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Motivating Example: Online Advertising
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Modeling Opponent Uncertainty with
Bayesian Games

________________________________________________________

| Type = Private information:
'+ B:Advertiser valuation
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CTR = Click-Through Rate

Modeling Opponent Uncertainty with
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Payoff = CTR * (6 — Price)

A player's payoff depends on their own type and the types of others.
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Learning Bayesian Game Families

Ex Ante Payoff Function Interim Payoff Function
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Learning Bayesian Game Families
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EMD with Learned Bayesian Game Families

Learn Bayesian game-
family model, Ui

Q3. How does the learned game-family model enable comprehensive mechanism search?
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EMD with Learned Bayesian Game Families

@
W
’/
;{w"o}' >

\\/

A

® [6.] = solve(v, 1) f(o.,v1)
: Use 1l to approximate > Evaluate design
Learn Bayesian game- el e .
: ~ m—- equilibriain relevant objective in
family model, u : e
game instance(s) equilibrium

Q3. How does the learned game-family model enable comprehensive mechanism search?

28



EMD with Learned Bayesian Game Families

Selected by search procedure
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Color denotes NN training dataset

EMD: Finding Optimal Reserve
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EMD: Finding Optimal Reserve
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Piecewise Best-Response Strategies

* Model only covers a limited strategy set
* Want to consider broader set of strategies

How can the interim model approximate piecewise BR strategies
without additional simulation?
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