executed. The context and state of the conversation are also saved to track the 

conversation flow between the user and the robot. 
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IV – Method 
4.1 Design 

The study employed 2 (TerseYouCanSay vs. apology) between-subject design as independent 

variables. The study was a field study, and the robot would serve as a hospitality robot at the 

IBM office’s building. However, the present study only performed the first usability testing 

phase. Since, based on the result of the study mentioned in Section 3.2.6, it was known that 

the robot had difficulty in recognizing the name. Thus, it was determined that for the usability 

testing the robot task was only to assist visitors and to handle their appointments-check 

between the visitor and employee.  

The different between the two conditions was in terms of the recovery strategies 

used after the robot failed to get the name of the employee for the appointment. For 

TerseYouCanSay condition, the robot pointed out what participants could say at the point, 

“You can say the name of the employee or the event”. While in Apology condition, the robot 

was saying “I’m sorry, I did not get the name of the employee”. This was decided since the 

main functionality of the robot for this project is to handle the appointment of the visitors. 

Furthermore, if to recognize the name is troublesome, the appointment could not be further 

processed. In addition, humans have a name. Although not everyone can recognize 

everyone’s name easily, humans always find a way to get the other people’s name correctly. 

It also shows the ability to interact socially. 

 

4.2 Participants 

The participants were IBM’s employee. In total, 39 participants participated in this study. 

They were contacted by personal connections, and the sample consisted of people who are 

most easy to reach. This means that we used a non-probability sampling and the number of 

participants was based on a convenient sample. Those people were not necessarily novices. 

There was also no need for this requirement since the objective of this study was not to 

identify the interaction of first-time users with the robot, but rather to investigate the effect of 

conversation recovery strategies on people’s perception towards the robot. However, 16 out 

of 39 participants reported that they had no prior experience with the robot. 

 

4.3 Setting and Stimulus 

The experiment took place at IBM Benelux office in Amsterdam, The Netherlands. The robot 

was placed in one of the meeting room in the office. The location of the meeting room was 
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varied due to the convenience of finding the participants. A laptop was used to provide the 

link to fill in the robot evaluation questionnaire at the end of the experiment. The 

questionnaire was built using LimeSurvey. A mobile phone’s voice recorder was also used to 

record the interaction between the participant and the robot. 

 

4.4 Measurement 
4.4.1 Subjective Measurement 

The Godspeed questionnaire (Bartneck, Kulić, Croft, & Zoghbi, 2009) was used as dependent 

variables to measure people’s perception towards the robot. However, the composition of the 

questionnaire presented in this study was adapted based on The Robotic Social Attributes 

Scale (RoSAS) questionnaire (Carpinella, Wyman, Perez, & Stroessner, 2017). To check the 

manipulation, “Did the robot understand what you said?” was asked after the robot’s 

perception questionnaire was presented. The questionnaire used a 5-point Likert scale to 

indicate how often the robot understood participants’ utterances, from Never, Rarely, 

Occasionally, Frequently, and Constantly. The users’ prior experience with the robot was 

also checked. “I work with humanoid robots on a daily basis” was asked with 10 points-scale, 

with 1 as Not at all and 10 as I work with humanoid robots on a daily basis. See Appendix B 

for the complete list of the questionnaire. Participants were also asked two questions after the 

experiment: “What do you think of the interaction?” and “Any suggestion for improvement?”. 

The purpose was to assess their verbal evaluation of the interaction with the robot and to seek 

suggestions for the improvement of the complete solution since this study was the first testing 

phase. 

 

4.4.2 Objective Measurement 

The objective data from this experiment was also collected to see the breakdown of 

descriptive statistics for two conditions. The  objective measurements included: 

1) Task completion by the robot; evaluated as true if the robot could get the name of the 

employee and the appointment time and confirmed as a correct by the user. 

2) Complete interaction; evaluated as true if the interaction was finished until the ratings of 

the interaction. 

3) A total number of turns by the user and the robot. 

