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(a) (b) 

Figure 1: (a) Rosie learns to solve the 5-puzzle problem. (b) The instructor needs to have a good mental model of the robot 
learner to teach it how to build a tower. 

ABSTRACT 
Interactive Task Learning (ITL) is an approach to teaching robots 
new tasks through language and demonstration. It relies on the fact 
that people have experience teaching each other. However, this can 
be challenging if the human instructor does not have an accurate 
mental model of a robot. This mental model consists of the robot’s 
knowledge, capabilities, shortcomings, goals, and intentions. The 
research question that we investigate is “How can the robot help the 
human build a better mental model of the robot?” We study human-

robot interaction failures to understand the role of mental models in 
resolving them. We also discuss a human-centred interaction model 
design that is informed by human subject studies and plan-based 
theories of dialogue, specifcally Collaborative Discourse Theory. 
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1 INTRODUCTION 
We envision a future where robots help people by performing a 
diverse set of tasks including household, rehabilitative, and ofce 
tasks. To perform these tasks efectively, people need to commu-

nicate task information and requirements, as well as environment 
setup to robots on the fy. Interactive Task Learning (ITL) aims 
to achieve this goal by creating robots that learn from a human 
instructor through language and demonstration [8]. Teaching in-
herently requires that the instructor has an accurate mental model 
of the robot. Creating, maintaining, and improving one’s mental 
model of the robot requires that the robot can use natural interac-
tion patterns that humans engage in. The research question that 
we investigate is “How can the robot help the human build a better 
mental model of the robot?” 

2 PRIOR RESEARCH 
Our research studies interaction mechanisms in ITL systems such as 
Rosie [14] and Aileen [13] that learn new tasks and concepts from 
natural language instruction. Both these agents are implemented in 
the Soar cognitive architecture. The symbolic nature of Soar makes 
it a good candidate for exploring transparency in robots. Secondly, 
Rosie maintains abstract symbolic representations of knowledge 
that can be grounded in diferent environments. This allows Rosie 
to be embodied in a tabletop robot arm with a Kinect sensor, a 
mobile robot, the Fetch robot (Figure 1a), and Cozmo. 

As an example, assume that an instructor wants to teach a robot 
to build a tower with the blue, green and red blocks as shown in 
Figure 1b. In the context of a situated interaction, we defne the 
types of information that are relevant to the instructor [19]: 
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• Perception - The instructor needs to know what the robot 
perceives in its environment. For example, can the robot 
identify a blue block in its environment? 

• Long-term knowledge - This includes the robot’s prior learned 
task knowledge in terms of defnitions, task procedures, ac-
tions, and goal states. For example, does the robot know the 
defnition of larger? 

• Grounded task knowledge - This knowledge is how the ro-
bot applies its knowledge to the environment to perform 
actions or tasks. The instructor needs to know if the robot 
can successfully build the tower. If it cannot, why not? 

2.1 Unpacking human teaching intentions 
Efective instruction includes evaluating the robot’s knowledge, 
providing defnitions and appropriate examples of relevant con-
cepts, understanding the reason for failures when they arise, and 
fxing the robot’s knowledge for future success. Each part of this 
process has an associated intent and requires the robot to respond 
to proceed through the task. The research question here is how 
do we build robots that leverage the instructors’ intentions to enable 
more natural ITL? To answer this question, we look to Collaborative 
Discourse Theory (CDT) [9]. Prior research [3, 14, 15] has leveraged 
CDT to enable fexible and mixed-initiative interactive behavior. 
However, these interactions are largely driven by the robot’s learn-
ing needs with very little understanding of how humans teach. We 
proposed a taxonomy of human communicative intentions observed 
in a human-robot teaching scenario [18]. We then conducted semi-

structured interviews (N=10) with participants who were asked to 
teach the task of building a wall to a researcher who assumed the 
role of a learner agent. We conducted an inductive thematic analysis 
of these interviews through open and axial coding [2]. Through this 
analysis we validated and extended our proposed taxonomy. This 
study provides us with an initial insight into how these intentions 
emerge in task teaching interactions. We will use these results to 
design an interaction framework described in section 3. 

