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Course philosophy

Socratic Method (more inspiration than information)

— participation strongly encouraged (please state your name and
affiliation)

Highly interactive and adaptable

— Questions welcome!!

Lectures emphasize intuition, less rigor and detail
— Build on lectures from other faculty
— Background reading will provide more rigor & detail

Action ltems

— Read suggested books first (and then papers), read/write
Wikipedia, watch/make YouTube videos, take courses,
participate in competitions, do internships, network

— Prototype, simulate , publish, participate
— Classic (core) versus trendy (applications)
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Lecture 2: Homework

« Email solutions to
James.Shanahan__ AT gmail.com

« Exercises

— Find a local minimum of the function
f(X)=6x>-8x%+6

— Implement gradient descent version of

Perceptron

— Implement gradient descent version of
OLS; show evolution of weight vector
during training
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Forward Markets

* Linear Programming
« Quadratic Programming

+ Allocation of Ads to Publisher real estate
— Give ads play in network
« Optimize revenue subject to ....

* Inventory Management
— Contract as many impressions as possible but don’t oversell
« Media Buyer (Arbitrage)
— Frame as a non-linear programming (NLP) problem
— Talks to publisher
— Determine publisher mix for network
« Optimize publisher mix subject to constraints
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Nonlinear Programming

* Nonlinear programming (NLP) is the process of
solving a system of equalities and inequalities,
collectively termed constraints, over a set of
unknown real variables, along with an objective
function to be maximized or minimized,

« where some of the constraints or the objective
function are nonlinear.

minimize Tz 4 12TQu
subjectto Ax>0b
x> 0
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Lagrange Theorem [Lagrange 1788]
Objective function : =z = flgxuplity Constraint
subject to: ¢c(x) = 0; ie[l, ..., m]GotoApgendix A

LW, 2) = f(x)-2ir[c(x)]

1stOrder AP(W,A) IP(w,A) _ Optimum = W', \;
Conds - and ——==0 o&!ﬂﬂﬂ if d’L= 0

I 1

Obijective P @
function F(X)=x,"+x,

D*P(w A e
2nd Order ( )>0 if (w ,ﬂ)lsm\
Conds (Min) W,

d°P(w , 1)

W,
Results in a system of “n + m” (n variable
Solve these equations to determine critic
Take second derivative and determine

if critical points are max or min
RuSSIR 2009, Petrozavodsk, Russia. Online Advertising © 2009 Jan|
James.Shanahan_AT_gmail_DOT_com

<0 if (w,2)ism




Quadratic Programming: Dual Soft SVM

Soft Margin SVM (Primal) Soft Margin SVM (Dual)
L L L L
min(W,b) = O°5XHWH2 +CQ 4 mO&;XWOf)Z% _%Z )3 y,.yj<)§_~b, Xj>0!,~0!j,
-1 i=1 =1 j=I
subject to: yi(<W,Xi>+b)+§i21 Vi=l,...,L Osg|=C Vi=l..L
. L
and ¢;20 Vi=l..L > ya,=0. Upper bounds for o

=

- Large C => Hard Margin (allow very few errors)

 Small C => allow a lot of slack and therefore large
mar——

+ T + +
Large C
-— + ¢ +
di
Small C 5

[Source: http://www.cs.cornell.edu/Courses/CS678/2003sp/slides/perceptron_4up.pdf]
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SVM Learning Algorithms

Primal (W,b) + Constraints

l Encode as a Langrangian

Primal Langrangian(W,b,o)
l Substitute o for W,B

Dual Langrangian(a) + (simpler) Constraints

Solve using either ach

Gradient Ascent

(Dual Langrangian(a)) + KKT

Primal (Dual Langrangian(a, A))

o to recover W,b (in linear case only!!)

SVM
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Forward Markets

* Linear Programming
« Quadratic Programming

+ Allocation of Ads to Publisher real estate
— Give ads play in network
« Optimize revenue subject to ....

* Inventory Management

— Contract as many impressions as possible but don’t oversell
« Media Buyer (Arbitrage)

— Buy media, buy keywords

— Frame as a non-linear programming (NLP) problem

— Talks to publisher (or search engine)

— Determine publisher mix for network (or keyword mix)

« Optimize publisher mix subject to constraints
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Online Advertising: Media Buyer

Media Buyer for an ad
network or for
advertiser

|

Network #Advertisers

\
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Portfolio Optimization: Markowitz model

* In the following slides, we will show how to model
portfolio optimization as an NLP

 The key concept is that risk can be modeled
using non-linear equations

* In, e.g., finance, one tradesoff risk and return.
For a given rate of return, one wants to minimize
risk.

— For a given rate of risk, one wants to maximize return.
— Return is modeled as expected value.
— Risk is modeled as variance (or standard deviation.)
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Nobel Prize for Portfolio Mgt.[1990]

1\ Press Release - The Sverizes Rilsbank (Bank of Sweden) Prize in Economic Sciemces
g 5 | im Memory of Alfred Nobel

EUNGL. VETENSKAPSAKADEMIEN
THE EOYAL SWEDISH ACADEMY OF SCIENCES

15 October 19040

THIS YEAR'S LAUREATES ARE PIONEERS IN THE THEQRY OF FINANCTAT ECONOMICS
AND CORPORATE FINANCE

The Boval Swedizsh Acadens of Sciences has decided to award the 1000 Alfred Maobel Memerial Prize
im Ecopomic Sciences with one third each, to

Profassor Harry Markowitr, City University of Mew Yook, T%A,
Profassor Merton Miller, University of Chicago, USA
Profeszor William Sharpe, Stanford Universicy, TSA,

for their pioneering work in the theory of financial economics.

Harry Markowitz &5 awarded the Prize for having developed the theory of portfolio chaice;

William Sharpe, for his contribations o the theory of price formation for fnancial assets, the so-callad
Capizgl Asset Pricing Mode! (CAPM); and

Mertom Miller, for his fundamental confribations to the theary of corporats firence.

Sommary

Fmancial markets serve a key purpose in a modem market econonsy by allecating productive resoumoes
ameng various arexs of production. It is to a largs extent throuzh fnancial markets that saving in
different sactors of the aconemy s mansfermed to firms for investments in boildnes and marhines.
Fimancial markets also reflect firms” expected prospects and risks, which mmpliss that risks can be spread
and that savers and mwestors can aoquire vahable information for their mvesiment dacisions.

The first pronseninz contribution n the fisld of financial economics was made m the 19305 by Hammy
Markowitz who developed a for houssholds™ and firms” allocation of finandal asssts under
umcertamney, the se-called theary af partfolie chotce. This theery analyzes how wealth can be optimally
mﬂaﬂma;seﬁwhmhd:ﬁamnmﬂhter&mﬂednﬁmmﬂmhmﬂthﬂeh also bow fsks can
ke reduced.

& CopprightC 1998 The Mabel Fouslaion  ®

tha ka2l (=smncal, e Ave Lo pwige”
1 et R R TR R R R, T B R T )

Portfolio allocation
under uncertainty
return-risk tradeoff
[~1950]

TSI I Uy I Wl VAV ATy I l.‘lvaltll T T o et A R T 1] 1Y & MvVY vUiTvw \J bnananan ‘ban f'ranClSCO}
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7 The Markowitz Model-The Objective

Decision Variables: the fractions x;.
Objective: maximize return, minimize risk.
Fundamental Lesson: can’t simultaneously optimize two objectives.

Compromise: maximize a combination of reward and risk:

reward(x) — pnsk(x)

Parameter p is called nisk aversion parameter.
0< pu < oo
Large value for j¢ puts emphasis on risk minimization.

Small value for i puts emphasis on reward maximization.
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— 11 Interior-Point Methods for Quadratic Programming

Start with an optimization problem—in this case QP:

minimize cTx + 12TQx
subjectto Axz>b
4 :_-“-”‘ |]

Use slack variables to make all inequality constraints into nonnegativities:

minimize Tz + 12TQx
subjectto Ax —w=>b
r,w >0

Replace nonnegativity constraints with logarithmic barrier terms in the objective:
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Efficient Frontier
Varying p produces the so-called efficient frontier.
Portfolios on the efficient frontier are reasonable.

Portfolios not on the efficient frontier can be strictly improved.
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curve [(know as
the "Efficient
Frontier™)

A portfolio above this

curve is impossible High Risk/High Return

Medium Risk/Medium Return

Feturn %

We bsea rCh Partfolio's below the curve are

not efficient, because for the
«— Low Risk/Low Return same risk one could achieve a
greater return.

Risk % (Standard Deviation)
Capyright 2003 - Investopedia.com
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Variance-Covariance Matrix

MySpace

30.00%
10.30%
21.60%
-4.60%
-7.10%
5.60%
3.80%
8.90%
9.00%
8.30%
3.50%
17.60%

8.91%

Forbes
22.50%
29.00%
21.60%

-27.20%
14.40%
10.70%
32.10%
30.50%
19.50%
39.00%

-7.20%
71.50%

21.37%

Glam
14.90%
26.00%
41.90%
-7.80%
16.90%
-3.50%
13.50%
73.20%
2.10%
13.10%
0.60%
90.80%

23.46% R, = % > R

1 ROI on Publisher Week#
2 1

3 2

4 3

g 4

6 5

7 6

8 7

g 8

10 g

11 10
12 11
13 1 12
14

15 Average
16

17

18;  Covariance

19 | Matrix MySpace
20 ; Forbes
21 | Glam

.
Glam

00508} = ¥ >, (R ~R & ~R))

0.0864,
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How much of each publisher?