4) A total number of turns by the user; this was divided into two division, either using the 

speech or touching the robot’s screen. 
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5) A number of errors; user utterances was evaluated based on Bohus & Rudnicky (2008) 

source of error analysis. Each user utterance was labeled as a misunderstanding, out-of-

grammar, out-of-application-scope, out-of-domain, user responses to non-understanding, 

and corrections. 

6) A number of recovery strategies. 

7) Duration of the interaction. 

 

4.5 Procedure 

Participants entered the room and asked to sit in front of the robot. After the participant sat, 

the researcher explained the purpose of the experiment as well as the procedure. First, 

participants were asked to talk with the robot and ask the robot about personal things (e.g., 

name, age, gender, favorite books, favorite movies, favorite colors, etc.). There was no strict 

rules or restriction on how they should interact with the robot. The purpose was to make the 

participants familiar with the robot and the interaction. After the participants interacted with 

the robot, the researcher explained the procedure of the real testing. The participants had to 

imagine themselves as an IBM’s visitors, and this was the first time that they came to the 

IBM office. They had to imagine that when they entered the main building, the robot would 

stand between the main entrance of the building and the receptionist desk. The robot could 

assist the appointment of IBM’s visitors and answering people’s questions regarding the 

facilities in the building. However, for the experiment, the participants were told to have an 

appointment with an IBM’s employee. The name of the employee and the appointment time 

were the choices of the participants themselves. The participants were also asked before the 

real experiment if it was okay to record their voice when they interacted with the robot. 

After the real testing, the participants were asked to evaluate the interaction as well 

as any suggestions for improvement. Then the robot’s evaluation questionnaire was 

presented. 

 

4.6 Statistical Analysis 

The result of the questionnaire was analyzed and compared for each group based on recovery 

strategies using Multivariate Analysis of Variance (MANOVA). Before MANOVA analyses 

were performed, Cronbach’s alphas were calculated to check the internal consistencies for 

each item in the RoSAS questionnaire. Shapiro-Wilk tests were also performed to check the 
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normality of the data. 12 out of 39 total observations were not included in the MANOVA test 

since the data did not include the manipulation.  
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V – Results 
5.1 Perception of the Robot 
To measure the effect of conversation recovery strategy, 13 participants were excluded since 

they did not experience the manipulation condition. Only 27 participants were included in the 

analysis. First, reliability analyses were conducted to test the internal consistencies of the 

dependent variables. The Cronbach’s alpha (α) shows sufficiently reliable with an alpha value 

of 0.8419 for anthropomorphism, an alpha value of 0.7078 for animacy, an alpha value of 

0.8868 for likeability, and an alpha value of 0.8922 for perceived intelligence. 

To test the effect of experimental conditions on the dependent measures, 

multivariate analyses of variance (MANOVA) were conducted with a 5% confidence level. 

Mean values (M) and standard deviations (SD) are summarized in Table 2. 

 

Table 2. Mean and standard deviation values of the dependent variables reflecting 

participants' perception of the robot 

Dependent Variables 
 Conditions  

Terse You Can Say Apology 

 M ( n = 16 ) SD ( n = 16 ) M (n = 10) SD (n = 10) 

Anthropomorphism 3.11  0.65 2.8 0.96 

Animacy 3.40 0.51 3.53  0.88 

Likeability 4.29  0.53 3.95 0.89 

Perceived Intelligence 3.51 0.72 3.10 0.77 

 

Results show no significant effect of the condition on all dependent measures. 

Specifically, they confirm that the manipulation of the robot’s conversation recovery 

strategies had no significant effect on participants’ rating of the anthropomorphism which 

reflects their attribution of human traits to the robot ( F (1,25) = 0.79, p = 0.38). It also had no 

significant effect on their assessment of the robot’s animacy ( F (1,25) = 0.21, p = 0.65). 

