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A Goal of AI
Robust, fully autonomous
agents in the real world

How?
• Build complete solutions to relevant challenge tasks

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
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Bottom-Up Metaphors

Russell, ’95
“Theoreticians can produce the AI equivalent of bricks,
beams, and mortar with which AI architects can build the
equivalent of cathedrals.”

Koller, ’01
“In AI . . . we have the tendency to divide a problem into
well-defined pieces, and make progress on each one.
. . . Part of our solution to the AI problem must involve
building bridges between the pieces.”
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Dividing the Problem
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The Bricks
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The Beams and Mortar
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Towards a Cathedral?

?
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Or Something Else?
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A Different Problem Division

AI
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Top-Down Approach
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“Good problems . . . produce good science” [Cohen, ’04]
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Meeting in the Middle

Vision

Multiagent
Reasoning

Game
Theory

Learning Robotics

Representation
KnowledgeDistributed

Optimization

Natural
Language

Top-down approaches underrepresented: (IJCAI ’05: 35/237)
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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 (beyond [Brooks, ’91])

• 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 “bricks and mortar” from past
− Hybrid symbolic/probabilistic methods

[Richardson & Domingos, ’06]
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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 (small houses)

• 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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A Decade Later
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Advances due to RoboCup

• Drives research in many areas:

− Control algorithms; computer vision, sensing; localization;
− Distributed computing; real-time systems;
− Knowledge representation; mechanical design;
− Multiagent systems; machine learning; robotics
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• 200+ publications from simulation league alone

• 200+ from 4-legged league

• 15+ Ph.D. theses
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Layered Learning
• For domains too complex for tractably mapping state

features S 7−→ outputs O

• Hierarchical subtask decomposition given: {L1, L2, . . . , Ln}

• Machine learning: exploit data to train, adapt

• Learning in one layer feeds into next layer
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Layered Learning in Practice

First applied in simulated robot soccer [Stone & Veloso, ’97]

Strategic Level Example
L1 individual ball interception
L2 multiagent pass evaluation
L3 team pass selection Vision
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Recently applied on real robots [Stone, Kohl, & Fidelman, ’06]

Strategic Level Example
L1 individual fast walking
L2 individual ball control
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