21.37%

Forbes

0.0114
0.0535

Forbes

35.64%
21.37%

XTYX

1

1

23.46% R, = %? > R

15 Average 8.91%

16

L R S A
185 Covariance MySpace

19 | Matrix MySpace 0.0099

20 Forbes 0.0114

721 S Glam______.0.0120____0.0508____ 0.0864:
27

28 MySpace

29 Decisions 53.01%

30 Constraints Min Return 8.91%

3 Portfolio 1

32 MySpace 1

33 Forbes

34 Glam

35

36 Minimize Portfolio Variance =

37

M 4 » M| Quadratic Prog | PublisherSelection {2)

Publisherselection

¥

Glam
0.0508 = AZH R, —R; \R, - R,
0.0864.
Glam
11.35%
23.46% 15.00% = 15% My Goal
1 100.00% = 100%
53.01% =< 75%
35.04% = /5%
1 11.35% < 75%
0.0205
0__ e

Select destination and press ENTER or choose Paste
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Applying Portfolio Mgt. to information retrieval

25

20 -

Number of queries
=

Y
o
|

Queries hurt Queries helped

O O O O O O O O O O O O O OO O O O O O o o

O O O N~ O W F O AN — - N O F IO © N 0O O O O

— 0 T ' T v v v h ' -
'

Percent MAP gain

Current state-of-the-art method

Query expansion:

Want a robust query algorithm that
almost never hurts, while preserving
large average gains

Apply Markowitz to query expansion!

25

20

—_
[6)]
|

Number of queries
)

Percent MAP gain

Robust version using Markowitz
[Collins-Thompson, NIPS 2008
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What is a good objective function

for query expansion?
Markowitz: portfolio allocation under uncertainty
[Collins-Thompson: NIPS 2008, PhD dissertation]

Reward:

— Baseline provides initial weight vector ¢
— Prefer words with higher ¢, values: R(x) = c"x

Risk:

— Model uncertainty in c using a covariance matrix 2

— Model uncertainty in 2 using regularized 2, = 2 + yD

— Diagonal: captures individual term variance (centrality)
— Off-diagonal: term covariance (co-occurrence)

Combined objective:
Ux)=—R(x)+&V(x)=—c"x+xx" (X+yD)x
[Collins-Thompson, NIPS 2008]
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These conditions are complementary and can

—be-combined-with-the-objective-into-quadratic-

program

Bad Good
Aspect balance

Variable  Centered

Term centrality

Low High
Aspect coverage

minimize -c¢’ x+ E X'y , X Term relevance, centrality, risk
QMO D subjectto  Ax< u+g, Aspect balance
- T
algorithm g'x2g, weQ Aspect coverage
[ <x.<u, weQ Query term support
0<x<l1
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Example solution output

Query: parkinson’s disease

Baseline expansion Convex QMOD expansion

parkinson 0.996 parkinson 0.9900
disease 0.848 disease 0.9900
syndrome 0.495 syndrome 0.2077
disorders 0.492 parkinsons 0.1350
parkinsons 0.491 patients 0.0918
patient 0.483 brain 0.0256
brain 0.360
patients 0.313
t reatment 0.289 (All other terms removed)
diseases 0.153
alzheimers 0.114
...and 90 more. ..
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Scheduling Ads: Other Reported Work

» Global Allocation Solutions (forward markets)

— Scheduling house ads: Decision Trees + Linear/I/Q
Programming for ad selection with websites, e.g., AMEX
[Poindexter.com]

— Heuristics, Genetic Algorithms, Integer Programming,
See Ali Amiri, . Efficient scheduling of
Internet banner advertisements.

(4): 334-346 (2003)
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Forward Markets and Optimisation

In Summary

Gradient descent, LP, QP are fundamental
— Not only in advertising but also in ML, IR

Allocation of Ads to Publisher real estate
— Give ads play in network
» Optimize revenue subject to ....

Inventory Management
— Contract as many impressions as possible but don’t oversell
Media Buyer (Arbitrage)
— Frame as a non-linear programming (NLP) problem
— Talks to publisher
— Determine publisher mix for network
« Optimize publisher mix subject to constraints
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Gradient Descent/LP/QP Reading Material

* Duda, Hart, & Stork (2000). Pattern Classification, Wiley.
« Statistical machine learning, Friedman et al. 2001, Springer.
« Linear and Nonlinear Programming by David G. Luenberger, Yinyu Ye

« Linear Programming by Vasek Chvatal
— readable online (at least the first 3 chapters)

« Introduction to Operations Research, 8/edition by Frederick S Hillier, Stanford
University, Gerald J Lieberman, Stanford University, ISBN: 0073017795, Copyright
year: 2005

« Chapters 2 and 3 of Schaum's Outline of Operations Research, (second edition) by

» Atsuyoshi Nakamura and Naoki Abe

( )

Commerce Research, 5(1), 75-98, 2005.

« <M. Langheinrich, A. Nakamura, N. Abe, T. Kamba and Y. Koseki,
(http://www8.org/w8-papers/2b-customizing/unintrusive/unintrusive.html)
, Computer Networks
31,pp-1259-1272, 1999. Targeted Internet Advertising Using Predictive Clustering and

Linear Programming
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Forward Markets Bibliography

Linear and Nonlinear Programming by David G. Luenberger, Yinyu Ye

Introduction to Operations Research, 8/edition by Frederick S Hillier, Stanford
University, Gerald J Lieberman, Stanford University, ISBN: 0073017795, Copyright
year: 2005

Chapters 2 and 3 of Schaum's Outline of Operations Research, (second edition) by

Atsuyoshi Nakamura and Naoki Abe

( )

Commerce Research, 5(1), 75-98, 2005.

M. Langheinrich, A. Nakamura, N. Abe, T. Kamba and Y. Koseki,
(http://www8.org/w8-papers/2b-customizing/unintrusive/unintrusive.html)

, Computer Networks
31,pp.1259-1272, 1999. Targeted Internet Advertising Using Predictive Clustering and
Linear Programming

David Maxwell Chickering, David Heckerman, Christopher Meek, John C. Platt, and
Bo Thiesson, Targeted Internet Advertising Using Predictive Clustering and Linear
Programming, 2004

Journal of Electronic
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Outline

« Introduction
« Online advertising background
- Business models
- Creating an online ad campaign
« Technology and Economics
— Advertisers (optimizing ROI thru ads and ad placement)
— Publishers (optimizing revenue and consumer satisfaction)
« Forward/Future Markets

« Spot Markets
— Background
— Auction Systems, Game Theory
— Ad Quality
— Budgeting
 New Directions
« Challenges in online advertising

« Summary
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Ad Network Architecture: Forward Market

ML
B Test
JashBoard

Ad upload/ G :
SelfServe ADashBoard | | PDashBoard || G€éneratie WebPageL

Creatives I I AdCode SERP
Constraints / wwWw
\IAdvertisers‘

Publishers |‘ Yield Management
— —

Ad Network .
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Ad Network Architecture: Spot Market

ML
B Test
UashBoard

Ad upload/ G " A
SelfServe ADashBoard | | PDashBoard || G€énerate WebPageL

|

Creatives I I I AdCode SERP
|
|

Constraints / wWWW
Advertlsers‘
\I Ad Network L

: Yield Management
Publishers |‘ 9
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CPC Paid Search (KW Market place)

User
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CPC Contextual vs. CPC Paid Search

Landing
Pages

Ad
Creatives

0 o Qo Yo - Qs - D - s < <

e

g

.. FORESI

RuSSIR 2009, Petrozavodsk, Rus

About Foresight News & Events Foresight Challenges Roadmap Al

Jobs in Nanotechnology
Find great new n=notechnology jobs in
top cempanies.

-ﬁc_ FORESIGHT

MNANOTECH INSTITUTE

Advancing Beneficial Manotachnalagy

ki’&‘r‘i"’ Technology Roadmap

Free Report from The Fool
Separates the winners from the
wannabes. Dovnload and try it!

Ads by Goooooogle Advertize on this site

Advancing Beneficial Nanotechnology

Foresight is the leading think tank and public interest institute on nanotechnology. Founded in 1986,
Foresight was the first organization to educate society about the benefits and risks of
nanotechnology. At that time, nanctechnology was a little-known concept.

Today, with the basic framework of public understanding in place, we are refocusing our efforts on
guiding nanotechnology research, public policy and education to address the critical challenges
facing humanity.

Foresight’'s new mission is to ensure the beneficial implementation of nanotechnology.

Foresight is accomplishing this by prowviding balanced, accurate and timely information to help
society understand and utilize nanotechnology through public policy activities, publications,
guidelines, networking events, tutorials, conferences, roadmaps and prizes.

Foresight i= a member-supported organization. Our membership, including over 14,000 individuals
and a growing number of corporations, is diverse demographically and geographically. They are
interested in ensuring that the future of nanotechnology unfolds for the benefit of all. The=ze
concerned individuals include scientists, engineers, business people, inwvestors, publishers, artists,
ethicists, policy makers, interested laypersons, and students from grammar school to graduate
level.

Foresight ® is a 501c3 nonprofit organization. Donations are tax-deductible in the US to the full
extent provided by law.