Furthermore, analyses indicate that the manipulation of the robot’s verbal strategies also had 

no significant effect on participants’ perception towards the robot’s likeability ( F (1,25) = 

1.67, p = 0.21) as well as the robot’s perceived intelligence ( F (1,25) = 1.13, p = 0.30). 
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5.2 Objective Results 

The dialogues between the participants and the robot collected in this experiment contain 39 

subjects and a total of 1516 turns. The corpus data was transcribed by a human annotator. The 

transcriptions were labeled based on Bohus & Rudnicky (2008) scheme, at the turn level and 

session level. Table 3 shows a number of interaction corpus statistics. 

 

Table 3. Overall interaction corpus statistics with a minimum, maximum and average value 

per participant. 

 Min  Max  Average  Total 

# Participants - - - 39 

# Total turns 20 95 38.87 1516 

# User turns using speech 7 46 17.97 702 

# User turns using touchscreen 0 3 0.08 3 

# Robot turns 10 49 20.67 806 

Types of Error     

Misunderstanding 0 2 0.10 4 

Out-of-grammar 0 9 1.23 48 

Out-of-Application-Scope 0 7 1.18 46 

Out-of-Domain 0 9 0.64 25 

User responses to non-understanding 0 11 2.97 116 

User responses to NU triggered by the robot 0 10 2.07 81 

Corrections 0 3 0.31 12 

Interaction Finished - - - 25 

Recovery Strategy 0 8 1.23 48 

Task Completion - - - 33 

 

Figure 5 shows that in the Terse You Can Say condition, the error type of User 

Response to Non-understanding by Themselves (32.4%) is slightly higher than User 

Responses to Non-understanding by Robot (28.3%). Out-of-Grammar, Out-of-Application-

Scope, and Out-of-Domain have percentages of 13.3%, 12.1%, and 6.94%, respectively. 

Correction and Misunderstanding have less than five percent of the total number of errors. 

In the Apology condition, the error type of User Response to Non-understanding by 

Themselves (44.8%) is the highest, followed by User Responses to Non-understanding by 
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Robot (28.4%). Out-of-Grammar, Out-of-Application-Scope, and Correction have 

percentages of 13.4%, 8.96%, and 4.48%, respectively. None of the participants in the 

Apology condition had errors of Misunderstanding and Out-of-Domain. 

 

 
Figure 5.  Breakdown of the error types for each condition. 1 = Terse You Can Say, 2 = 

Apology 

 

Table 4 shows the contingency table of the type of errors in two conditions. The 

value in the first line shows the observed error frequency and the value in the second line 

shows the Pearson adjusted residual. The result of the Pearson chi-square test indicates that 

there is no significant association between the type of errors in Terse You Can Say and 

Apology condition, X2 = 8.71, df = 6, p = 0.191. 

 

Table 4. Contingency table of error types for Terse You Can Say and Apology. 
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Terse 

You 

Can 

Say 

4 23 21 12 56 49 8 

1.255 -0.028 0.700 2.212 -1.798 -0.005 0.049 

Apolog

y 

0 9 6 0 30 19 3 

-1.255 0.028 -0.700 -

2.212 

1.798 0.005 -0.049 

 

 

5.3 Qualitative Results 

We also looked at to the answers people explained for two questions asked after the 

interaction (Section 4.4.2) because it can give insight into how people experienced the 

interaction with the robot. After the transcription, all speech fragments in what people said 

that seemed important were summarized. If a few quotes had the same concepts, an 

overarching theme was added. For example, the “speech” theme was created when people 

mentioned that the robot had difficulties to get the names. In this way, an overview was 

created that summarized all the findings. While gathering all the data snippets, it was also 

taken into account how many times something seemed like a problem or proved to be helpful 

for the participants. Finally, we looked at the document with all data snippets and started to 

re-categorize them on a mind map. From what we had seen up to then, we thought of some 

themes to start with. Then, we looked at the data snippets to see whether it belonged to a 

theme already, or whether we should add an extra theme. With these patterns, we were able 

to get an overview of a number of categories that people talked about. Themes that represent 

the most important and recurring findings are explained below.  
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Figure 6. Mind map of Users' Verbal Feedback of their interaction with the robot 

