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Abstract. In this paper, we conceptualize human-robot interaction (HRI) such 
that a 3-way relationship among a human, robot and environment can be 
established. Various interactive patterns that may occur are analyzed on the basis 
of shared ground. The model sheds light on how uncertainty caused by lack of 
knowledge may be resolved and how shared ground can be established through 
interaction. We also develop measures to evaluate the interactivities such as an 
Interaction Effort, Interaction Situation Awareness using the information theory 
as well as Markovian transition. An experiment is carried out in which human 
subjects are asked to explain or answer about objects through interaction. The 
results of the experiments show the feasibility of the proposed model and the 
usefulness of the measures. It is expected that the presented model and measures 
will serve to increase understanding of the patterns of HRI and to evaluate the 
interactivity of HRI system.  

Keywords: Human-Robot Interaction, Shared Ground, Metrics, Interaction 
Effort, Interaction SA. 

1   Introduction 

Robots are expected to provide various services in our daily lives and to actively 
interact with ordinary people rather than only robot experts. A great deal of effort is 
being exerted to develop communication and coordination systems between humans 
and robots in order to realize an efficient, collaborative, and affective relationship. In 
this paper, our research goal lays on the development of a formal model of HRI as 
well as measures based on the model. Scholtz[1] presented role model of human 
operator in the interaction with robot. Dautenhahn[2] presented various levels of 
interaction between human user and service robot. We attempt to construct the model 
of 3-way relationship between human, robot, and their surrounding environment using 
information theoretic approach. Conventionally, Artificial Intelligence (AI) has 
focused the linkage between an intelligent system and its environment, whereas 
Human-Computer Interaction (HCI) or Human Machine Interaction (HMI) has 
focused on the linkage between human user and artificial system. These linkages have 
been independently studied in those areas. However, as a robot moves in our daily 
environment and frequently interacts with ordinary people, a robotic system is 
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demanded not only to be intelligent but also to be communicative. In this sense, the 
linkage between human, robot and environment are interwoven in HRI, and our 
research focuses on how a shared ground is established on these three variables. 

Second research goal is the development of measure based on the model. In spite 
of increasing efforts in the measurement of human-robot interaction, the research on 
HRI still suffers from a lack of a general evaluation method or metric. Steinfeld et 
al.[3] pointed the necessity of common metrics to measure system performance, 
operator performance, and robot performance in HRI, and raised issues of common 
metrics in a diverse range of human robot applications such as navigation, perception, 
and management. So, our research extends to develop the measures that evaluate the 
interactivity of HRI. These measures are designed to show whether agents share a 
ground or not, whether the interacting state is converged into a shared ground state, 
and how much interaction effort are required to form the shared ground. With these 
theoretical model and measures, an experiment is carried out in which one subject of a 
paired group is asked to explain a presented object, while the other is asked to answer 
what it might be. The experiment showed results that provide sound insight of our 
approach. 

2   Formalization of Human-Robot Interaction 

HRI can be expressed in terms of a three-way relationship among a human, robot, and 
environment. One way to formalize this three-way relationship is based on 
information theory, in which three variables, the knowledge of humans, the 
knowledge of robots, and environment, can be formalized with entropy and mutual 
information. 

2.1   Modeling of Human-Robot Interaction with Information Theory  

In Fig. 1 the relationship between the knowledge possessed by human user (U), the 
knowledge possessed by robot (R) and environmental object (E) is formalized with 
entropy and mutual information. Entropy H denotes the uncertainty of a variable. 
Mutual information I is the shared portion of two or more variables and can be 
considered as a common ground between the variables. Using these concepts, the 
relationships are expressed as given in Fig. 1. 

Fig. 1 also shows that human-robot interaction can be decomposed into various 
areas that are shared by each party and those that are not shared. Each area is closely 
related to the patterns of interaction, since the interaction pattern varies according to 
the ground occupied by the agents. 

2.2   Uncertainties That Need to Be Resolved 

In order to improve the interactivity between human and robot, it is necessary to 
resolve the uncertainty caused by discrepancies in the agents’ knowledge. The 
uncertainty from the robot’s viewpoint is the area obtained by subtracting the total 
entropy of ( )RΗ  from ( )REU ,,Η .  

( ) ( ) ( )RREUREU Η−Η=Η ,,|,  .                                           (1)  
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The uncertainty from the robot’s viewpoint ( ( )REU |,Η ) can be divided into three 

parts − ( )ERU ,|Η , ( )RUE ,|Η , and ( )REU |;Ι . For each case, the robot may be 
required to remove the uncertainty in order to interact with the other agent.  