Foresight Making News
Foresight Nanotech Institute Awards Feynman Prizes
Researchers, Author, and Student Honored by Nanotechnology Think Tank

Palo Alto, CA - September 27, 2006 - Foresight Nanctech Institute, the leading think tank and public
interest organization focused on nanotechnology, awarded prizes to leaders in research;
communication and study in the field of nancotechnology at nanoTX '06 today. These prizes are
conferred on individuals whose work in research, communication and study are mowving our society
towards the ultimate goal of atomically-precise manufacturing,

bout Manotech Resources Blog

Contact Us

Join Email List
Email

Search

FORESIGHT
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Home Page
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Roadmap Initiative
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Member Login

Username

Password

Advertisements

Ads by Google
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Ad Network Architecture: Spot Market

E
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UhshBoard

Ad upload/ |
SelfServe ADashBoard || | PDashBoard
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Sponsored Search (vs Contextual)
GO(..JS[e data mining Eearm

Web Groups Scholar Books Fersonalized Eesu ;s i - !.5 cj about 66,300,000 for data mining [definition]. (0.14 seconds)

Data Mining Software E 'g Ag Sponsored Link Sponsored Lil
1 mww_salford-systems_com FREE: 30-day veﬁll lire Tratming Webcast, Guided : aSt
[our, Case Studies Mine Text Data

Analyze Consumer Opinions
2 Categorize Issues Automatically

www_clarabridge com

Data mining - Wikipedia, the free encyclopedia

Data mining can be defined as "the nontrivial extraction of implicit, previously unknown,

and pn.tentially ujae.ﬁ.!llinfnrmatinn from data"”. [1] D'EIIE! .m.ining may ... _ GDEW E:a!djéds‘g

en.wikipedia.org/wiki/Data_mining - 68k - Cached - Similar pages - MNote this

:upermar SE L Database
Data Mining: What is Data Mining? 30 Days & pagtad Nom!

www_greenplum_com

Generally, data mining (sometimes called data or knowledge discovery) is the process
of ajalyzlng data from d_lﬁerent perspectives and _sqmmarlzlng_l’f inta - B Easy Data Mining
www_anderson_ucla.eduffaculty/jason_ frandteachertechnologies/palace/datamining.htm - ) —

Discover a data mining system that

13k - Cached - Similar pages - Hote this Organlc resu |tS 4 2asily exports data to Excel.

Data Mining Technigues Q Datawatch.iresponse.net
Data Mining is an analytic process designed o e;w:phjre(c:aaE: S I)large amounts of

data - typically business or market related) in search of consistent ...
www_statsoft_.com/textbook/stdatmin_html - 47k - Cached - Similar pages - Mote this

Data Mining Software

Discover insights hidden in your
existing data using SPSS solutions.

Mimde AAS et em - Tk A e tem e W v ikl e mamd £ i | B e i WWW_.SpS55_COMm

Ads are clearly distinguishable from the actual search results and they rotate
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Yandex Direct on Yandex SERP

“ premium position(3
advertising maximum)

— Static show

“ Guaranteed placemen

position on the rig

ht (

Top position on the right)

— Static show

% Dynamic Show(5
advertising max)
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Andex  [rorsee o e

Haiigerca ece [ & Haiigeniom (] B pervane: Mockea

Bespe Hoeoctw Mapker Aapeca Cnosapu Bnomm Kaprudks — Bee coyber

PeayaeTar noucka: crpaun — 4 271, caiitos — ue mewee 1166
Cramcria cnoe: ronyGeie — 23 985 048, konratHble — 91 330 00, nwas — 10 203 521
3Janpocas 33 wecAl: ronykie — 35 143, KouTakTHele — 26 541, auHon — 31 837, Kynure amw cnoea

B pexnama

IS

© KOHTaKTHbIe NMH3bL. OrpoMHbIN BbIGOP!
Huzke Lenell BecnnatHar gocTaskal 50% crvOKa Ha KOHCYNeTaLMo Bpaqal
v linzmarket ru - Mockea

« KoHTakTHble nuHsbl. MogGop.npoaaskal
KOHTaKTHble MUH3bI BCEX THMOB. OMbiTHbIE Bpaqi-odTansmMonor. focTaska
vy imavision.ruMockea

FonyGble oukoBble U KOHTAKTHbIE JIMH3bI He BNMAIT Ha Pe3yrbTaTbl CNOPTCMEHOB -
QukoBt .

OchkiNet O4KoBbIE NUH 31 FoNySble DHKDBLIE U KOHTAKTHBIE IUHSBI HE BIMAIDT Ha PESYETATE! CDPTCKEHDS
MpeAcTaBUTEM KoMNaHNT "Balle” (BbiNyCKainuel ronyGble D¥KOBBIE NMH3L1 *Competivision”) 1 "CIBA

ViSion" (MEMOTOBNADILEN FonyGble KOHTaKTHIle NuHskI "ProSoft

o ochki netinewsinews-8-21 html - 39 KE

Coxparientian konue - Ewe c caiftats - PyGpuka: Jexapctea

MUHCK ONTHKa OYKM KOHTaKTHble JIMH3bl ONpaBbl coJHLEesaWwuTHble Henapych NMHIMacTep ...

Mowoue ¥ HacTpouTe noMek

[ACWMpEHHEIT NouCk

v 3ATECTOBLIM OBLEKTOM W BCE U3BECTHLIE MCTOYHMKIA HEKOFEPEHTHOMO CBETA. aNA
OPFAHUSMA. YENOBEKA Hanena ronyéile nuksel B HEM KOHTAKTHOW JIUH3bI. HEEONBLLOMO

linzy linlevart iyinadela-golubye-linzy html - 6 KB - 21.08.2006
Coxparennan konug - Ewe c caiita o

3esaublit o6man Mepec Xuntou Paris Hilton - HoBoctn | main.iu
Paris Hilton UMEET KOpUHEBLIE 1a33 , HO HOCUT FONYGble KOHTAKTHBIE NUHILI

Ota Brerna Goina BMEPUKAHCKO/ WKOHDI 1 B HEBATAND ATA SAKOHHERHOTD DBpPasa FONYBBIX M3 - M BOT PESYNLTAT -

ronyBle KOHTAKTHbIE MHHIBI
news main ru/news_id=14509 - 22 K&

Coxparientian konug - PyGpika: Web-auaaii

KonrakTHble nunsbl LinzBalance

TIE38TLL KOHTaKTHBIE NUH3LI. UBET FonyG ol

wnlinz-halance ruicgi-binfosy_script cgivi= 10922317288¢ . - 28KE
Coxpanentan komma - Ewe ccaiitas - PyGpura JerapcTea

MarasuH "KoHTakTHble nnH3bl" - [NaBHas :: UBETHbIE IMH3bI, MATKMe JIMH3b, XKecTKe ..
TeKeT CobInok: KECTKUE KOHTAKTHBIE NMHILI BYEart UBET FOMYGOi... MKECTHUE KOHTAKTHBIE MMH3bI Elegance
onTiyeckan cuna 1.0 LBET ronyGo

wwvy linzashop.com - 17 KE — Haliden no cowinke

[Evgeny Lomize, Bogdan Garkushin, direct.Yandex.com]
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Organic Search Results Boosting

« Search engine optimization
— Independent third parties help tune a client’s website
potentially yielding a higher rankings on the organic rankings
« Paid inclusion (e.g., Yahoo)

— Lets Web site owners submit information about their pages
to search engines. They're guaranteed inclusion in the
search engine's index, but aren't given any assurances
regarding how their pages will be ranked.

« Paid placement programs guaranteed top listings

— Addressed search engine spam (on organic results) in the
early days of web search

— Goto.com [1997]
— Advertisers bid on exact search terms; vetted by editors
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Sponsored Search (vs Contextual)

GO (..nge data mining

e Advanced Search
FPreferences

Web Groups Scholar Books Personalized Results 1 - 10 of about 66,300,000 for data mining [definition]. (0 **  -onds)

Data Mining Software E 'q ,,Ag, Sponsored Link d 5\0‘-5’?

www._salford-systems.com  FREE: 30-day ug&lt_‘ line Traning Webcast, G- "‘Ce a -

Tour, Case Studies p ] TO p - U3 r')
axads? 10 e~ ayser”

Data mining - Wikipedia, the free en~" L0 (a dv eﬁ. - mnjl‘”ma“ca”‘-*r

Data mining can be defined a= ™" ‘te \] plicit e" ‘ o

and potentially useb' * ~ oo S , wdla ™ ub \S“ Oper ECa!dJAd&g

wikine s sul - T =L
" \‘\at \S a g - Fi o“ '\.“e T Superchar SE L Catabase
Dat W Ve ect\\le 30 Days Ft mwm load Now

Genar-" ‘.“e pe" p,.,,a called data or knowledge discovery) is the process

~auierent perspectives and summarizing it into ..
Fr ] un::la edu; f:an::ultgf flason frandfteacherftechnologies! pa!ar*fa 'datamining.htm -

- Cached - Simler pages - lote bis- Qrggnic results

Data Mining Techniques §EQ
Data Mining is an analytic process designed o Eexplore( ! l)large amounts of
data - typically business or market related) in search of consistent ...

www_statsoft_.com/textbook/stdatmin_html - 47k - Cached - Similar pages - Mote this

Fimbke Al e~ T Al lam e L mimliandti e A Tl B AL~

www_greenplum_com

Easy Data Mining

Discover a data mining system that
easily exports data to Excel.
Datawatch.iresponse.net

Data Mining Software

Discover insights hidden in your
existing data using SPSS solutions.
WWW_SDS5_COMm

Ads are clearly distinguishable from the actual search results and they rotate
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Ad Ranking and Pricing

- Search engines and more generally ad
networks need a system for allocating the
positions/slots to ads

* Preset price and randomly rotate
« Keyword bid price?

* IR-based approach?

* Click through rates?