 

1) Overall Interaction 

Many participants in evaluated the overall interaction as a positive interaction [“It was pretty 

cool. And I think overall is working well. So, it was fun, fun to do” (P10), “I never really 

talked with a robot like this before. So, this is really good” (P18)]. Although the flow of the 

interaction is not always steady from the beginning until the end of the interaction [“At the 

beginning, it was working very well” (P24), “It was good. In the beginning, it was good” 

(P26)], the appointment handling was clear [“Nice, we got to the point” (P28), “I think it’s 

good. Like the thing we had to do, he did it well” (P30)]. 

The flow of interaction was also affected by turn-taking delays between the robot 

and participants. Some participants reported that the reaction time could be better [“Maybe 

the speed could be improved a little bit” (P10), “It should be slightly faster, because it takes 

a certain time to response” (P22)], while other participants suggested the opposite side [“I 

noticed regularly when I was talking, she was interrupting what I was saying” (P37), “You 

get not enough time to reply, and it's already going to the next” (P38)]. 
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2) Speech 

During the interaction, the participants reported that the way they spoke had to be clear [“I 

like it so far. But you have to talk really clear so that she can understand” (P23)]. Otherwise, 

the robot correctly interpreted the word(s) but would reject it [“First, she recognized it 

Rosina, but somehow sticks to Rosie” (P26)]. At some point, the robot would not give any 

answer and stayed silent [“The robot was not saying anything, and I thought this was finished 

because it didn’t ask any questions” (P17), “It doesn’t listen anymore, not responding 

completely to everything” (P27)]. When the robot was silent and did not give any responses, 

the participants notice it and keep asking the robot, [“He understood me on the third time” 

(P30)]. 

Furthermore, when the robot could interpret participants’ utterances, but it does not 

in the conversation tree, it will keep giving the same answer [“It was like “I’m trained to …” 

blah blah blah, okay, what I’m supposed to say now” (P8), “It worked well at some parts 

and, then, I think it just got stuck” (P24)]. Some participants believe one of the problem’s 

cause was their accents [“Maybe also because I have a different accent” (P26), “Maybe 

because of my accent, he’s not good understanding what I’m saying” (P34)]. 

The problems arose more when the robot tried to get the name of the employee 

[“The robot didn’t understand the names correctly” (P1), “It’s hard picking up names, I 

think” (P36)]. The robot had difficulties to recognize non-English names [“I mean, Alex 

worked because it’s an easy name, but Dorottya Zoltan Manfred no” (P13), “My name is 

Kerem, maybe it’s a hard name to get” (P38)]. In addition, it also had difficulties to get the 

appointment time [“Because if I said twelve fifteen, it wasn’t getting it. If I say o clock, twelve 

fifteen o clock, then it may recognize it” (P22)]. 

In contrast, the speech performance was not always troublesome [“Sometimes you 

wrong but most of the time that was correct” (P17), “It understood what I was saying. So, 

it’s cool” (P18), “It was really picking up everything that I was saying” (P24), “Once he gets 

what I’m saying, he answered correctly” (P34)]. 

 

3) Tablet 

Although some participants thought the display was a little bit confusing [“At first, I was 

confused because I didn’t know if I can press the button or not” (P35)] and sometimes did 

not go smoothly [“There are times the transcription doesn’t appear” (P22), “Sometimes it 

appears that the screen was jamming a bit” (P37)],  the participants had a positive 

impression about the tablet where they could see the sentences they said on the screen [“It’s 
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nice that you actually can see it on the screen of what you have spoken” (P29), “The fact that 

what you’ve said is written and tried to understand is quite convenient to see” (P35)]. The 

participants also thought that the suggestion button was a good feature [“Actually I like the 

question with the buttons. It makes it easier if it couldn’t understand what I said. That’s a 

good point” (P20), “You have an extra step to check, I think this is very cool” (P24)]. 

