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Motivation and General Approach

Autonomous Robots in
Human-Robot Collaboration (HRC)

Given are high-level actions [Nau+2004] e.g.
pick(robot, objectl)
pick(robot, object2)
pick(human, objectl)
pick(human, object3)

The goal is toadapt high-level action-selection
such that

* agents’effortis minimized

* team-efficiency is maximized

* human safety is guaranteed

Autonomous Decisions in HRC

State of the art: Adapt tohumanaction without reflecting human

adaptivity [Mainprice+2013; Hawkins+2014; Maeda+2014; Gombolay+2015]
Contribution: Evaluation of the complete action-space for all involved agents using
normal form games

Applied Game Theoryin HRC
State of the art: Applicationlimited to differential game theory or simulations
[Jarrassé+2012; Li+2015; Bahram+2015; Turnwald+2016]

Contribution: discrete online action selection in real HRC

General Approach:Adaptive Action-Selection as a Normal Form Game

HRC- )
L Environment |

Iterative Decision Process as a Game:
* Finite Game

e Rational Players

* Complete Information

* Non-Zero-Sum

* Non-Cooperative

* Normal Form

Semantic Planning
P
'
.Al AN
| |

Scene Evaluation
Module

LT
e

Basic Assumptions
Direct mapping of high-level action and
estimated trajectory

Interaction heuristics rather than purely
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Experimental Setup Hypotheses
G Baseline comparison to a fixed * H1-Participants prefer the robot's action-selection when Experimental Measurements

e . action pollcY . M{orkmgmtheSpImeor Line mode overthe decisionsin - Subjective questionnaire (H1) usinga 7-
e o ' * Cooperative pick-and place assembly Fixed mode. o
b L * . ) point Likert scale
ol + n =30 participants * H2-The decisions of the robotincrease the safetyfor the e )
Pe ; . . . . * Potentialfield based compliance control
o «  All participants build same task under humanin Spline or Line mode, compared to the Fixed around robot end-effector to measure
Vi different policies applied mode. repellentforceasasafety measure (H2
Policies Compared * H3-The robot’s decisions adaptto the human and . OvF:eraII completion timet\f/romﬁrst ri)bo)t
1. Fixed -Non-reactive policy inwhich the robotis simply following . therefore decrease the overall completion time inthe motion to assembly of last object{H3)
2. Line-Proposed Framework with straight line human motion prediction Spline or Linemode, compared to the Fixed mode. ! y )

3. Spline-ProposedFramework with minimum jerkhuman motion prediction

Experimental Results
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2. Thereducedrepellentforce of the

Overall Line vs  Line vs  Spline vs

potential (safety) field confirms H2. **“™**"_comparison _spine _Random _Random
3.  Exceptsome minor overlapin the 3_% oo 33‘;13 Pt
variance of the assembly time o Fop e s
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comparison, H3is confirmed.
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Experimental Framework
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