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A Goal of Al

Robust, fully autonomous
agents in the real world

How?
e Build complete solufions to relevant challenge tasks
Complete agents: sense, decide, and act — closed loop
Challenge tasks: specific, concrete objectives

e Drives research on component algorithms, theory

— Improve from experience (Machine learning)
— Inferact with other agents (Multiagent systems)

e A top-down, empirical approach
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Bottom-Up Metaphors

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

Koller, 01
“In Al ...we have the tendency to divide a problem into
well-defined pieces, and make progress on each one.
... Part of our solution fo the Al problem must involve
building bridges between the pieces.”
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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
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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
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Top-down approaches underrepresented: (JCAI '05: 35/237)
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Choosing the Challenge

e Features of good challenges: [Cohen, '04]
— Frequent tests; Graduated series of challenges
— Accept poor performance; Complete agents

e Closed loop + specific goal (beyond [Brooks, ‘91])

e 50-year fechnical, scientific goals
— Beyond commercial applications — not possible now
— Moore’s law not enough

e There are many — choose one that inspires you

— Leverage “bricks and mortar” from past
— RHybrid symbolic/probabilistic methods
[Richardson & Domingos, ‘06]

" Departiment of Computer Sciences
Um The University of Texas at Austin © 2007 Pe.l.er S'I'Oﬂe




Good Problems Produce Good Science

Manned flight S5

Manhaftan project €

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

e Still in the early stages (small houses)

e Many virfues:

— Incremental challenges, closed loop at each stage
— Relatively easy entry

— Mulfiple robbofts possible
— Inspiring To many

e Visible progress

Game Multiagent Distributed Knowledge
Theory Reasoning Optimization Represen tation
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The Early Years
RoboCup 1997-1998
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A Decade Later
RoboCup 2005—2006
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Advances due to RoboCup

e Drives research in many areas:

— Control algorithms; computer vision, sensing; localization;
— Distributed computing; real-fime systems;

— Knowledge representation; mechanical design;
— Multiagent systems; machine learning; robotics

e 200+ publications from simulation league alone
e 200+ from 4-legged league

e 15+ Ph.D. theses
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Layered Learning

e FOor domains too complex for fractably mapping state
features S —— outputs O

e Hierarchical subftask decomposition given: {Lq, Ls, ..., L,}

e Machine learning: exploit data to frain, adapt

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

First applied in simulated rolbot soccer [Stone & Veloso, 97

Strategic Level Example
L4 individual pall inferception
Lo multiagent PAss evaluation
Ls feam pass selection NI R,

Recenftly applied on real rolbofts [Stone, Kohl, & Fidelman, '06]

Strategic Level | Example

L iIndividudal fast walking

Lo individual all control
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Robot Vision

e Great progress in computer vision
— Shape modeling, object recognition, face detection. ..

e Robot vision offers new challenges msis
— Mobile cameraq, limited computation, color features

e Autonomous color learning [Sridharan & Stone, '05]
— Learns color map based on known object locations
— Recognizes and reacts to illumination changes HEeREE

© 2007 Peter Stone



Other Good Al Challenges

Trading agents
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Challenge Problems Drive Research
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Learning and Multiagent Reasoning
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Outline

e Build complete solutfions to relevant challenge tasks

— Drives research on component algorithms, theory

e Learning Agents

— Scaling up Reinforcement Learning
— Adapftive representations

e Multiagent reasoning

— Prepare for the unexpected

— Adaptive interaction protocols i
[visen] %I ..... e

Game Multiagent Distributed Knowledge
Theory Reasoning Optimization Representation
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Machine Learning

", ..resurgence of inferest in machine learning” [Mitchell, ‘83]

1 — 4
] ' - 3
Supervised learning mafure [Kaelbling, ‘97] f

P

For agents, reinforcement learning most appropriate

Agent
state (s[t]) Policy T S—A
reward (r[t+1])
—l Environment]%

— Foundational theoretical results
— Challenge problems require innovations o scale up

action (a[t])
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RL Theory

success story: Q-learning converges to «* [Watkins, 89]

(s[t—1] a[t—1]
s[t] ‘ |9
r[t] | g

alt] _

— Jable-based representation
— Visit every state infinitely often
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Scaling Up

e Backgammon [Tesauro, ‘94|

e Helicopter control [Ng et al., ‘03] m m

e RoboCup Soccer Keepaway [Stone & Sutton, ‘01]
— Play in a small area (20m x 20m)
— fry to keep the ball
— Takers fry fo get the ball
— Perforrmance measure: average possession duration

Boundary’
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Function Approximation

In practice, visiting every state impossible
(s[t=1] aft—1] )
s[t]

‘ Q(s,a)
r[t] | = @

alt] _

Function approximation of value function

(s[t—1] a[t—1]
s[t] [ o

rt] | =

a[t] _

- J
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Main Result

14
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Duration
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(bins of 1000 episodes)

El:lun[lary-""""

Learning: Distributed SMDP SARSA()) with CMACs
— Algorithm modified to enable distributed updates

1 hour = 720 5-second episodes
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Batch Methods

IN practice, offen experience is scarce

. (s[t—1] a[t—1] )
S

‘ % Qs At
rt] | >

Save transitions:

[<r[i], s[i], a[1]> for 1=0 to t—1 )

S[t] Q(s,a)
2R a[t]

r[t] . =
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“Few Zeroes” [kalyanakrishnan & stone, 07]

Experience replay [Lin, '92], Fitted Q Iteratfion [Ernst et al., '05]

Learning Curves for Keepaway

11
FQI-NNet
10 \ ER-CMAC ]
) e
FQI—CMAC// 1
8 y,\ OL-CMAC

1/
6
i
4
0 1000 2000 3000 4000 5000
Number of Training Episodes

Episode Duration (seconds)

Other ways to scale up

e Advice/demonstration, state/tfemporal abstraction
e Hierarchical representations, tfransfer learning
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A Big Caveat

So far, representations chosen manually

N Tiling #2
/Tlllng #1
AN AN
I I
(D) (D)
o o
8 <
< <
Q )
o o
N N
State Variable #1 State Variable #1

The crucial factor for a successful approximate
algorithm is the choice of the parameftric approximation
architecture. ...” [Lagoudakis & Parr, 03]
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Representations for RL

e How do we represent our solution?
S } a |
® Example: using neural networks

® Too simple: suboptimal performance

d
® Divergence and catastrophic performance }
[Baird 1995] [Boyan & Moore |1995]

{M} Too complex: infeasibly slow learning

Can RL agents automatically learn
effective representations?
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N EAT"'Q Whiteson & Stone, ’06]

Evolve agents that are better able to learn

e Evolufion chooses representation and inifial weights

— NEAT learns NN fopologies [Stanley & Miikkulainen, '02]

e Q-learning learns weights that approximate value function

total reward (R)

| action (a)
Q(s.ai) T E l
Updsts nvironment
Qfs,az)

reward (r), next state (s')
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NEAT+Q Results

Uniform Moving Average Score Per Episode
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Outline

e Build complete solutfions to relevant challenge tasks

— Drives research on component algorithms, theory

e Learning Agents

— Scaling up Reinforcement Learning
— Adapftive representations

e Multiagent reasoning

— Prepare for the unexpected

— Adapftive interaction protocols i
\Z
G ) R T

Game Multiagent Distributed Knowledge
Theory Reasoning Optimization Representation
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Multiagent Reasoning

Robust, fully autonomous
agents in the real world

e Once there is one, there will soon be many
e [0 coexist, agents need o interact
e Example: autonomous vehicles
— DARPA "Grand Challenge” was a greatf first step
— Urban Challenge continues in the right direction
— Traffic lights and stop signs sfill best? [Dresner & Stone, '04]

2
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Autonomous Bidding Agents

? Agent
Agent . / .Agent
\

e Usual assumpftion: rafional agents = B O B =

e IN practice, must prepare for the unexpected

— Other agents created by others
— Teammate/opponent modeling
— Especially in competition scenarios
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Trading Agent Competitions

ATTac: champion fravel agent [Stone et al., '02] “

— Learns model of auction closing prices from past data
— Novel algorithm for conditional density estimation

[ SpEs

TacTex: champion SCM agent [Pardoe & Stone, ‘06] ,.% =
& B &

of [l]o

— Adapts procurement strategy based on recent data
— Predictive planning and scheduling algorithms

Common multiagent tradeoff:
learn detailed staftic model vs.
adapt minimally on-line

T
—_
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Adaptive Mechanism Design

¢ [raditional mechanism design done manually

— Protocols fixed and given
— e.g. lelecom spectrum auctions
e Like RL representations, protocols can be the hard part!

— Language learning [Steels '96; Jim & Giles, ‘00]
— Automated mechanism design [Sandholm, ‘03]

— Let the mechanism adapt ifself: [Pardoe & Stone, '06]

Auction House

Agent

Parameterized
M echanism

Revised | ' Auction
parameters: Seller ! results

\

\ 1 ! //
\\ I 1 //
~ Adaptive Algorithm :/

1
| 1
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Outline

e Build complete solufions to relevant challenge tasks

— Drives research on component algorithms, theory

e Learning Agents

— Scaling up Reinforcement Learning
— Adapftive representations

e Multiagent reasoning

— Prepare for the unexpected
— Adapftive interaction protocols

e Implications

Game Multiagent Distributed Knowledge
Theory Reasoning Optimization Representation
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A Goal of Al

Robust, fully autonomous
agents in the real world

What happens when we achieve this goal

RoRator

TERMITHATAR

3

e Question: Would you rather live
— 80 years ago”? Or 50 years in the future?

e Not clear — world changing in many ways for the worse

Al can be a part of the solution
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Additional Technical Details

e Learned robot vision [Sridharan & Stone] (Wed., 2:40pm)
Pania™
e Autfonomic computing [Wildstrom & Stone] (Wed., 3:00pm)

e INntersection management [Dresner & Stone]  (Thurs., 3:00pm)

e [ransfer learning [Banerjee & Stone] ., 5:00pm)
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Ssummary

Robust, fully autonomous
agents in the real world

e Build complete solutions fo relevant challenge tasks

— Good problems drive research

Combine algorithmic research,
problem-oriented approaches

e Current challenges need learning, multiagent reasoning
— Adaptive representations
— Adaptive interaction protfocols
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