However, there were some obstacles during the typing phase: when participants 

typing their names on the screen, the could not see what they typed [“I could not see what I 

was typing. So, I made mistake and I was obliged to erase all and re-type my name again” 

(P17), “One thing about the keyboard, when I typed my name I couldn’t see it. When I 

pressed enter, then I can see my name” (P20)] and, even after the participants entered their 

names by typing on the screen, the robot still did not get the name correctly [“Because when I 

was entering into the screen, it was not recognized by the robot” (P10]. 

 

 

4) Emotional States 

Participants expressed their feelings after they interacted with the robot. People had a positive 

impression with the robot [“It was good! I like it, I do like it” (P9), “That’s cool!” (P13), 

“That’s nice! That’s pretty! I don’t know what to say, because this is impressive” (P17), “I 

never really talked with a robot like this before. So, this is really good!” (P18)] and attribute 

it with human traits [“It felt a bit like human interaction” (P21)]. Meanwhile, other people 

had not a positive attitude towards the interaction with the robot [“It’s quite frustrating it 

couldn’t understand what I said” (P20), “Because it’s not working properly, it’s not very 

pleasant experience at this point of time” (P29)]. 

Participants were also confused at the beginning [“Sometimes I was a bit confused 

when to talk” (P21), “It was really confusing you cannot know what’s happening” (P35)] and 

experiencing uncertainty [“Okay, what I’m supposed to say now. Like I really didn’t know” 

(P8), “I’m not sure if it understood me properly or not” (P22), “Then you get uncertain 

about the things you need to say” (P29)]. 

 

5) Other Themes 

Other categories that people mentioned frequently when they evaluated the interaction with 

the robot were gestures, quiz, and suggestions. In gestures, although some of them already 

attributed human-traits [“She’s a little bit too fast in the movement. Like a young kid, huh?” 

(P37), “She looks a bit all around, maybe she’s curious” (P38)] or participants think the 
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movement was nice [“I think I like the movement, it’s really good” (P9), “I really like the 

hand gestures and the bumping of the head and everything” (P24)], there were some 

impression left by the robot [“The way she’s moving a bit distracting” (P29), “For the 

movement, I don’t know, he’s like shaking” (P32)]. 

In addition to the overall gestures, some participants also mentioned that the robot’s 

hand should be calmer [“Look, the finger! He’s not calm, you know” (P32), “I’d move less 

the hand, because for example, when I was going to type, and this guy hit me with the hand” 

(P34)] as well as the head movement [“Sometimes I feel like it’s paying attention and 

sometimes I feel like it’s looking everywhere” (P27), “Sometimes it was looking away, 

because you are there” (P32)]. 

 

Table 5. Contingency table of the occurrences of themes Terse You Can Say and Apology 
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7 
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36 

2.8

26 

-

1.

27

1 

-
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Based on themes explained above, the number of people mentioned each theme were 

counted for both of conditions. The result was differentiated between positive and negative 

evaluation to see the difference in how they rated their interaction with the robot. Table 5 
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shows the contingency table of the number of people who rated each theme in 

TerseYouCanSay and Apology condition. The result of the Pearson chi-square test indicates 

that there is no significant association between the type of errors in Terse You Can Say and 

Apology condition, X2 = 15.10, df = 12, p = 0.236. 

 

 
Figure 7. User verbal evaluations of their interaction with the robot. In the x-axis is the 

positive and negative evaluation for each theme. In the y-axis is the number of people who 

mentioned the theme in x-axis in regards of two conditions. 

