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Scenario:
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• B, D, G rooms have patients that need to be rescued
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• Robots must inspect the rooms before human crews enter.
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Trillions of possible 
solutions ….

Using logical structure 
of planning problem,

the inference task 
becomes almost as 
easy for a machine as 
for a person! 



Step 1. Do A  and B

Step 2. Do C,D and E

Step 3. Do F and G

Ordered tuple of sets 

of grounded 

predicates
nth predicate that 

appears in the tth

utterance

relative ordering of 

predicates in tth

utterance as they 

appear in final plan

plan step index 

assigned to each n

predicates in utterance 

t

Generative model with logic-based prior 

improves efficiency of inference process
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Projects with AFRL, 
Lockheed, and NavAir

Aim: 
Demonstrate human-
machine collaborative 
mission planning, 
pre-mission brief and 
after-action review 

for Multi-Platform Air 
Operations
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Machines that Learn from Watching People 

Solve Resource Allocation & Scheduling 

Problems

•

• ±

• ±

•
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Why is 

Collaborative 

Robotics 

Important?

100% Automation

100% Manual work



From Planning to Flexible Execution
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Flexible Plan 

for Execution

Why is 

Collaborative 

Robotics 

Important?

Proces
s No.:

Process 
Name:

METER 
INSTALL

Zone : IL
Sub-
Zone:

% Time Category

1
WALK FROM TABLE TO PARTS 1-2 
STEPS

60400 14.11% Net B

2 GET METER 78100 18.81% Net A

3 GET AND ALIGN COUPLER 78100 18.81%

4 SET COUPLER 78100 14.11%

5 PULL CHECK COUPLER 78100 4.70%

6 PLACE METER TO IN PANEL 78100 18.81% Net A

7 PACKAGING (A1 30 PER) 78100 10.66% Net B

Total 100.00%

Reduction of NET-B

Net B reduction with collaborative robot  

(For only meter install part):

24.76%

ISO/TS 15066:2016
Robots and robotics devices – Collaborative robots

Team Plan Formation

Pre-planning

Apprenticeship
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Robots that Plan to Work Flexibly with People

Computation Time & Schedule Quality for 10-robot Task Allocation  & Scheduling

Our Approach: Tercio RSS ‘13

Benchmarks: TeSSi AAAI’15

MILP (Gurobi)
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•

Robots that Plan to Work Flexibly with 

People

Our scheduling problem:

Prior approaches provide schedulability 

tests for restricted problem structure:

Out test relies on worst case analysis of 

task orderings and resulting idle times

First closed-form polynomial time schedulability test for 

task sets with upper- and lowerbound temporal 

constraints

Schedulability Test

Computed Schedule

45



•

Robots that Plan to Work Flexibly with People

Computation Time & Schedule Quality for 10-robot Task Allocation  & Scheduling

Our Approach: Tercio RSS ‘13

Benchmarks: TeSSi AAAI’15

MILP (Gurobi)

46



48

Courtesy of the 

Boeing Company



Prediction enables close-proximity 

collaborative robotics

Lasota, P., Shah, J. A.: Analyzing the Effects of Human-Aware Motion Planning on Close-Proximity Human–

Robot Collaboration. Human Factors: The Journal of the Human Factors and Ergonomics Society, 2015.

Improved team fluency metrics
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Leveraging the Biomechanical Model for 

Fast Target Prediction of Human Motion

Building a library of motions (offline, using human motion data)

Motion Class 1

Motion Class 2
Motion Class 3

Motion Class 4

20% 43%

This method 73.26% 89.55%

GMM* 57.08% 85.83%

Average prediction accuracy after observing 

20% and 43% of the trajectory

7 demonstrations, 12 motion classes

* Mainprice, Jim and Berenson, Dmitry: Human-robot collaborative manipulation planning using early prediction of human motion. 

IROS, 2013

Pérez-D'Arpino, C., and J. Shah, "Fast Target Prediction of Human Reaching Motion for Cooperative Human-Robot Manipulation 

Tasks Using Time Series Classification", ICRA 2015. 
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Perez D’Arpino et al. ICRA’15, Lasota et al. ICRA’17, Hayes et al. ICRA’17



Application to Target Prediction of 

Human Walking

Prediction with Anticipatory Indicators

40%

Prediction without Anticipatory Indicators

30%

Vaibhav V. Unhelkar**, Claudia Pérez-D'Arpino**, Leia Stirling, Julie A. Shah:

Human-Robot Co-Navigation Using Anticipatory Indicators of Human Walking Motion. ICRA 2015. 

** These authors contributed equally to this work.

• Data from 6 participants, 25 demonstrations collected per participant.

• Data set aggregates demonstrations from all participants.

• Random subsampling validation within that data set.
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