« Combinations of the above?
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Outline

« Introduction
« Online advertising background
- Business models
- Creating an online ad campaign
« Technology and Economics
— Advertisers (optimizing ROI thru ads and ad placement)
— Publishers (optimizing revenue and consumer satisfaction)
» Forward Markets

« Spot Markets
— Background
— Auction Systems, Game Theory
— Ad Quality
— Budgeting
* New Directions
« Challenges in online advertising

« Summary
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Online Auctions Outline

* Introduction to Auctions

 Game Theory
— Matrix games versus strategic form games
— l.e., 2-person games versus N-person games

* Finding Equilibria solutions/outcomes in games
— Games with a dominant strategy
— Pure-strategy Nash Equilibrium (NE)
— Mixed strategy NE

- Repeat Games (finite and infinite)
« Multi-item auctions (VCG, GSP)
« Online Ad Auctions
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Establishing the price for an ad slot?

Problem*® Publisher wishes to sell a ad slot for which there

are many interested buyers/advertisers
« Versus one buyer trying to buy a single item (procurement
auctions).

« Want to establish a price for the object(ad slot)
— If seller knows each potential buyer’s value of object (or has
Announce 4404 estimate) then the seller can just announce the price
Price at which the object is sold

— However, if the seller does not know the buyer’s value, and
the buyers do not know each others’ values for the object

Disc_over (i.e., independent private values) then auctions help
_ Price « Each buyer has an intrinsic value for the item being auctioned;
Via Auction she is willing to purchase the item for a price up to this value

 Auctions help to discover true valuation
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Types of Auctions

 Two main categories
— Open Outcry

» Ascending
« Descending

— Sealed Bid
* First-price
» Second-price
* Main idea: bidder trying to balance their
private-value with what they are willing to
bid (the cost to them) for an item.
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Forward/Futures Markets

ONLINE ADVERTISING RATE SHEET

Chicagoreader.com
More than 100,000 unique users and 1,000,000 pageviews every week v

Chicagoreader.com focuses on function, popular features, and daily updates. Our home @5 an essential
portal into local arts, entertainment, and issues. Chicago Reader On Film archives m reﬁ 0,000 capsule
movie reviews. The Reader Restaurant Finderis an online guide to more than 3,000 ‘% staurants. Reader

Online Classifieds are a complete online marketplace for apartment rentals, hous& con o@bs pers@

services, and more.

Online Ad Rates \\
50,000 - 199,000 ad impressions o
200,000 - 499,000 ad impressions é 1 D[][] g

500,000 + ad impressions

Online Ad Sizes

Leaderboard Top of page ?’28 QD pi
Skyscraper Right hand c::llum s x 600
Rectangle Within text |:u:e|5 :QE | els

Hybrid Advertising: Print + Online
50% of our print readers use chicagoreader.com. (20 RIS

Advertisers can increase the reach and frequency of their print auwising with simultaneous ad impressions on
chicagoreader.com. Reach our total audience with the combinadfo® of the Chicago Reader and
chicagoreader.com.
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Keyword Auction Systems: Goto Model

 Rank ads by keyword bid price
— each ad is associated with multiple keywords; assume one
keyword for now and exact match
* In 1997, Goto/Overture (now Yahoo! Search
Marketing) launched an innovative framework for
selling advertising space next to search results.

— Rather than selling large, expensive chunks of advertising
space (human sales force), each keyword was sold via its
own auction

— Human editors checked for relevance

— Payment was made on a pay-per-click (PPC)

— Used a first price auction mechanism (and published the
winning bids!!)

— Successful; advertising system adapted by Yahoo and MSN
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Generalized first-price auction (GFP)

* For each keyword, several advertising slots are
auctioned at once, each one representing a position
relative to the top of the search page.

- Overture created a marketplace around each keyword

— Their auction mechanism has been characterized as a generalized
first-price auction (GFP) .
— Each advertiser submits a secret bid (value of click/action) to the
auctioneer (Overture in this case).
15t Price- In a first-price auction for a single item, the highest bidder wins
the item at the highest price.
GFP - In a GFP, multiple items are up for auction; the highest bidder

wins the first item at the highest price, the second-highest bidder
wins the second item at the second-highest price, and so on.
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Generalized First Price Auction

5 Mine Text Data
1. In d GFP! mUItlple Analyze Consumer Opinions

items are up for KW Bid = $1 (QCategorize Issues Automatically

www.clarabridge_.com

auction;
2. The highest bidder Open Source Data Mining
- . . . Supercharged PostgreSCQL Database
wins the first item at KW Bid = $5 30 Days Free Support, Download Mow!
the hlgheSt price www_greenplum.com
3. The second-highest Fasy Data Mining
1 1 = Discover a data mining system that
bidder V\_’Ins the KW Bid = $2 easily exports data to Excel.
second item at the Datawatch.iresponse.net
se_cond-rl:ghest Data Mining Software
rice, ana so on - Discover insights hidden in your
p , KW Bld - $1 existing data using SPS5 solutions.

WWW_SpP55.COIM
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Gaming the system: GFP not stable

- Another notable aspect of Overture's auction design was
that winning bids were posted

* Led to buyer’s remorse and gaming systems; no equilibrium

/ L
WAl i/ i

B
L
=

38

g4

L

Payment To Overture

s0

/18 M3 Fr20 ey fl22 123 i 124

One Week in 2002°

. NBER Paper No. W11765, 2005]
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Generalized 2" Price (GSP) Auction

In a GSP, multiple Bid = $10

items are up for PPC = $5

auction;

The highest bidder ;

wins the first item Bid = $5

at the second price PPC = $2

(+delta)

The second-highest  Bid = $2

bidder wins the PPC = $1

second item at the

Lr:;dsglg:est price, Bid = $1
PPC = $0.57

Mine Text Data

Analyze Consumer Opinions
Categorize |ssues Automatically
www_clarabridge_com

Open Source Data Mining
Supercharged PostgreSCQL Database
30 Days Free Support, Download Now!
www.greenplum.com

Easy Data Mining

Discover a data mining system that
easily exports data to Excel.
Datawatch_iresponse.net

Data Mining Software

Discover insights hidden in your
existing data using SPS5 solutions.
WWW_SpPSS_COMm

Introduced by Google in Feb 2002 (AdWords); overcomes the instability of
GFP because by design the bidder is incentivized to pay the true value?!
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Example Auction

Note:
However, in a GSP/VCG
auction, advertisers
must submit a single
bid even though there
are several
advertisement slots
available.

Assume 2 ads slots onIL

Bid = $10
Bid = $4
Bid = $2

Mine Text Data

Analyze Consumer Opinions
Categorize Issues Automatically

www.clarabridge.com 200 Clickls

Open Source Data Mining

Supercharged PostgreSCOL Database
30 Days Free Support, Download NDXF

www.greenplum.com 700 Clic

Easy Data Mining

Discover a data mining system that
easily exports data to Excel.
Datawatch.iresponse.net

Suppose there are two slots on a page and
three advertisers. An ad in the first slot
receives 200 clicks per hour, while the second

slot gets 100.
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Generalized 2" Price (GSP) Auction

In a GSP,
multiple items
are up for
auction;

The highest
bidder wins the
first item at the
second price
(+delta)

The second-
highest bidder
wins the second
item at the third-
highest price,
and so on

Bid = $10

PPC = %4

Payment =$4*200

Bid = $4

PPC = $2

Payment =$2*100
Bid = $2
PPC = $2

Assume 2 ads slots only

Mine Text Data

Analyze Consumer Opinions
Categorize Issues Automatically

www.clarabridge.com 200 Clicks

Open Source Data Mining

Supercharged PostgreSCQL Database
30 Days Free Support, Download Now!

www.greenplum.com 700 Clicks

Easy Data Mining
Discover a data mining system that

easily exports data to Excel.
Datawatch.iresponse.net

Revenues under GSP is $1,000
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Online Auctions Outline

* Introduction to Auctions

 Game Theory
— Matrix games versus strategic form games
— l.e., 2-person games versus N-person games

* Finding Equilibria solutions/outcomes in games
— Games with a dominant strategy
— Pure-strategy Nash Equilibrium (NE)
— Mixed strategy NE

- Repeat Games (finite and infinite)
« Multi-item auctions (VCG, GSP)
« Online Ad Auctions
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Establishing the price for an ad slot?

 Publisher wishes to sell a ad slot for which there

are many interested buyers/advertisers
« Versus one buyer trying to buy a single item (procurement
auctions).

« Want to establish a price for the object(ad slot)
— If seller knows each potential buyer’s value of object (or has
Announce 4404 estimate) then the seller can just announce the price
Price at which the object is sold

— However, if the seller does not know the buyer’s value, and
the buyers do not know each others’ values for the object

Problem

Disc_over (i.e., independent private values) then auctions help
_ Price « Each buyer has an intrinsic value for the item being auctioned;
Via Auction she is willing to purchase the item for a price up to this value

 Auctions help to discover true valuation
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Types of Auctions

 Two main categories
— Open Outcry

» Ascending
« Descending

— Sealed Bid
* First-price
» Second-price
* Main idea: bidder trying to balance their
private-value with what they are willing to
bid (the cost to them) for an item.
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Types of Auctions: Open Outcry

- Basic idea: bids are public and thus made public
knowledge.

Two Types

 Descending (aka Dutch): (only one bid)
— Auctioneer starts at high price and decreases.
— Winner: agent that stops the auctioneer and accepts the price.
— Analogous to sealed-bid first price auction

« Ascending (aka British): (possible multiple bids)

— Auctioneer starts at low price and price increases as bidders
increase bids.