 

Figure 7 shows the percentage of users in terms of verbal evaluation regarding their 

interaction with the robot based on each theme. As can be seen, although more than 70% of 

participants in both conditions evaluated the overall interaction as a positive interaction, the 

most striking trend in the graph is that negative evaluation concerning speech performance is 

common in both conditions. All participants in the Apology condition evaluated the speech 

interaction with the robot as a poor performance. Furthermore, none of the participants in 

TerseYouCanSay condition rated the robot’s movement as a negative evaluation, while 60% 

participants in the Apology condition evaluated the robot movement as a negative. 
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VI – Discussion & Conclusions 
The present study was aiming to integrate the existing conversational agent technology 

capable of conversing using natural language into a robot in a field study. The specific case 

of this study was to examine the effect of conversation recovery strategies on people’s 

perception towards the robot. In an effort to get more insight into error-handling in human-

robot conversation with a mixed-initiative conversational agent, we performed error analysis 

and investigating the effect of TerseYouCanSay and Apology. The first challenge of the study 

was designing the interaction for human-robot conversation in field studies. Then, apart from 

the integration with the robot and assuming the speech recognition worked excellently, the 

conversation flow was tested, and user utterances were gathered. However, the conversation 

flow was not stable enough to complete the interaction. Nevertheless, the results showed that 

errors could still occur even the speech recognition worked perfectly, giving an opportunity 

to apply the conversation recovery strategies. 

The second challenge was to implement the conversational agent into a robot and to 

measure the effect of these conversation recovery strategies on people’s perception towards 

the robot in the field. The study was piloted in a field study with the office’s employee.  

 

6.1 General Discussion 

To test the hypotheses, the result of the experiment was analyzed. It showed that the robot 

could recover the conversation back on the track and get the information needed using 

TerseYouCanSay and Apology when the robot could not recognize the name of the employee. 

This result confirmed other studies in terms of error recovery strategies (Bohus & Rudnicky, 

2008; Lee et al., 2010; Robinetter et al., 2015; Brooks et al., 2016). 

 Regarding the recovery strategies between two groups, there were no significant 

differences in how people evaluated the robot regarding the two types of conversation 

recovery strategies. However, in contrast to what we expected, we found that a higher trend 

regarding the mean of how people rated the robot in the TerseYouCanSay condition in terms 

of anthropomorphism, likability and perceived intelligence, than the users in Apology 

condition, although not significantly so. We believe that the Apology shows to the users that 

the robot recognized its previous aware, while in TerseYouCanSay people may do not think 

that there was an error. In Robinette et al. (2015) study, the robot that tried to apologize 

immediately after the robot broke the user’s trust was not successful to repair the user’s trust 

thus left a negative impression to the user. However, the data are similar for participants in 

the TerseYouCanSay condition. 
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Furthermore, in contrast with the result of their verbal feedback in the qualitative 

data, people in the Apology condition rated a higher trend in terms of animacy of the robot 

than people in TerseYouCanSay condition. In their verbal evaluation, people in 

TerseYouCanSay condition did not negatively rate the gestures of the robot, while more than 

half of the people in Apology condition rated the robot’s gesture as negative.  

Moreover, an error source analysis in our study has confirmed that the speech 

recognition errors caused a large number of the errors. This result aligned with Andrist et al. 

(2017) study which suggests that the most of the detected errors are from the speech 

recognition technology. In our study, users acknowledged the robot’s error and contributed 

most to the user responses to a non-understanding error by repeating or rephrasing their 

utterances. This suggests that the users employed the same mental model as they interacted 

with humans. When we talked with another person, and the other person did not get what we 

said, we tend to repeat or rephrase our sentences. 

In addition, users were not always aware of the full functionality of the robot. They 

asked the robot to show them the meeting room, which was not the capability of the robot.  

Although we already implemented this kind of requests by steering and emphasizing the 

functionality of the robot be to handle the appointment and to answer the questions about the 

facilities in the building. This shows that their expectation of the robot’s capability is higher 

than just to handle the appointment and answer their questions. One possible explanation is a 

natural tendency to anthropomorphize the non-human objects as a human (Reeves & Nass, 

1996; Duffy, 2003). A humanoid shape robot often evokes expectation concerning the robot’s 

capability. Thus people expected the robot more than what the robot emphasized. 

