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Goal for allocation: Maximize social welfare

− Recall: ad has value vi and CTR µi

• Maximize social welfare (auctioneer + advertisers)

Issues
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anyone

− Payments cancel out

• Easy: Show ad with highest expected value (max vi · µi)
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Model: Private values and unknown CTRs
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Special case: Private values, known CTRs
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Special case: Unit values, unknown CTRs
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Special case: Unit values, unknown CTRs

(Stocastic) Multi-Armed Bandit Problem in Learning Theory
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Special case: Unit values, unknown CTRs
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Special case: Unit values, unknown CTRs

(Stocastic) Multi-Armed Bandit Problem in Learning Theory

Regret = T ·maxi µi − Algorithms’s Value
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General case: Private values, unknown CTRs
Mechanism design meets Learning

“Strategic issue”
Values are private information

(Truthfulness)

“Learning issue”
CTRs are unknown

(Efficiency)

− Must separate exploration and exploitation.

− Truthful mechanisms have much higher regret.

Main questions and (informal) results

• What is the structure of truthful mechanisms?

• Truthful mechanisms regret versus MAB algorithms regret?

Truthful Multi-Armed Bandit Problem
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Overview

• MAB mechanism design and need for a characterization

• Characterization and lower bounds

• Conclusions and open problems

• Overview and informal results
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MAB mechanism design
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MAB mechanism design

utilityi = vi · (#clicksi)− pricei
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Requirements on mechanism

• Realization ρ: click info for
all agents, all rounds
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Requirements on mechanism

Truthful

• Realization ρ: click info for
all agents, all rounds
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utility.
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• Mechanism can only use bids and previously observed clicks.
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Theorem [Myerson ’81, Archer Tardos ’01]: Let (A, p) be a
normalized mechanism. Then,

(A, p) is truthful for each realization

⇐
⇒

#clicksi(bi) monotone non-decreasing in bi for each realization.
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Myerson’s characterization
Theorem [Myerson ’81, Archer Tardos ’01]: Let (A, p) be a
normalized mechanism. Then,

(A, p) is truthful for each realization

⇐
⇒

• Mechanism design
reduces to monotone
algorithm design!

• Not in our setting!
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)

bi

pricei

#clicksi(bi) monotone non-decreasing in bi for each realization.

Payments are uniquely determined
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Does Myerson’s characterization suffice?
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What is the problem here?
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Characterization for two agents
Let A be a non-degenerate deterministic allocation rule.

Let A be scalefree.

• (A, p) is normalized truthful for some p

• A is pointwise-monotone

• A is exploration-separated
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Characterization for two agents

0/1

Let A be a non-degenerate deterministic allocation rule.

Let A be scalefree.

• (A, p) is normalized truthful for some p

• A is pointwise-monotone

• A is exploration-separated

If round t’s click info used later, then
t’s allocation independent of bids.

influence influencebids affect bids affect

0/1
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Consequences of characterization (2 agents)
R(T ) = T ·maxi viµi− Expected value of mechanism

• Regret: loss in social welfare due to not knowing CTRs

Bandit algorithmsTruthful mechanisms

|v1µ1 − v2µ2| ≥ δmax{v1, v2}

Ω(T 2/3) O(T 1/2)Worst case regret

δ-gap regret Ω(δ · T ε) for ε > 0 O(δ−1 · log T )
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Consequences of characterization (2 agents)
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• Regret: loss in social welfare due to not knowing CTRs

Bandit algorithmsTruthful mechanisms

|v1µ1 − v2µ2| ≥ δmax{v1, v2}

Ω(T 2/3) O(T 1/2)Worst case regret

δ-gap regret Ω(δ · T ε) for ε > 0 O(δ−1 · log T )

• A simple mechanism achieves these bounds.
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Tension between “truthfulness” and “solution quality”

• Combinatorial auctions [Lavi, Mu’alem, Nisan 2003], [Dobzinski,

Sundararajan 2008], [Mossel, Papadimitriou, Schapira, Singer 2009]

• CPPP [Papadimitriou, Schapira, Singer 2008]
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Truthful MAB auctions

• Θ(T 2/3) regret w.r.t. second-price revenue [Devanur, Kakade,

Later in this session]
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Conclusions and open problems
Truthful deterministic multi-armed bandit mechanisms

• Simple settings that combine strategic and learning issues

• Structure: must separate exploration and exploitation

• Lower bound on regret: algs. better than mechanisms

• A simple mechanism with matching regret bounds
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• Simple settings that combine strategic and learning issues

• Structure: must separate exploration and exploitation

• Lower bound on regret: algs. better than mechanisms
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Randomized mechanisms: Partial results and open problems

Characterization,
Lower bounds?

Weakly truthful ∀clicks Eseeds [utility] Open

Universally truthful ∀clicks ∀seeds [utility] In paper

Truthful in expectation Eclicks Eseeds [utility] Open
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