For example, the uncertainty ( )ERU ,|Η  is the unknown portion about the human 
user to the robot. The interaction process between robot R and user U, to reduce the 
uncertainty of ( )ERU ,|Η  and increase the shared information of ( )ERU |;Ι , is the 
robot’s learning process about the user. If a home service robot finds something while 
cleaning a room, it can ask the user what the object is and what it should do with the 
object. The user teaches the robot the name of the object, the place where it has to be 
moved, and how it should be handled. Instructive teaching and a learning process 
between a human and a robot can be a solution to resolve the problem of uncertainty 
caused by robot’s lack of knowledge, and can improve collaboration between the user 
and robot. 

In contrast to the robot’s uncertainty, the human user’s uncertainty is expressed by 
( ) ( ) ( )UERUUER Η−Η=Η ,,|, , which is decomposed into three parts, ( )EUR ,|Η , 
( )RUE ,|Η , and ( )UER |;Ι . 

U
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Fig. 1. Three-way relationship between U, R and E. The uncertainties in HRI are expressed 
with entropy, mutual information, and conditional entropy. 

2.3   Interaction Process Model 

From the interaction patterns for each agent to reduce its uncertainty, interaction can 
be seen as a process of reducing the uncertainty of each agent and establishing shared 
ground with other agent. As interaction between human and robot occurs more 
frequently, dynamic changes in ground formation are expected to accompany.  

The establishment of shared ground through the interaction between two agents 
can be a sequential process in which an agent’s state can be represented in terms of 
one of the regions referred to above, and this may correspond to each agent’s mental 
model (or belief) about himself or herself and partner. That is, whenever an 
interaction occurs, each agent can take an action or reaction based on his/her mental 
model. However, in order to efficiently communicate with each other, the knowledge 
states of the agents should converge into shared ground ( )ERU ;;Ι .  The sequential 
process of the interaction can be modeled with our approach.  

The interaction process of each agent is modeled as a state transition diagram. The 
regions in the diagram of the three-way relationship can be mapped to the states of 
each agent. Since an agent can share a ground with others only after it has the ground,  
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Fig. 2. State Transition Diagram of the HRI Process Model. Each region of Fig. 1 is mapped 
into each state of state transition diagram. 

the state transition can only occur between regions that are adjoined with a line. The 
state transition diagram of the interaction process is connected as shown in Fig. 2. 

3   Measure of Human-Robot Interaction 

As described above, the knowledge state of each agent can be evolved and converged 
through interaction over the course of time. More generally, we can conceptualize the 
interaction between human and robot in terms of a state transition over time. With this 
model, we have derived several measures of HRI.  

3.1   Markov Chain Model of HRI Process 

If the interaction has a set of states composed of msss ,,, 21 …  at each moment of the 

time  nttt ,,, 21 … , we can describe the probability of state is that occurs on the nth 

interaction (trial) given that a sequence of S has occurred on the previous jth 
interaction as follows: 

bSssstp jnnin === −− ),,|( 1 …  .                                     (2) 

If the conditional probability of xi is independent of all states in the sequence 
except the very previous state sj, then  

)|(),,|( 11 −−− ==== ninjnnin sstpSssstp …
 .                         (3) 

The sequential process with this property is termed a Markov chain. Our interaction 
process model is assumed to be a Markov chain as other researches [4, 5]. Thus, the 
model of the HRI process can be characterized with a state transition matrix. 

3.2   Weighted Entropy with State Transition 

Our conceptual framework of HRI is extended in order to develop a measure of 
interactivity between human and robot. In our approach, entropy, which is a measure 
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of the amount of uncertainty, is used. This entity provides a quantification of 
uncertainty and randomness in the system. In this case, the system is a model of the 
HRI process. In order to measure goal-directed activities, Belis and Guiasu[6] 
introduced utility ui of a state with its probability pi to entropy. The information given 
by the state si having a probability of pi and a utility ui is  

∑
=

−=
n

i

iii ppukI
1

log                                                       (4) 

Using this weighted entropy method with proper utilities, we can estimate whether 
interaction states are converged into a shared ground or how fast the designed 
interaction can reach the shared ground state using our approach. The utilities of the 
weighted entropy are decided as shown in equation (5). The probability value of each 
state transition is used in calculating the utility value since the larger probability has 
greater influence on converging to the shared ground state. 

When state transition occurs from S1 to S2,  

Otherwise
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3.3   Measuring Interaction Effort and Interaction Situation Awareness (SA) 

Interaction between two agents is efficient if they are in a state of shared ground, 
whereas additional efforts are required to understand each other if they are not in a 
state of shared ground. The amount of effort in understanding the other’s interactivity 
is proportional to the amount of uncertainty in the interactivity. Eq. (6) describes this 
relation. 
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⎛
′′′−′′′= ∑∑

∈∈

loglog                               (6) 

in which C is a constant value that is calculated constantly with the number of 
positive directional probabilities M and the number of non-positive directional 
probabilities L to make the minimum value of IIE is zero. k is a normalization factor. 
The equation can be decomposed into two terms representing the probability of the 
state transition directed to state 7 (shared ground state) and the probability not 
directed to state 7, respectively. 

