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Complete agents: sense, decide, and act — closed loop
Challenge tasks: specific, concrete objectives

• Drives research on component algorithms, theory
− Improve from experience (Machine learning)
− Interact with other agents (Multiagent systems)

• A top-down, empirical approach

“Good problems . . . produce good science” [Cohen, ’04]
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Choosing the Challenge
• Features of good challenges: [Cohen, ’04]

− Frequent tests; Graduated series of challenges
− Accept poor performance; Complete agents

• Closed loop + specific goal

• 50-year technical, scientific goals
− Beyond commercial applications — not possible now
− Moore’s law not enough

• There are many — choose one that inspires you

− Leverage lessons from past
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Good Problems Produce Good Science

Manned flight Apollo mission

Manhattan project
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Good Problems Produce Good Science

Manned flight Apollo mission

Manhattan project RoboCup soccer

Goal: By the year 2050, a team of humanoid robots
that can beat the human World Cup champion team.
[Kitano, ’97]
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RoboCup Soccer
• Still in the early stages

• Many virtues:

− Incremental challenges, closed loop at each stage
− Relatively easy entry
− Multiple robots possible
− Inspiring to many

• Visible progress
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The Early Years
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