— Winner: agent with highest bid when no more bids occur.
— Analogous to sealed-bid second price auction
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Types of Auctions : Sealed Bid

- Basic ldea: bids are private and made
public only upon announcement of
winner.

Two Types

 First Price (only one bid)
— Bidder with the highest bid wins
— Pays the amount of their bid.
« Second Price (only one bid) (aka Vickrey
Auctions)
— Bidder with the highest bid wins

— Elét only pays the amount for the second highest
id.
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Types of Auctions : Valuation

« Common/Objective Value
— There is a value shared by all bidders for an item.

— Value may be imprecise:

« Individual agents may have their assessor’s prediction of the
value of something which may be different to another’s.

— eg. Vein of some mineral will have common value to all
mining companies.
« Private/Subjective Value
— Bidders place different values on objects.
— Bidder’s know private valuations but not others'.
— Seller does not know valuations.

— Depending on auction structure — agents may be able to
formulate idea of valuations from bidding signals.
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The Winner’s Curse

« Definition: if you have won an auction, you may have
overpaid.
— Mostly for common value auctions

* Propose a bid b

 Win the bid if current owner’s valuation is between
[0; b]

 If you control item it’s worth is 1.5b

« But average value for the item would be b/2 if a bid
you make is accepted.

* Thus under your control it’s worth:
1.5(b/2) = 0.75b

« This means that whatever you pay it will always be
worth less than what you chose to bid!
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Good Bidding Strategies

« Ascending
— Item worth V'to you.
— |f last bid above V there is no reason to bid.

— If last bid is r, below V' - then you bid r plus the
minimum bid increment € (epsilon — a small amount).

— This means that your profit approximates: V-r
— This Is approximately the second price.

* First-Price Sealed

— Need to shade your bid in order to make a profit.

« Shading: is when you place a bid less than your value, V but
not so low as to guarantee losing. Involves risk for reward.

* Descending
— Similar to FPS, you need to shade your bid.
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2"d Price (Vickrey) Auctions

» Truthful bidding is a dominant strategy!
« Some item worth Vto you.

* You can place any bid b, b can be any
positive number.

 If you don’t bid b=V there are two
possibilities:
— Opponent bids higher than you.
— Opponent bids lower than you.

« We show that for each of these it’s better
for you to bid b=V rather than b # V.
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2"d Price (Vickrey) Auctions 2

* Let opponent’s bid =r

« Opponent Bids Higher:

— \6< b < r: opponent wins, wouldn’t change anything if
=V.

— bb < V < r: opponent wins, wouldn’t change anything if
=V

— b < r < v: opponent wins, would be strictly better if b=v
(you would have won)

« Opponent bids lower

— V < I < b:you win, but you now pay some amount and
net v-r < 0.

— r < v < b: you win, wouldn’t have changed if v=Db.
— r < b < v: you wing, wouldn’t have changed if v = b.
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Online Auctions Outline

* Introduction to Auctions

« Game Theory
— Matrix games versus strategic form games
— l.e., 2-person games versus N-person games

* Finding Equilibria solutions/outcomes in games
— Games with a dominant strategy
— Pure-strategy Nash Equilibrium (NE)
— Mixed strategy NE

- Repeat Games (finite and infinite)
« Multi-item auctions (VCG, GSP)
« Online Ad Auctions
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First price (GFP) vs. Second Price GSP

Second
Price

Generalized First Price Auction
— Unstable

Second Price Auction (Single Item)
— Truth-telling is the dominant strategy
— (i.e., no buyer’s remorse when bidding true value)

Generalized 2" Price (GSP) Auction

— Tailored to the unique environment of online ads [Google, 2002]

— BUT truth-telling is NOT a dominant strategy for Generalized Second
Price (GSP) Auctions [Edelman et al. 2006]

Vickrey, Clarke, Groves (VCG) Auction

— Truth-telling is a dominant strategy under VCG

— In particular, unlike the VCG mechanism, GSP generally does not have
an equilibrium in dominant strategies and truth-telling is not an
equilibrium of GSP.
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Auction Theory:a branch of Game Theory

Game theory is a branch of applied math

— that is used in the social sciences (most notably
economics), biology, engineering, political science,
international relations, computer science, philosophy.

Game theory is the science of strategy

— It attempts to determine mathematically and logically
the actions that "players" should take to secure the

best outcomes for themselves in a wide array of
"games_" AUCtion

Auction theory is a branch of game theory MZ:,?::,}”S,“

An online advertising auction is a game: Design

— the strategies/bids of all participants determine both
the winner and the winning price

— Game theory provides a formal means of

understanding and designing auctions
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Game Theory Background

Developed in the late 1920s, game theory is concerned
with the decisions people make when confronted with
competitive situations
— Especially when they have limited information about the other
players' choices

— It attempts to determine mathematically and logically the action g
that "players" should take to secure the best outcomes for
themselves in a wide array of "games."

— The decisions of all agents jointly determine the game outcome
Every competitive situation has a point called a Nash
Equilibrium, in which parties cannot change their course
of action without sabotaging themselves

— Every finite player, finite strategy game has at least one Nash
equilibrium be it a mixed or pure strategy equilibria [Nash 1950];
(Proof is based on Kakutani’s fix point theorem)

— Nash got a Nobel Prize for this

— In 1838 Cournot considers a duopoly and presents a solution
that is a restricted version of the Nash equilibrium
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Game Theory Outline

« Matrix games versus strategic form games
— l.e., 2-person games versus N-person games

* Finding Equilibria solutions/outcomes in games
— Games with a dominant strategy
— Pure-strategy Nash Equilibrium (NE)
— Mixed strategy NE

- Repeat Games (finite and infinite)
* Truth-telling
« Online Ad Auctions
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Matrix Game

* Players, strategies and payoffs

« A matrix game is a two player game such that:
— player 1 has a finite strategy set S1 with m elements,
— player 2 has a finite strategy set S2 with n elements, and
— the payoffs of the players are functions u1(s1, s2) and u2(s1,
s2) of the outcomes (s1, s2) € S1 x S2.
 The matrix game is played as follows:

— at a certain time player 1 chooses a strategy s1 € S1 and
simultaneously player 2 chooses a strategy s2 € S2 and
once this is done each player i receives the payoff u,(s1, s2).
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A matrix game: Prisoner’s Dilemma

Suspect 2 Strategy

| |RatOut |Stay Quiet

Rat Out -10

Stay Quiet

Suspect 1 Strategy

« 2 strategies per player (Suspect Rat-out or stay quiet)
- Payoffs (cell entries) are a function of the strategies selected by
each player (simultaneously)

— If suspect1 stays quiet and suspect 2 rats out then suspect 1 gets 10
years in prison (looses 10 years) while suspect 2 receives zero years
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Some Notation and Definitions

Strategy choices for all player besides player i
— S =(--+s Si-1s Siyqs «---)

Strategy s; is a Best Response by player i to the
strategies of all players except j, s if:

7. (s.,s_) 27 (s, ,s_)foralls, €S,
7, (RatOut, S2) > r,(StayQuiet, S2) where S2 € {RatOut, StayQuiet }

Strategy s, is a Dominant Strateqy for player i if
s, is a best response

Suspect1\Suspect2 m
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Dominant Strategies

Suspect1\Suspect2 m

« For two-person matrix games, a strategy s; of
player 1 in a matrix game is said to dominate
another strategy s; of player 1 if

— Uy(S;, 8) 2 Uy(s;, S) //payoff of player 1
* For suspect 1 ratOut dominates stayQuiet
— ul(ratOut, $S2) = u1(stayQuiet, $S2)
— ul(ratOut, ratOut) = u1(stayQuiet, ratOut)
AND u1(ratOut, stayQuiet) = u1(stayQuiet, stayQuiet)
— -5>-10 ANDO=>-2
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of player1
that
dominates
another
strategy s;
gives player1
a higher
payoff for
every choice
that player 2
could make
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Strictly Dominant Strategies

Rat Out _| Stay Quiet

Rat Out

Stay Quiet 0-= -2
-2

+ For two-person matrix games, a strategy s; of player 1
in a matrix game is said to dominate another strategy s;
of player 1 if

Suspect 1 Strategy

— ul(si, s) > ul(sj, s) #payoff of player 1

* For suspect 1 ratOut dominates stayQuiet
— ul(ratOut, $S) > ul(stayQuiet, $S)
— ul(ratOut, ratOut)>u1(stayQuiet, ratOut)
AND u1(ratOut, stayQuiet) > u1(stayQuiet, stayQuiet)
— -5>-10 ANDO > -2
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Online Auctions Outline

* Introduction to Auctions

 Game Theory
— Matrix games versus strategic form games
— l.e., 2-person games versus N-person games

* Finding Equilibria solutions/outcomes in games
— Games with a dominant strategy
— Pure-strategy Nash Equilibrium (NE)
— Mixed strategy NE

- Repeat Games (finite and infinite)
« Multi-item auctions (VCG, GSP)
« Online Ad Auctions
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Iterated Elimination of Dominated Strategies

* Find a solution to the game by iteratively eliminating
strictly dominated strategies
— Let Rie Si be the set of removed strategies for agent |
— Initially Ri=d
— Choose agent i, and strategy si such that sie Si\Ri and there exists
si’ € Si\Ri such that

u(si',s_;)>u(si,s_;) for all s_; €S_\R_,

— Add si to Ri, continue

- Theorem: If a unique strategy profile, s*, survives then
it is a Nash Equilibrium

 Theorem: If a profile, s*, is a Nash Equilibrium then it
must survive iterated elimination.
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Example: lterated Dominance

* Players iteratively throw out strictly dominated

strategies
« - leads to a solution of a matrix game
r | c
B 7)
U F3FI0——F 7197115
. 9-9 ((8,-8)|10/-10
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Prisoner’s Dilemma Game
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Prisoner’s Dilemma Theorem

 If Prisoner’s dilemma is played by rational
players, both players confess.

