Empirical Gamd& heoretic Analysis

and the Behavior of Software Age

Michael P. Wellman
University of Michigan

MICHIGAN

Y,




02:

04:

04:

t NBOA2dzaf e |

Modular utility representation forlecision
theoretic planningWellman & Doyle)

Price prediction strategies fonarketbased
schedulingMacKieMason et al.)

Distributed feedback control farecision
making on supply chair(Kiekintveldet al.)



Planning In Strategic Environments

A Planning problem
I find agent behavior satisfying/optimizing objectives
wrt environment
I strives for rationality

< o

A When environment contains other agents
I model them agational plannersas well
I problem is ggame

I search now multdimensional, different (global)
objective




ReatWorld Games

complex dynamics and uncertainty

Arich strategy space
I strategy. obs* Rtime A

action
Aseverely incomplete two approaches
Information 1. analyze (stylized)
I Interdependent types (signals) approx|mat|ons
i info partially revealed over i oned K232 O2YLIX
tume | 2. simulationbased
- analytic gameheoretic methods
solutions few and far i search
between

I empirical: statistics,
YIF OKAY S fSPN@




Empirical Gamd& heoretic Analysis
(EGTA)

A Game describe@rocedurally no directly
usable analytical form

A Parametrizestrategy space based @ment
architecture

A Selectively explore strategy/profile space
A Induce game model (payoff function) from

simulation data

Empirical game




EGTA Process

2. Estimate empirical game

Profile

Profile Space

Strategy Set | 1 parametrizestrategy space

3. Solve empirical game




TAC Supply Chain Mgmt Game
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Two-Strategy Game (Unpreempted)
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ThreeStrategy GameDeviations
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Improving Scalabllity

A Exploit locality of interaction
I graphical gamesviAIDs
actionraI NJ LK Il YSasz X
A Aggregate agents

I hierarchical reduction
(Wellman et al. AAADS)

I clustering Ficiciet al. UAIO8)



Hierarchical Game Reduction

A p-player reduced version of symmetric gaGe

G ®=p,SH)O
where
b=(s,,-- -, Sp):uq‘b(fl,a""’HJ""'"’SP"")
q q H,_Jq

Premise Reduced game often a good approximation of
original, with dramatically smaller profile space.



Why Trust Reduce@Game Results?

A Claim: Equilibria in reduced game likely to be
relatively stable in full game
A Evidence:

I Random instances afcaleffect gamegLEGE
I FPSRwuctions

0.07 —

0.08

epsilon

| I

LEG®, LEG®, LEG®, ™™



Research Questions

A What is the space of reduction aggregations?

I and which are most effective for what classes of
games?

A How to adjust for systematic biases of
reduction?

A How to automatically cluster agents in non
symmetric games?

A How to reason at multiple levels of
aggregation?



TAC/SCMG6 Deviation Graph
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CDA Deviation Graph

[3GD, 1GDX]

4 strategies:
GD, GDX, Aap [1GD, 3Kap]




Ranking Strategies: TAC/SOM

SCMO7 Tournament

Agent Finals Semifinals
PhantA gent 8.67 10.38 [2]
TacTex 6.31 5.75 [2]
DeepMaize 5.45 9.759 [1]
Maxon 1.79 5.631 [1]
Tinhorn 1.34 6.94 [1]
CMieux 1.24 2.66 [2]

from PR Jordan PhD Thesis, 2009

SCMO7 EGTA
Agent NE Regret Max Regret
DMO7 S [CO7-9] 0.32 3.40
DMO7 F [CO7-34] 0 2.63
PHO7 0 48.84
TTO7 S 2.90 16.95
TTO07 F 0 10.89
DMO6 S 3.21 8.17
PHO6 1.31 11.00
TT06 1.03 14.78
MRO5 2.98 14.67




Strategy Ranking (TAC Travel)
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Strategy Ranking (CDA)

strategy NE1 regret | NE2 regret symm

profile
payoff

0 1.32 247.98
0.49 3.26 248.57
2.20 3.64 248.08
2.90 0.86 247.95
4.56 24.55 2.02
14.67 17.44 247.45

16.42 16.82 248.07




DeepMaize08 Design Exploration

Predictions Controller
Customer Dataset Component Horizon Treatment | Bid Improvement | EG Procurement
1D SCMO05 | SCM[06-07] | AIO | INTRP-Bug | INTERP | EQ | SA | GA | 07 | PH | 07+
0 v v v v
| v v v v
2 v v v v
3-5 v v v v
6 v v v v
7 v v v v
8 v v v v
9 v v v v
10 v v v v v
11 v v v v
13 v v v v
14 v v v v
15 v v v v
17-27 v v v v
28-29 v v v v

Table 5.15: DeepMaize 08 tested feature matrix.

from PR Jordan PhD Thesis, 2009
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Sampling Control Problem

A Revealed payoff model
I sample provides exact payoff
I minimumregretfirst search (IRF$
Aattempts to refute best current candidate
A Noisy payoff model
I sample drawn from payoff distribution

I Information gain searciG39

Asample profile maximizing entropy differenaet
probability of being mirregret profile



Min-RegretFirstSearch

Profile Bbound
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Min-Regret Search

Profile Bbound

cl c2 c3 c4 (rl,cl) 0
(rl1,c2) 2

evaluated
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1 95 3,3

Select random deviation from current best profile



Min-Regret Search

Profile Bbound
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Min-Regret Search

Profile Bbound
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Min-Regret Search

Profile Bbound
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Min-Regret Search

Profile Bbound
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Min-Regret Search
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Min-Regret Search
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Min-Regret Search

Profile =~ Ubound
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Min-Regret Search

Profile Bbound
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