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Are there any questions?

e How did they the FCC make the decisions in the end?
What were they?

e Is TAC ongoing? What changes have been made?

e How do people at different places co-author papers?
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Logistics

¢ INnclude Dr. Rich on your response
e LOTs of resources up

e SOMe games from last year available

Peter Stone



Open vs. Sealed Bid

e Open increases information, reducing winner’s curse
— Leads to higher bids

o But...

— Risk aversion leads to higher bids in sealed bid auctions
— Sedled bid auctions deter colusion

e Decided former outweighed latter

e Went with announcing bids, but not the bidders

— Circumvented!
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Simultaneous vs. Sequential

e Sequential prevents backup strategies for aggregation

e Sequential also allows for budget strefching

e Simultaneous needs a stopping rule

— Closing one by one is effectively sequential
— Keeping all open until all close encourages sniping

e Stopping rule should:

— End auction quickly
— Close licenses almost simultaneously
— be simple and understandable

Went with acftivity rules

Peter Stone
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Combinatorial Bids

e Nafionwide bidding could decrease efficiency and
revenue
e FuUll combinatorial bidding tfoo complex

— Winner defermination problem
— Active research ared

Peter Stone
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Aiding Designated Bidders

e Give them a discount

e Circumvented!

Peter Stone
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Royadlties vs. Up-front Payments

e Royalties decrease risk, increase bids

e Butf royalties discourage post-auction innovation

e Decided against

Peter Stone



Reserve Prices

e NOt necessary in such a competitive market

e Did include withdrawal penalties

Peter Stone
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Results

e Big successes
— Lofts of bidders
— Lots of revenue
e Also some problems

— Strategic Demand Reduction

e INncremental design changes

— New problems always arise
— Bidders indeed find ways to circumvent mechanisms

e Lessons to be learned via agent-based experiments
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Class Discussion

Ankit Srivastava on auctions in RoboCup Rescue

Peter Stone



Trading Agent Competition

e Put forth as a benchmark problem for e-marketplaces
(Wellman, Wurman, et al., 2000)

e Autonomous agents act as travel agents
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Trading Agent Competition

e Put forth as a benchmark problem for e-marketplaces
(Wellman, Wurman, et al., 2000)
e Autonomous agents act as travel agents

— Game: 8 agents, 12 min.
— Agent: simulated travel agent with 8 clienfs
— Client: TACtown «— Tampa within 5-day period

e Auctions for flights, hotels, entertainment tickets

— Server maintains markets, sends prices to agents
— Agent sends bids to server over network

Peter Stone
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Flights: Inflight days 1-4, Outflight days 2-5 (8)

e Unlimited supply; prices tend fo increase; immediate
clear; no resale
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28 Simultaneous Auctions

Flights: Inflight days 1-4, Outflight days 2-5 (8)
e Unlimited supply; prices tfend fo increase; immediate
clear; no resale
Hotels: Tampa Towers/Shoreline Shanties days 1-4 (8)

e 16 rooms per auction; 16th-price ascending auction;
quote is ask price; no resale
e Random auction closes minutes 4 — 11

Entertainment: Wrestling/Museum/Park days 1-4 (12)

e Continuous double auction; inifial endowments; quote
IS bid-ask spread; resale allowed
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Preferences: randomly generated per client
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— Good Hotel Value
— Entertainment Values

Peter Stone



Client Preferences and Utility

Preferences: randomly generated per client

— |deal arrival, departure days
— Good Hotel Value
— Entertainment Values

Utility: 1000 (if valid) — travel penalty + hotel bonus
+ enterfainment bonus

Peter Stone



Client Preferences and Utility

Preferences: randomly generated per client

— |deal arrival, departure days
— Good Hotel Value
— Entertainment Values

Utility: 1000 (if valid) — travel penalty + hotel bonus
+ enterfainment bonus

Score: Sum of client utilities — expenditures

Peter Stone
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G = complete allocation of goods to clients
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Allocation

G = complete allocation of goods to clients
v(G) = ufility of G — cost of needed goods
G* = argmax v(G)

Given holdings and prices, find G*

e General allocation NP-complete

- Tractable in TAC: mixed-integer LP (ATTac-2000)
- Estimate v(G™) quickly with LP relaxation

Prices known = G* known = optimal bids known
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High-Level Strategy

e Learn model of expected hotel price distributions

e FOr each auction:

- Repeatedly sample price vector from distributions
- Bid avg marginal expected ufility: v(G?)— v(G))

e Bid for all goods — not just those In G~

Goal: analytically calculate optimal bids

Peter Stone
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e Features:
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— Current time in game

— Hotel closing tfimes
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Hotel Price Prediction

e Features:

— Current hotel and flight prices

— Current time in game

— Hotel closing tfimes

— Agents in the game (when known)
— Variatfions of the above

e Data:

— Hundreds of seeding round games
— Assumption: similar economy
— Features — actual prices

Peter Stone



The Learning Algorithm

e X = feature vector e R"”

e YV = closing price — current price € R

Peter Stone