In order to interact properly, an agent must understand what the other agent wants 
or says, and react according to the response of the other agent. For example, if the 
receiver does not understand the message delivered by the sender, the sender should 
re-explain its intention or provide more information about the message. We call this 
as interaction situation awareness (SA[7]). The Interaction SA can be measured if we 
adopt the components corresponding to the states of an agent’s understanding about 
the other agent from the state transition matrix. For example, P35 is the probability 
that an agent comes to know that the other agent knows something. Using these 
components, we can calculate the Interaction SA in terms of the difference between 
the probability of the state transition in which an agent is aware of the other agent’s 
action and the probability of the state transition in which an agent is not aware. The 
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measure of Interaction SA of each agent is given by equation (7). MSA of the first term 
is the group of probabilities that an agent comes to know the situation. LSA of second 
term is the group of probabilities such that an agent still does not know the situation. 
CSA is a constant value that is calculated constantly with the number of MSA and LSA to 
make the minimum value of ISA is zero. kSA is a normalization factor. 
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The measure of the situation awareness can be independently applied to each agent. 
In the case of HRI, we can measure a user’s awareness about a robot system and a 
robot’s awareness about a user, respectively. These two measures can be used to 
evaluate the interactivity of a designed HRI, and to improve the interactivity of the 
robot system. 

4   Interaction Case Study 

An experiment was designed to test the proposed interaction model and the measures 
of interaction. The interaction process of information transfer between two human 
agents was applied. Since an intelligent service robot be targeted to interact with 
people as a human interact with another. Hence human-human interaction (HHI) is a 
good preliminary test-bed to verify the proposed model of HRI. 

4.1   Experiment Procedure 

In the experiment, thirty human subjects from the Korea Advanced Institute of 
Science and Technology (KAIST) and Yonsei University participated. Subjects were 
asked to carry out a ‘questioning and answering’ task in which one of the two subjects 
explained about an object, and the other answered what it might be. During the task 
the questioner was allowed to provide further explanation if the answerer could not 
correctly answer. The answerer was allowed to express whether he/she could 
understand the explanation.  

The objects used in the experiment were hardware such as a gear box, milling 
blade, ball bearing, etc. These materials are familiar to students majoring in 
mechanical engineering, but may not be familiar to students of social science or art. 
Based on the subjects’ major and years, they were classified into two different groups 
– expert and novice. Furthermore, subjects were paired into one of 3 groups – expert – 
expert paired group (E-E group), novice – novice paired group (N-N group) and 
novice – expert paired group (N-E group).  

In the experiment, two subjects were located in a chamber as shown in Fig. 3. The 
experimental materials were displayed on the desk so both subjects could see them. 
The subjects of each pair took different roles (i.e., one subject as a questioner), and 
then switched their roles (i.e., a questioner would then become an answerer) after 
completing the explanation once. A trial of the task was completed if an answerer 
correctly responded and the questioner pressed a button. The next trial would start and 
continue until all items were correctly answered. During the experiment, subjects  
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Fig. 3. Scene from the experiment. Various objects from mechanical engineering are used. 

were allowed to use only linguistic expressions. No gestures were allowed. The whole 
experimental process was recorded with a camcorder. The experiment is run by a 
computer program without any interruption from the experimenter. 

4.2   Evaluation of Subject’s State 

After the experiment, the states of each agent were evaluated and classified by 
analyzing the video records. Since the internal state of an agent cannot be observed 
directly, it must be inferred from observations. Therefore, operational definitions are 
needed to classify the state of each agent. The operational definitions for the states are 
given as follows: 

− No shared ground about a particular object between a questioner and answerer is 
assumed before an interaction occurs. The asker is assumed to be in state (6) in 
which he has the knowledge of the object, while the respondent is assumed to be in 
state (3).  

− The questioner is assumed to be in state (7) about the object with the answerer 
while waiting for the answer after querying about a particular object.  