In addition, it was noticed by the researcher that more than half of the participants 

were international people with very different accents. Only a few people were native English 

speakers, and it was noted that the robot recognized the speech easier when talking with 

native English speakers than the other participants. It resulted that the data could varied 

greatly in terms of interaction. 

 

6.2 Implication 

From the present study, several lessons could be drawn for research design of field studies on 

the integration of a conversational agent into a robot. One of the aspects is when the speech 

interface is not developed flawlessly; then it might be helpful to have other modalities in the 

interface as well. In our case, this was a tablet since people appreciated that they were able to 
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type their names. Otherwise they would get stuck in a loop. It is also important to have an 

indicator of the robot’s status in the design of the conversational robot. Several participants 

declared that they were not sure when to talk to the robot and were wondering if the robot 

already processed the information. This is similar to in human-human conversation as 

humans provide social cues when they interact with other humans. 

Another aspect was the gesture of the robot. Since many people indicated that they 

were confused by the robot’s gesture, it is necessary to design the robot’s gestures 

accordingly. For example, when the user is typing his or her name on the screen, the robot 

should stay still instead of moving its hands. The head movement should also be reduced as a 

few participants specified that they felt the robot did not pay attention to them when they 

were talking. This suggested one of the error types described by Giuliani et al. (2015) which 

is a social norm violation.  

 

6.3 Limitation and Future Research 

Although the conversational robot was not placed as a hospitality robot in the office lobby to 

handle the real appointment, the interaction was tested successfully between the participants 

and the robot. All in all, the present study is a first attempt to apply different types of 

recovery strategies in human-robot interaction in the field. More research should be 

conducted in this area of study. For one, care should be taken due to the small sample size 

and an unbalanced number of observation for each group for running statistical analyses. The 

actual conversations people have with the robot vary greatly resulting in very noisy data. 

Second, the participants were recruited using the personal connection and participated in a 

voluntary basis which increases the chances for bias in sampling. The participants may have 

adjusted their behavior in order to be helpful for the researcher. Moreover, the locations of 

the experiment were always different, and they may have a knowledge about IBM Watson 

services which could have impacted the way they interact with the robot. The present study 

also used only one annotator without using a second annotator to check the speech 

transcription and error labeling. External annotators should be hired for future research to 

check for consistency. 

Since the current study was a task-based study to handle appointment with a focus in 

the error name, many participants were not consistent with the name of the employee and the 

appointment time as they could change the name or the time when they noticed that the robot 

could not understand it well. In addition, to reduce the role of the researcher, it will be 
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interesting to see the real interaction between the participants and the robot in the real 

environment without the existence of the researcher for future research. The ambiance of 

having appointment and time constraints are factors that interesting to see. Another area of 

research, future study should explore the chat-based conversational robot. This could give an 

insight to what extent the conversation between the participants and the robot lasts and what 

kind of errors happens in the chat-based conversational robot. 

 

6.4 Recommendations 

The findings of the current study gained insight into the error types and the effect of recovery 

strategies in the human-robot conversational interaction. This has implications for both the 

hospitality project, which continue after the completion of this study and the implementation 

of a conversational agent into a robot in general. Recommendations for the hospitality robot 

project will be discussed. First, it is highly recommended to have a feedback cue as a status 

or indicator whether the robot is listening, processing, and speaking. Almost all the errors 

happened during the interaction resulted from the mismatch in the ASR level (Bohus & 

Rudnicky, 2008). Many participants also indicated that they were not sure when to talk, did 

not know what to say, felt the robot’s response was slow while others noticed that the robot 

did not give enough time to let them speak. Second, it is also recommended to have a 

summary of all the necessary information to handle the appointment. This includes all of the 

steps have processed and to be processed to get the information. In the end, participants 

wanted to make sure if the robot obtained all the information correctly, instead of taking all 

the values on its own. 