* Proof:
— “StayQuiet” is a strongly dominated strategy:

— Strongly dominated = Its payoff is strictly less
than the payoff of “RatOut” for all states of the
world.

— Therefore, “StayQuiet” is not a best reply,
Irrespective of belief.
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Iterated Dominance Alg. Limitations

Female Player Battle of the sexes

)
.

Strategy |Opera Bul

.
-
e
.
-
-
-
-

S
(:) .

Male Player

-
.

.
g

The female prefers opera to bullfight , while the male prefers

bullfighting to opera; but they also want to spend time together!

This game has no strictly dominating strategies ®

How can we determine a solution to this game?
— Nash’s Equilibrium provides us with a solution
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Find solutions to a game

 The main tool is to find an equilibrium: a set of
choices by all agents that are mutually rational
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Nash’s Equilibrium for a Matrix Game

* A Nash equilibrium is a widely used method of
predicting the outcome of a strategic interaction
such as an games/online auctions.

A pair of strategies (s, , s,) € S1xS2 is a Nash
equilibrium of a matrix game if:
— 1.uy(sy,8,) 2U4(s, s,) foreach s e S1, and
— 2.Ux(Sy,S8,) 2Us(sy,8)foreachse S2

* In other words, a Nash equilibrium is an outcome
(i.e., a pair of strategies) of the game from which
none of the players have an incentive to deviate,
as, given what the other player is doing, it is
optimal for a player to play the Nash equilibrium
strategy.
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Nash’s Equilibrium

Player2

Strategy L R
T 1 0
Player1 1 0
B 0 1
0 1

This game does not have strictly dominated strategies BUT has two
Nash equilibria, namely (T,L) and (B,R).
It is also worth noting that if we look at an outcome which is not a Nash
equilibrium then one player will want to deviate from playing that
outcome.

— E.g., for strategy (T,R), then player 2 is better-off playing L if he knows that player 1 is going

to play T.

Nash’s Equilibia o Equilibia found by iterative dominated strategies
Games may also have mixed strategies [John Nash,1951]
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Pareto-optimal Equilibrium Points

« A game outcome is Pareto-optimal if there is no
other outcome that all players would prefer.

 An outcome is Pareto-dominated by another
outcome if all players would prefer the other

: Player2 - Requires
Strate L R Strategy | L R Communication
5 T 9 0 | % T 1 o| *© FEstablish
%\ 9 0 % 1 0 convention
5 3 before or during
B 0 1 B 0 1 .
« Coordination
0 |11 0 |1
\ Game

Inefficient Equilibrium
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Airline Price Fixing Lawsuit: Game Theory

US Justice Department settled an US$billion antitrust suit against six
major airlines

— The airlines were accused of using the computerized system to negotiate future fares
with competitors. Some future fares were placed in the computerized system two months
in advance, but most took effect within a week or two.

— A Justice Department spokesman called the system "an electronic smoke-filled room"
used by airlines to float "trial balloon" price increases, make and receive
counterproposals and reach a consensus on the amount and timing of price increases or
the removal of discounts.

— The settlement prohibits the airlines from announcing future fares. Under the agreement,
airline fares must be available when they are announced. The settlement also prohibits
the announcement of the last day on which a discount can be offered.

Setting the fare of $200 is a strictly dominant strategy for both airlines
(in our example). Hence, the strictly dominant strategy solution
causes both airlines to make a loss of $10 million.

This then provides airlines with an incentive to try and reach some
form of a price fixing agreement.

[NYTime, March 18, TOLCHIN, 1994]
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Airline Price Fixing Lawsuit

Example 2.1. Suppose US Air and American Airlines (AA) are think-
ing about pricing a round trip airfare from Chicago to New York. If
both airlines charge a price of $500, the profit of US Air would be $50
million and the profit of AA would be $100 million. If US Air charges
$500 and AA charges $200 then the profit of AA is $200 million and
US Air makes a loss of $100 million. If, however, US air sets a price of
$200 and AA charges $500 then US Air makes a profit of $150 million
while AA loses $200 million. If both charge a price of $200 then both
airlines end up with losses of $10 million each. This information can
be depicted in the form of a table as shown below. i

American Airlines
Fare $500 $200
US Air | $500 | (50,100) | (—=100,200) | Loose $10M each
5200 | (150,—200) ||(=10,—10)

[Games and Decision Making, by ,
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Strategic From Games (n-player)

« Extend games to n-players and to player strategy
sets that do not have a nice matrix representation.

* A strategic form game (or a game in normal form) is
simply a set of n players labeled 7, 2, ..., nsuch
that each player / has:

— 1. achoice set S;(also known as the strategy set of player i and
its elements are called the strategies of player /), and

— 2. a payoff function u;: S; x S, x = = = x S5, = R.

 The game is played as follows:

— each player k chooses simultaneously a strategy s, € S, and
once this is done each player i receives the payoff u,(s, s, . . .,

Sh)-
— Represent a game in terms of strategy sets and payoff functions
of the players: G ={S;, ..., S,; U, ..., U}
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Nash’s Eqlbrm. for Strategic Form Game

 When a strategic form game is played, a player’s objective
Is to maximize her payoff.
— (all other players will want to do the same.).

* Look for an game outcome that results from the
simultaneous maximization of individual payoffs

* There is a useful criterion for finding the Nash equilibrium
of a strategic form game when the strategy sets are open
intervals of real numbers.

Definition 2.8. 4 Nash equilibrium of a strategic form game “.

ne

G: {{;] Sﬂ Uq, U-ﬂ{a‘e “(Om
s a strateqy profile (s7, 85 s&:\qzeh‘»ﬂﬂf %?kfa‘ﬁgl\lrfra we have
ncet
u; (83, .- ,5’{_1,5\,*9“, s 5:‘1“10_‘\8&1 ey 8 1458 1., 5

fﬂ?‘ all s € S;. 357
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Nash Equilibrium Test

« There is a useful criterion for finding NE of a strategic
game when strategy sets are open intervals of real
numbers payoff functions are twice differentiable

Let G be a strategic form game whose strateqy sets are open inter-
vals and with twice differentiable payoff functions. Assume that

a strateqy profile (s, ..., s5) satisfies:
Jui(ss,..., s .
p, 2uil LA n) =0 for each player 1.
C}Si
2. each s} is the only stationary point of the function
ui{STe . u :5;—1:5! Sitls ey S:;} , 8 € *Sri ,
and
[Games and Decision Making, by
3 dg'l{-l:(ST._,.... :; < [I f, h i )
: _ or each 1.
92s. ]
Then (s1,...,s5) is a Nash equlibrium of the game G. 358
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John F Nash Jr. (1928 -)

Landmark contributions to Game theory: notions of Nash
Equilibrium and Nash Bargaining
Nobel Prize : 1994
, about his mathematical genius and his struggles
with
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Find Nash Eq|l.

Example 2.9. Consider a three-person strategic form game in which
each player has a strategy set equal to the open interval (0,00). The
payoff functions of the players are given by

Assume payoff
functions are twice
differentiable

ui(z,y,2) = 2xz — %y

us(z,y,2) = V12(z +y +2) —y
ug(z,y,2) = 22 — ry2?.

To find the Nash equilibrium of the game, we must solve the system
of equations

Juq g dug
dx - dy a oz
Taking derivatives, we get
d o) 3 d
_.1:‘.1 = 2z — 2rxy, _'U,g =4/ ————1 and _‘ug =2 —2ryz
dr dy r+y+z 0z

So, we must solve the system of equations

3

2z — 2ry =0,
r+y+z

1=0 and 2-—2xyz=020,

or, by simplifving the equations,

[Games and Decision Making, by , ]
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So, we must solve the system of equations

3
22 —2rxy=0, ———1=0 and 2-2zyz=0,
r+y+=z

or, by simplifying the equations,

2 = ay (1)
r+y+z=23 (2)
Tyz = 1. (3)

Substituting the value of xy from (1) to (3) yields 22 = 1, and (in view
of 2 > 0) we get 2 = 1. Now substituting the value 2 =1 in (1) and
(2), we get the system

ry=1 and x+y=2.

Solving this system, we obtain x = y = 1. Thus, the only solution of
the system of equations (1), (2) and (3)isr=y=2=1.
Computing the second derivatives, we get

8%,

— = =2 0.

aIE y ‘::: | - - -

9%z Ja 3 [Games and Decision Making, by
o ($+y+2}_5{0,

dy ’

521&3 ]

522 — —2xy < 0,

RussIk 200 10T all choices > 0, y > 0 and z > 0. The Nash Equilibrium Test 20) 361
guarantees that (1,1,1) is the only Nash equilibrium of the game. W _AT gmail DOT com



A Mixed Strategy Nash Eqim.

* A mixed strategy or probability profile for the row

player is simply any vector p = (p;, Pss - - - 5 P;1)
such that p; 2 0 for each strategy iand >, ; ,p; = 1.