4.3   The Results 

4.3.1   State Transition Probability for Three Different Paired Groups  
The state transition probability matrixes for three different paired groups were 
obtained from the evaluation process. First, in the E-E group, the interactions between 
subjects were mainly in the shared ground state (7), while in the N-N group, they 
were mainly in state 5 or 6, which means he/she has a ground alone. Interesting 
results are obtained for the N-E group: The state transition probability matrix of the 
N-E group is very similar to that of the novice group. 
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4.3.2   Comparing Interaction Effort Between Groups 
The result above indicates that the E-E group could easily establish shared ground 
during the interaction, whereas the other groups had difficulty in establishing shared 
ground. Therefore, we may expect that the E-E group requires less effort in the 
interaction than the other two groups. To estimate how much interaction efforts are 
required in the differently paired groups, the interaction efforts are summarized with 
other indices in Table 1. The results showed that the averaged interaction effort value 
(0.379) in the E-E group is less than the value (0.625) of the N-N group and the value 
(0.621) of the N-E group. The differences (t-test, p < .05 for the E-E group and N-N 
group, and E-E group and N-E group) between groups are statistically significant. 
However, no significant difference (t-test p > 0.2) was found between the N-N group 
and the N-E group. The other measures of required time and turns per each trial 
showed similar results that supported the results of the interaction efforts between 
groups. 

4.3.3   Comparing Interaction SA Between Groups 
As shown in Table 2, N-N group and E-E group show a large difference in the 
measure of Interaction SA. This difference originates from the difference in 
expertness. Comparing N-N group with N-E group, the novices do not show a large 
difference (t-test p = 0.6289 for agent B in N-E group vs. agent A in N-N group, p = 
0.5824 for agent B in N-E group vs. agent B in N-N group). However, comparing E-E 
group with N-E group, the measures of some experts show differences with others (t-
test p = 0.0396 for agent A in E-E group vs. agent A in N-E group). 

From these results, it is known that the novices show similar Interaction SA 
regardless of the opponent’s expertness while the measure of Interaction SA of the 
experts can be changed by the opponent’s expertness. The spectrum of information 
that the novice can express and understand is narrow while the spectrum of 
information that the expert can express and understand is wide, thus possibly 
accounting for this difference. 

Table 1. Measure of Interaction Effort, time, and turns 

 
Average of the Measure of 

Interaction Effort 
Time per a 

trial (sec) 
Turns per a 

trial 
N-N group 0.625 45.3 13.9 
E-E group 0.376 31.2 7.1 
N-E group 0.621 38.7 12.9 

Table 2. Measure of Interaction SA 

 Agent A Agent B 
N-N group 0.623 0.619 
E-E group 0.495 0.517 

N-E Group* 0.561 0.639 
                          *Experts were Agent A and novices were Agent B in the N-E Group. 
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4.3.4   Discussion on the Results 
In general various aspects of the interaction in the different groups have been 
investigated using our measure. The difference between groups was found in terms of 
how much interaction effort is required or whether an agent understood the state of 
the other, etc. The results indicated that the N-N and N-E groups required more 
interaction effort to share common grounds, whereas the E-E group needed less 
interaction effort to share common grounds. Hence, the interaction in the E-E group is 
more efficient than in the other groups. The measure of state awareness also showed 
similar results, but provided additional information about the relative interactivity 
between expert and novice. That is, the expert’s understanding about other’s state (or 
situation) was better than the novice’s during the interaction. This implies that 
expertise related to the objects contributed to efficient interaction. 

However, the difference between the groups cannot simply be attributed to the 
amount of knowledge. LeFrance[8] pointed out that experts have not only more 
knowledge, but also have structured knowledge that can be easily accumulated and 
accessed. Moreover, experts are able to access a problem more abstractly, but novices 
superficially treat a problem. Therefore, during the interaction, experts can deal with 
more information than novices can. However, inequality of expertise levels interferes 
with communication during the interaction. The message delivered by a novice 
contains superficial or partial information of the object, and thus does not facilitate 
understanding well. Similarly, the message delivered by an expert contains more 
abstract or specialized information, and thus a novice has difficulty understanding the 
message. 

5   Conclusions 

In this paper, a formal model of human-robot interaction is developed based on 
information theory, and attempts are made to explain the dynamics of interactions in 
terms of a three-way relationship. In addition, the interactivities are classified in terms 
of what grounds the three variables of U, R, E share. Throughout the formalization, 
patterns of interactivity were discovered that might occur in actual human-robot 
interactions. Any uncertainty caused by a discrepancy between the two knowledge 
systems must be resolved in order to maximize task performance. A formal model of 
human-robot interaction could describe the sequence of interaction processes and 
make it possible to model and predict the interaction process.  

We also developed measures to evaluate the performance of interacting agents in 
terms of interaction effort and interaction situation awareness. In the experiment, it 
was demonstrated that the proposed measures are effective in measuring the 
interactivity. Furthermore interesting aspects of interaction were found through 
comparisons of three different groups through the experiment. We expect that the 
measures of interaction effort and situation awareness will be helpful in analyzing and 
enhancing the interaction process. 
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