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> Buyers are quasilinear utility maximizers.
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f K = 1, PAB auctions = First-price auctions. |
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> Bidder follows no-overbidding (NOB) strategies to ensure that Utility (v,) > 0.
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Performance Metric:
> OPT = expected utility by the hindsight optimal policy under budget constraint (p < 1).

> OPT,,,= the no budget constraint ana\ogue (p > 1).
T

REG = OPT,,;, — Z -[Utlhtyt(vt)] p-REG=p- -OPT — Z - [ Utility (v,)]
=1 : =1
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