* A player picks a distribution and not just one
strategy

* Pure Strategy

— A mixed strategy p for the row player is said to be a pure
strategy, if for some strategy i we have p, =1 and p, = 0 for k
#i. E.g.,p=(0,0,...,0,1,0,...,0)
« While the game might not have an equilibrium in
pure strategies, it always has a mixed strategy
equilibrium!
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To compute mixed strategies equilibria in a matrix game we use
the following four steps.

Finding a

1. Write the matrix game in its bimatrix form A = [a;;], B = [b

2. Compute the two payoff functions EXpected Payoff

. Funcuons
m1(p,q) Zzpr%ﬂu and ma(p,q) ZZP:Q} i -
i=1 j=1 i=1 j=1

3. Replace p,, =1->""" 11 p; and g, = I—Z;.:ll g; in the payoff for-
mulas and express (after the computations) the payoft functions
m1 and 72 as functions of the variables p1,....pm—1.q1,....qn—1.

4. Compute the partial derivatives %} and %;i and consider the
system

d d
L _0(i=1,...,m=1) and Z2—0(j=1,....,n—1).
dp; dq;
Any solution of the above system p1,....Pm—1.Gi---..Gn_1 With
m—1 n—1
p; = 0 and g; = 0 for all 7 and j, Zpigla:nd qugl
i—1 =1

is a mixed strategies equilibrium.

""Mixed Strategy

Equilibria

[Games and Decision
Making, by

]
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Find Mixed Strategy Equilibria: E.qg.

To compute mixed strategies equilibria in a matrix game we use
the following four steps.

1.

2.

. Replace p,,, = I—Z:;’:ll p; and g, = 1—Z?;f

Write the matrix game in its bimatrix form A = [a;;], B = [b;;].

Compute the two payoff functions

ZZPIQ}G:_} and ?TE P q

i=1 j=1

ZZM'J i -

i=1 j=1

q; in the payoff for-
mulas and express (after the computations) the payoff functions
m1 and o as functions of the variables p1, ..., pm—1,q1,.. ., gn—1.

Compute the partial derivatives %:I_L and %Z‘j% and consider the
system

0 o
6: —0(i=1,...,m—1) and a—??:'] G=1,....,n—1)
Any solution of the above system pq,....pm_1.q1.-..,Gn_1 With
m—1 n—1

p; = 0 and g; = 0 for all i and j, Zp:-'(_il and Zij_fjiil
i=1 i=1

is a mixed strategies equilibrium.

[Adapted from Games and Decision
Making, by ,
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Rlayer A —

ISEU, 12] and B :[

3 0
1 2

1. Al 1

Expected Payoff Functions
T = 3pi1g2 + 2paq1 + p2ge

=3p(l—q)+2(1 —p1)g1 + (1 = p1)(1 — q1)

—4pg+2p+ a1+ 1

|

2.

Ty = 3p1g1 + pag1 + 2pago
=3+ (l—p1)gr +2(1 —p1)(1 —q1)

. Player B = 4pig1 —q1 — 2p1 + 2.

oy Omo
4.2 — 4 42=0 and Z2 —4p;—1=0
op1 d1 Bq, J41
P1,P294, 42

((3,2),(3,1)) is a mixed strategies
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Solving Matrix Games using Mixed Strategies

« Mixed strategy equilibrium

— E.g., Rock-Scissors-Paper (RSP) Game (a Zero-sum game)

- What is the mixed strategy equilibrium for RSP?
e ?

— Maximize and solve systems of mm@% jons of m @mm%m g:we‘:;%% %‘%gm“maﬁ
of the @%W@m (e.g., g?:%f 2\AFO)
*. é{ . * gﬁ:% 1‘ |

Player2 (q)

f

Strategy Rock Scissors Paper
Rock 0 -1 1
o] 0 1 -1
'czy)er1 Scissors 1 0 -1
P -1 0 1
Paper -1 1 0
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Pure-strategy and mixed-strategy NE

Player 2
Up Down
Player Up 2,2) | (0,0)
1 Down 0,0) | (1, 1)

* Find the 3 Nash Equilibria for this game?

« Which equilibrium maximizes the social welfare of
the system (sum of payoffs)?
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Online Auctions Outline

* Introduction to Auctions

 Game Theory
— Matrix games versus strategic form games
— l.e., 2-person games versus N-person games

* Finding Equilibria solutions/outcomes in games
— Games with a dominant strategy
— Pure-strategy Nash Equilibrium (NE)
— Mixed strategy NE

- Repeat Games (finite and infinite)
« Multi-item auctions (VCG, GSP)
* Online Ad Auctions
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Repeat Games:horizon is finite or infinite

- Goal: maximize payoff if possible

- Repeated games may be broadly divided into two
classes, depending on whether the horizon is finite
or infinite.

- May lead to cooperation to improve the welfare of
the game
— E.g., prisoners dilemma
« finite leads to selfish ratting-out behaviour (unraveling effect)
« Whereas as infinite or semi-finite leads to cooperatlon.

Suspect1\Suspect2 m

Rat Out

Stay Quiet

RuSSIR 2009, Petrozavodsk, Russia. Online Advertising © 2009 James G. Shana aﬂSa? Francisco)
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Nash equilibrium

A strategy for each player such that:

— No player has an incentive to switch, if all other players’ strategies are held fixed.
l.e., will not result in an increase in payoff.

— In our setting each advertiser is a player and each advertiser makes bids
(stragegies/moves)

A game could have many Nash equilibria ...
E.g., for Rock-Scissors-Paper:
— With probability one-third pick each strategy.

The Nash Equilibrium can exist both for recurring games and for
single-interaction games. If two prisoners are faced with the dilemma
once and once alone, their dominant strategy will be to rat each other
out.

If two players are in a game like the prisoner's dilemma, but it's played
repeatedly, there may be a way for them to cooperate. When a game
repeats, the Nash Equilibrium depends on how many times the game is
repeated. If it goes on infinitely long term cooperation is easier. If it's

only played 3 times, you can imagine how cooperation would be more
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Online Auctions Outline

Introduction to Auctions

Game Theory
— Matrix games versus strategic form games
— l.e., 2-person games versus N-person games

Finding Equilibria solutions/outcomes in games
— Games with a dominant strategy

— Pure-strategy Nash Equilibrium (NE)

— Mixed strategy NE

Repeat Games (finite and infinite)
Second Price Auctions
Multi-item auctions (VCG, GSP)

Online Ad Auctions
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Marketplaces

* The 'real world' in which products and services
are provided and consumed
— Connecting buyers and sellers from disparate locations
— E.g., Fish market, flower market, eBay, Craigslist, Google,
Yahoo, etc.
 Markets, or market-like institutions, often allocate
goods and services efficiently

 Mechanism design theory allows researchers to
systematically analyze and compare a broad
variety of institutions under various assumptions.
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Mechanisms

* Leonid Hurwicz (1960) defined a mechanism as a
communication system in which participants
send messages to each other and/or to a
“message center,” and where a pre-specified rule
assigns an outcome (such as an allocation of
goods and services) for every collection of
received messages.

« Within this framework, markets and market-like
institutions could be compared with a vast array
of alternative institutions.
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 These messages may contain private information, such as
an individual’s (true or pretended) willingness to pay for a
public good. The mechanism is like a machine that
compiles and processes the received messages, thereby
aggregating (true or false) private information provided by
many agents.

- Each agent strives to maximize his or her expected payoff
(utility or profit), and may decide to withhold
disadvantageous information or send false information
(hoping to pay less for a public good, say).

* This leads to the notion of “implementing” outcomes as
equilibria of message games, where the mechanism
defines the “rules” of the message game. The comparison
of alternative mechanisms is then cast as a comparison of
the eq:uilibria of the associated message games.
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Incentive efficient

RuSSIR zagentsdsexpeetedmpamﬁs subjectiotheirdC

To identify an optimal mechanism, for a given
goal function (such as profit to a given seller or
social welfare), the researcher must first
delineate the set of feasible mechanisms, and
then specify the equilibrium criterion that will be
used

A strategy is dominant if it is a agent’s optimal
choice, irrespective of what other agents do. to
predict the participants’ behavior.

the mechanism is incentive-compatible if it is a
dominant strategy for each participant to report
his private information truthfully.

A direct mechanism is said to be incentive
efficient if it maximizes some weighted sum of the

James.Shanahan_AT_gmail_ DOT_com
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Mechanism Design

 Mechanism design is the sub-field of microeconomics
and game theory

[t considers how to implement good system-wide
solutions to problems that involve multiple self-
interested agents, each with private information about
their preferences.

— |.e., advertisers and their bids, auctions, auctioneer, in the case of
spot-market online advertising

— Devise a mechanism for agents to disclose their private information.

* In recent years mechanism design has found many
important applications; e.g., in electronic market design,
in distributed scheduling problems, and in combinatorial
resource allocation problems.
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Second Price Auction in Online Adv.

« A publisher is selling a top-right medium rectangle on
its homepage (e.g., CNN)

* This has some value to potential advertisers

- Each Advertiser k has his own valuation v, 2 0 of the
ad slot.

 The advertisers must SECRETLY simultaneously bid
an amount; we denote the bid of buyer i by b, € (0, «)

* |In a second price auction the highest bidder gets the
ad slot and pays the second highest bid.

— If there is more than one buyer with the highest bid, the winner is
decided by a drawing among the highest bidders and she pays
the highest bid.

— The rest receive a payoff of zero.