2.2 Characterizing interaction failures 
One of the challenges with back and forth interaction is the potential 
for failure. Prior work has described multiple types of failures that 
can occur in situated human-robot interaction [1, 5, 10, 12]. We 
focus on failures that cause and are caused by the incorrectness 
of the person’s mental model of the robot. Predictions of a robot’s 
behavior can be used as a proxy for estimating the quality of a 
person’s mental model [16]. In prior work, we characterized the 
features in instructions that help people identify the reason for 
a situated robot’s failure [20]. For example, in Figure 1b, assume 
that the instructor mistakenly specifes that “a blue block is on 
a red block” while describing a part of the tower and the robot 
responds with “A blue block is not on a red block.” It is easy for the 
instructor to identify why the failure occurred since all the terms 
in the instruction are commonly used. However, if the instructor 
correctly specifes “a blue block is on a green block” and the robot 
responds with “I don’t see it” because it has only learned the terms 
small block and medium block, it would be difcult for the instructor 
to determine why the robot failed. This is because the robot has 

only  learned  these  task-specifc  terms,  which  are  unknown  to  the  
instructor,  revealing  a  gap  in  their  mental  model  of  the  robot.  

Transparency  mechanisms  allow  people  to  access  the  robot’s  
knowledge  and  improve  their  mental  model  through  multiple  modal-

ities  such  as  language  [6,  12,  17,  21,  22,  24],  gaze  [4,  17,  23],  gestures  
[4,  7,  17]  and  visualization  [11,  17].  Thus,  we  implemented  question-
answering  and  visualization  mechanisms.  The  instructor  can  now  
ask  the  robot  to  describe  its  environment.  When  the  robot  spec-
ifes  it  sees  a  small  block  and  a  medium  block,  the  instructor  can  
now  learn  why  the  robot  failed.  We  conducted  a  human  subject  
study  (N=64)  where  we  discovered  that  people  are  signifcantly  bet-
ter  at  identifying  the  reason  for  failures  that  occur  in  interactions  
with  commonly-used  terms  over  those  with  robot-specifc  terms.  
Secondly,  in  interactions  with  robot-specifc  terms,  transparency  
mechanisms  signifcantly  improved  people’s  accuracy  [20].  

3  FUTURE  WORK  
When  failures  occur,  a  robot’s  response  is  crucial  because  it  directly  
infuences  the  instructor’s  follow-on  instruction  and  their  next  
steps.  In  a  complex  environment  where  there  are  many  possible  
reasons  for  a  robot’s  failure,  it  can  be  challenging  for  an  instructor  
to  predict  why  it  failed  or  to  know  what  robot-specifc  informa-

tion  they  need.  How  can  we  design  robot  responses  that  improve  the  
accuracy  of  the  instructor’s  predictions?  To  answer  this  question,  
we  are  currently  working  to  learn  how  changes  in  robot  responses  
correspond  to  people’s  mental  models  in  terms  of  their  predictions  
about  the  failure  situation.  Therefore  we  identify  diferent  sources  
of  failure  such  as  perception,  world  representation  and  task  knowl-
edge  (semantic  and  procedural).  We  will  provide  participants  with  
diferent  instructor-robot  interaction  failures  and  ask  them  to  pre-
dict  the  robot’s  current  knowledge  and  why  it  might  have  failed.  
An  example  is  if  the  robot  cannot  see  the  blue  block  in  Figure  1b.  If  
the  instructor  describes  a  part  of  the  tower  as  “a  blue  block  is  on  
a  green  block,”  we  would  present  each  participant  with  diferent  
robot  responses  such  as  “I  don’t  see  a  blue  block,”  “I  don’t  see  that,”  
or  “I  don’t  know  what  a  blue  block  is.”  

Through  these  projects,  we  focus  on  understanding,  evaluating  
and  leveraging  human  mental  models  of  robots.  Our  goal  is  to  make  
robot  teaching  more  approachable  for  nonexperts.  Towards  this  
goal,  we  will  implement  an  intention-based  interaction  framework  
in  Rosie  using  template-based  inputs,  where  templates  are  included  
for  individual  intentions  identifed  in  the  taxonomy.  Each  input  will  
mark  the  beginning  of  a  discourse  segment  consisting  of  turns  that  
satisfy  a  specifc  intention.  For  example,  in  Figure  1b,  the  instructor  
can  ask  to  execute  an  inform  intention  and  describe  a  move  action.  
This  will  begin  a  discourse  segment  with  the  inform  purpose.  Rosie  
will  process  the  instruction  using  its  knowledge  of  the  task,  the  
instructor,  and  the  shared  environment  and  respond  with  relevant  
information.  If  Rosie  successfully  learns  the  task,  it  must  provide  
verbal  acknowledgment,  which  results  in  the  end  of  the  segment.  
If  Rosie  fails  in  the  process,  its  response  should  nudge  and  enable  
the  instructor  to  evaluate  its  knowledge  using  transparency  mecha-

nisms  to  debug  the  situation.  Through  the  development  of  these  
turn-specifc  interactions,  we  hope  to  make  progress  towards  an  
end-to-end  complete  task  interaction  where  the  robot  helps  the  
human  build  a  better  mental  model  of  itself.  
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