Besides the recommendation for the hospitality robot project, the practical 

implication of the current study will be considered. First, existing conversational agent 

technology could be used and integrated with human-robot interaction. One of the aims of the 

current study was to explore the possibility of human-robot interaction focusing on the 

conversational capability using natural language. It was expected that the robot could 

converse with people using their natural language and could engage people to interact with 

the robot. However, there was no conversation design methodology specifically focused on 

HRI. Thus, this area could be explored more, and more research is needed in this field. 

Additionally, one of the findings of the current study was that the robot had 

difficulty in recognizing non-English names. As a robot implies human characteristics and all 

humans have a name as their identities, it is important to have a possibility to spell the name 
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instead of typing on the screen. It could reveal a more human-like trait as not everyone knows 

all the names in the world, yet we can recognize and understand it by spelling the name. 

However, this is still not possible to do since the speech recognition could not recognize a 

short word or a letter. An interesting idea of research is to explore whether people attribute 

human-like trait to a robot that could recognize the name spelled by human or the name typed 

on the screen. 

 

6.5 Conclusions 

To summarize, interaction with a robot using natural language understanding can vary greatly 

and can lead to miscommunication. However, in general participants in both condition 

evaluated their overall interaction with the robot as a positive interaction. Even when the 

robot made errors, the robot was able to get back on the conversation and can gather the 

information needed after employed different conversation recovery strategies. However, there 

was no significant differences on how people perceived the robot in terms of different 

conversation recovery strategies. This study offers insight on conversation recovery strategies 

in a real environment. In the near future, we will be expected to interact with the robot using 

natural language capability more often in our daily life. We hope the result of this study could 

make a contribution to a better understanding of conversational robot and help to design a 

conversational agent into a robot.  
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Appendices 
Appendix A: A survey for a user study with the receptionists 
Questions: 

1. What kind of people normally come to the receptionist?  

Please list the most 3 common User Types. 

a.  

b.  

c.  

2. What are people trying to do at the receptionist desk? (For each User Types mentioned in 

no. 1) 

a.  

b.  

c.  

3. Why are they trying to do it? 

a.  

b.  

c.  

4. What do they say? 

a.  

b.  

c.  

5. What are the Frequently Asked Questions (FAQs) to the receptionist? 

  



Page 47 of 47 
 

Appendix B: User’s perception questionnaire towards the robot 
 
1. Please rate your impression of the robot on the scales below: 

Machinelike  1 2 3 4 5  Humanlike 
Mechanical  1 2 3 4 5  Organic 
Artificial   1 2 3 4 5  Lifelike 
Moving rigidly  1 2 3 4 5  Moving elegantly 
 
Dead   1 2 3 4 5  Alive 
Unconscious  1 2 3 4 5  Conscious 
Fake   1 2 3 4 5  Natural 
 
Awful   1 2 3 4 5  Nice 
Dislike   1 2 3 4 5  Like 
Unpleasant  1 2 3 4 5  Pleasant 
Unkind   1 2 3 4 5  Kind 
Unfriendly  1 2 3 4 5  Friendly 
 
Incompetent  1 2 3 4 5  Competent 
Ignorant   1 2 3 4 5  Knowledgeable 
Foolish   1 2 3 4 5  Sensible 
Unintelligent  1 2 3 4 5  Intelligent 
Inert   1 2 3 4 5  Interactive 
Irresponsible  1 2 3 4 5  Responsible 

 
2. Please rate your emotional state on the scales below: 

Anxious   1 2 3 4 5  Relax 
Agitated   1 2 3 4 5  Calm 
 

3. Please rate on the scales below, how was your experience talking to the robot? 
Did the robot understand what you said? 
Never  Rarely   Occasionally  Frequently Constantly 
 

4. Please rate on the scales below, how much experience you have with robots? 
I work with humanoid robots on a daily basis 
Not at all 1     2     3     4     5     6     7     8     9     10 I work with humanoid robots on 
a daily basis 
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