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•  Perception of  humans 
Human recognition, human 
tracking, and activity 
recognition  

 
 

Challenges in human-aware robotics 
•  Human-robot interface 

Command recognition, gesture 
recognition 

 
•  Modeling of  humans 

Goal and intent recognition, 
human decision and behavioral 
models, expectation, model 
learning  

 
 

•  Human-aware decision making 
Human-aware planning,  
reinforcement learning and 
inverse reinforcement learning.  
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Decision theoretic Assistance, 
Resource conflicts and plan for serendipity 
Grandpa hates robots 
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Decision theoretic Assistance, 
Resource conflicts and plan for serendipity 
Grandpa hates robots + … 



Challenges	in	Human-Aware	Planning	&	Decision	Making	

•  Interpret	what	humans	are	doing	
–  Plan/goal/intent/preference/capability	recogni9on	(Expecta9on)	

•  Plan	with	incomplete	domain	models	
–  Robust	planning	with	“lite”	models	
–  (Learn	to	improve	domain	models)	

•  Con9nual	planning/Replanning	
–  Commitment	sensi9ve	to	ensure	coherent	interac9on	

•  Explana9ons/Excuses	
–  Excuse	genera9on	can	be	modeled	as	the	(conjugate	of)	planning	

problem	
•  Asking	for	help/elabora9on	

–  Reason	about	the	informa9on	value	



Explicability among Humans 

•  We, as humans, while 
interacting make an effort 
(behave explicably) to be 
understood. 

 
•  Explicability is crucial for 

good team performance. 



Human’s expectation 
of agent behavior 

Explicability Hidden in human’s 
mind 

Explicability is not only important for human-human teams 
but also for human-robot teams. 

Keep books on shelf 

Remove the  
coffee mug 

Place pen 
in  
pen holder 

Push the 
items 
off the table 

Move to the table 

 
 
 
 

Move to the table 

Table is clear 

Explicability 

Goal: Clear a cluttered table 

Pick and 
place 
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Explicability 

•  Confusion and 
surprise 

•  Cognitive load 
•  Safety 

concerns 

expectations  
are not met 

Inexplicable 

Crucial for an agent to 
understand other agent’s 
interpretation of itself. 

Goal: Clear a cluttered table 

Move to the table Move to the table 

Table is clear 

Push the 
items 
off the table 

Pick and 
place 



Plan Explicability for Autonomous Robots 

Autonomously  
construct task plans 

Candidate plan #1 

(Cost optimal plan) 

Candidate plan #2 

Filtered by plan  
explicability measure 

Explicable Plan 
How do we compute the 
plan explicability measure? 



Ø  Human’s expectation of an 
agent is associated with 
another model of the agent 
in human’s mind 

Ø  Plan explicability can be 
interpreted as a “distance” 
between the plans 
generated by MR and MR* 

 
 
 
 

Plan Explicability 

How do we compute the 
plan explicability measure? 

MR
* 

MR 



Given a goal, the objective is to find a robot plan that minimizes 
a weighted sum of cost of robot plan and differences between 
the robot plan and human’s expectation of the robot plan): 
 
 
 

Problem Formulation 

How do we obtain MR*? 



 
 
 
 

Plan = { a1,  a2  a3  …  an } 
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The easier it is for humans to 
associate tasks/sub-goals to a 
plan, the more explicable the 
plan is. 

task1 task2 
MR

* 

Psychological Studies: G. Csibra and G. Gergel 2007, R. Vallacher and D. Wegner, 1987. 

Ø  Human’s understanding of 
the other agents’ behavior is 
related to how we associate 
it with tasks 

How do we obtain MR*? 

Problem Formulation 



Given a goal, the objective is to find a robot plan that minimizes 
a weighted sum of cost of robot plan and differences between 
the robot plan and human’s expectation of the robot plan): 
 
 
 

Hidden model 

Problem Formulation 



Given a goal, the objective is to find a robot plan that minimizes 
a weighted sum of cost of robot plan and differences between 
the robot plan and human’s expectation of the robot plan): 
 
 
 

Function that 
takes plan labels as input 

Human’s labeling 
scheme  
for robot plans 

Problem Formulation 



Learned labeling scheme function using linear chain 
Conditional Random Fields 

Given a goal, the objective is to find a robot plan that minimizes 
a weighted sum of cost of robot plan and differences between 
the robot plan and human’s expectation of the robot plan): 
 
 
 

Problem Formulation 



Explicability labeling for obtaining training samples 
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Task labels for actions. For 
example: 
§  Collect 
§  Store 
§  Observe 



Learning using CRF 
Task labels for actions. For 
example: 
§  Collect 
§  Store 
§  Observe 

Features: 
§  Plan features: state, e.g., 

at rover 5; action name, 
e.g., rover 

Model: 
§  Conditional Random 

Fields (CRF) 
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Plan Explicability for Autonomous Robots 

Autonomously  
construct task plans 

Candidate plan #1 

(Cost optimal plan) 

Candidate plan #k 

Filtered by plan  
explicability measure 

Explicable Plan 

πMR(1) 

πMR(k) 

πMR(N) 

Given N candidate plans 

… 



Implemented Scenario 

www.youtube.com/watch?v=AAAwSVbAV7s 



Interactive teaming 



Interactive teaming 

(Team) working  
on a tower 



Robot in action 
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•  There exists work on generating legible robot motions 
•  Two different task plans may map to the exact same motions 

•  Model learning via learning from demonstration, inverse 
reinforcement learning, cross-training, and tutoring systems 

•  Previous approaches are about how one agent teaches the 
other agent in terms of its plan preference  

•  Note that a preferred plan may not always be an expected 
plan; similarly, an expected plan may not always be a 
preferred plan 

Ø We are addressing the question of what 
humans would expect the robot to do 
rather than what humans themselves 
would do 

Ø Plan explicability is focusing on task planning 

Related work 
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Challenges	in	Human-Aware	Planning	&	Decision	Making	

•  Interpret	what	humans	are	doing	
–  Plan/goal/intent/preference/capability	recogni9on	(Expecta9on)	

•  Plan	with	incomplete	domain	models	
–  Robust	planning	with	“lite”	models	
–  (Learn	to	improve	domain	models)	

•  Con9nual	planning/Replanning	
–  Commitment	sensi9ve	to	ensure	coherent	interac9on	

•  Explana9ons/Excuses	
–  Excuse	genera9on	can	be	modeled	as	the	(conjugate	of)	planning	

problem	
•  Asking	for	help/elabora9on	

–  Reason	about	the	informa9on	value	







Planning
Projection Recommender

Capability Model

Tracking Move

Turn

Signal
Move

Plan Execution

 
Projecting robot intents 
 







Other Challenges in Human-aware Robotics 



Trust in human-robot teaming 

Trust building 
 

When to trust 

Mutual trust 



Cyber-physical systems 
 



Safety in Human-robot Teaming 
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•  Perception of  humans 
Human recognition, human 
tracking, and activity 
recognition  

 
 

Challenges in human-aware robotics 
•  Human-robot interface 

Command recognition, gesture 
recognition 

 
•  Modeling of  humans 

Goal and intent recognition, 
human decision and behavioral 
models, expectation, model 
learning  

 
 

•  Human-aware decision making 
Human-aware planning,  
reinforcement learning and 
inverse reinforcement learning.  

 