RuSSIR 2009, Petrozavodsk, Russia. Online Advertising © 2009 James G. Shanahan (San Francisco) 376
James.Shanahan_AT_gmail_ DOT_com



2"d Price Auction in Strategic Form Game

- Given n advertisers, a strategy set for each
advertiser is (0, ) and a payoff for each
advertiser (expected utility function) of the form:

-

v, —S it b, >

zT,=5 0 it b, <s

1 (v, —s) 1f k1s among r advertisers with highest bid

A

where s designates the second highest bid (1.e.,s = max_,, b,)

1#k

« Then the strategy profile (v,,..., v,) is a Nash
Equilibrium for this game (i.e., Truth telling is a
Nash Equilibrium!!)
[Games and Decision Making, by .
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Truth Telling is the Nash Equilibrium of SPA

* Proof: Two Scenarios (always want positive
payoff)

— Assume advertiser bid b, for an ad slot that is of value v, to
the advertiser)

— Scenario 1: An advertiser i never gains by bidding more
than the true value for that advertiser [An advertiser i never
gains by bidding b; > v;; And assume b; > v; and let b_; = max ,,; bj]

— Scenario 2: An advertiser i never gains by bidding less than
the true value for that advertiser [An advertiser i never gains
by bidding b, < v|]
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Scenario 1: advertiser i never gains by
bidding more than the true value (i.e., b; > v;)

CASE 1: b_; > b,

— Some other bidder has the highest bid and so player i gets zero, which
he could get by bidding v.

CASE 2: v,<b_<b;, [gets payoff<0]

— Bidder i wins and gets v, - b_; < 0. However, if he would have bid v,, then
his payoff would have been zero—a higher payoff than that received by
bidding bi.

CASE3:b_ =b,

— Here bidder i is one among r buyers with the highest bid and he receives
(v~b_;)/r < 0. But, by bidding v, he can get 0, a higher payoff.

CASE 4:b_ <V,
— In this case bidder / gets v, —b_; which he could get by bidding v,.

CASE5:b_ = v,

— Here again bidder i is one among r buyers with the highest bid and he
receives vi—b_; r = 0. But, by bidding v, he can also get 0.
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Truth Telling is the Nash Equilibrium of SPA

* Proof: Two Scenarios (always want positive
payoff)

— Assume advertiser bid b, for an ad slot that is of value v, to
the advertiser)

— Scenario 1: An advertiser i never gains by bidding more
than the true value for that advertiser [An advertiser i never
gains by bidding b, > v;; And assume b, > v, and let b_; = max _, bj]

j#i

— Scenario 2: An advertiser i never gains by bidding less than
the true value for that advertiser [An advertiser i never gains
by bidding b, < v|]
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Scenario 2: advertiser i never gains by
bidding LESS than the true value (i.e., b; < v))

« If b_; > v, then bidder ; would have a zero payoff which is
the same as the payoff she would get if she bid v..

« On the other hand, if b_; < vi, then player i would do at
least as well if she bid v;.

* In summary, the strategy profile (v4, v,, . . ., v,) is a Nash
equilibrium.

— Therefore, it is reasonable to expect that every advertiser will bid their
true valuation of the ad slot and the advertiser with the highest
valuation wins. Note that this is true even if the advertisers do not know
the valuation of the other bidders.

* Truth telling is a Nash Equilibrium of 2nd Price Auction !!

— Helps Advertisers avoid time-consuming strategic game playing and
ensures that the ad slot is sold to the advertiser that values it the most
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First Price Optimal Bidding Strategy

* First-Price Sealed

— Need to shade your bid in order to make a profit.

» Shading: is when you place a bid less than your value, V
but no(;[ so low as to guarantee losing. Involves risk for
reward.

— l.e., not truth telling

-

v,—b, 1t b >s
r,=4 0 ifv <s

\

where s designates the second highest bid (i.e., s = max_,, b,)

12k
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Online Auctions Outline

* Introduction to Auctions

 Game Theory
— Matrix games versus strategic form games
— l.e., 2-person games versus N-person games

* Finding Equilibria solutions/outcomes in games
— Games with a dominant strategy
— Pure-strategy Nash Equilibrium (NE)
— Mixed strategy NE

- Repeat Games (finite and infinite)
* Multi-item auctions (VCG, GSP)
« Online Ad Auctions
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Generalized Auction (Multi-item)

Publisher Slots(seller) Advertiser ads (buyer)

- Mine Text Data
Bid = $1 0 Analyze Consumer Opinions

Categorize |ssues Automatically
www.clarabridge.com

Open Source Data Mining

Supercharged PostgreSQL Database
30 Days Free Support, Download Mow!
www.greenplum.com

Easy Data Mining

Dizcover a data mining system that
easily exports data to Excel.
Datawatch.iresponse_net

Data Mining Software

Discover insights hidden in your
existing data using SPS5 solutions.
WWW_SPSS.COom

View as an bipartite graph; encode as a network.
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Multi-item Auction: Bipartite Matching

« A bipartite graph (or bigraph) is a graph whose
vertices can be divided into two disjoint sets Uand V

— such that every edge connects a vertex in Uto one in V; that is,
U and V are independent sets.

» Perfect Matching:

— When there are an equal number of nodes on each side of a
bipartite graph, a perfect matching is an assignment of nodes on
the left to nodes on the right, in such a way that

— (i) each node is connected by an edge to the node it is assigned
to, and

— (i) no two nodes on the left are assigned to the same node on
the right.

- Market Clearing

— A set of assignments (sell, buy) such that each buyer that

maximizes their payoff and only one item goes to each buyer
[Easley and Kleinberg, 2010]
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Optimal Assignment

« Optimal assignment: maximizes the total
happiness/valuation of everyone (though it does not give
everyone their favorite item).

 Administrator performs the assignment (12+6+5=23)

r—=—=—== 1 r===-== 1
| 1 |
| 1 |
| 1 |
| I |
| N | 8,7.6 @ @ 8,76
| I |
| I |
| 1 |
- -1 L -1

DormRooms Students

(a) A set of valuations (b) An optimal assignment

Figure 10.3: (a) A set of valuations: each person’s valuations for the objects appears as a
list next to them. (b) An optimal assignment with respect to these valuations.

[Easley and Kleinberg, 2010]
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Multi-item Auctions

5 a X 12, 4,2
O O 1,5,0
7,2,2 .
Seller announces prices (5, 2, 0)
2 o o 8,7, 5] Pay0ff - VIl - pl
Preferred seller is the seller that maximizes
the payoff for the buyer
" e e 752 A set 9f prices is market clearing if the
resulting preferred-seller graph has a
perfect match (1 to 1 assignment).
Price(pi) Seller(i) |Buyer(j) Valuations(vij) Payoffs_ij=vij-pi
5a X 12 4 2
2b y 8 7 3 5
Olc i 7 5 2 2 2
[Easley and Kleinberg, 2010
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Price(pi)Seller(i) Buyer(j) Valuations(vij) Payoffs_ij=vij-pi
5a X 12 4 2
2b y 8 7 6
Olc Z 7 5 2
4

‘ ] TZ, &, 2 5 w—w 12, 4,2
@ 8,7,6 s o o 8.7.6

©
Q Q@ = @@ e

(a) Buyer Valuations (b) Market-Clearing Prices

2 () (D) 242 s (G) (D) 1242

1 o vo 8,7,.6 1 ovo 8,7,6

o & Q) e o & XD e

(e¢) Prices that Don’t Clear the Market (d) Market-Clearing Prices (Tie-Breaking

S [Easley and Kleinberg, 2010

Figure 10.5: (a) Three sellers (a, b, and ¢) and three buyers (z, y, and z). For each buyer
node, the valuations for the houses of the respective sellers appear in a list next to the
node. (b) Each buyer creates a link to her preferred seller. The resulting set of edges is the

preferred-seller graph for this set of prices. (c) The preferred-seller graph for prices 2, 1, 0. 9) ]
Pk Ty IO - S T X P AT_gmail_DOT_com
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Generalized Auction (Multi-item)

Publisher Slots(seller) Advertiser ads (buyer)

Mine Text Data

Bid = $1 0 Analyze Consumer Opinions
Categorize Issues Automatically
www.clarabridge_com

Open Source Data Mining

Supercharged PostgreSQL Database
30 Days Free Support, Download Mow!
www.greenplum.com

Easy Data Mining

Discover a data mining system that
easily exports data to Excel.
Datawatch.iresponse_net

Data Mining Software

Discover insights hidden in your
existing data using SPS5 solutions.
WWW._SPSS.COoMm

View as an bipartite graph; encode as a network.
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Assign slots to ads using

matching markets

« Assume
— Advertisers know the CTRs
— CTR depends on slot only (and not the ad that is shown
there)

— CTR of a slot does not depend on the ads that in shown in
the other slots (complex to analyze)

clickthrough slots advertisers revenues
rates per click

10 3

OGN O
OB ONR O

2
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VCG Principle - SPA

 The second-price auction produces an allocation that
maximizes social welfare — the bidder who values the item
the most gets it.

« The winner of the auction is charged an amount equal to
the “harm” (missed opportunity) he causes the other
bidders by receiving the item.

- Suppose the bidders’ values for the item are v1,v2, v3, ...,
vn in decreasing order. Then if bidder 7 were not present,
the item would have gone to bidder 2, who values it at v2.

— Other bidders still would not get the item, even if bidder 1 weren’t there.

— Thus bidders 2 through n collectively experience a harm of v2 (or a
missed opportunity of v2)

— This harm of v2 is what bidder 1 is charged a second price auction

— Other bidders are also charged the harm they cause (i.e., zero in this

single-item auction)
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VCG Principle and Multi-item Auctions

« In a matching market, we have a set of buyers
and a set of sellers and buyer j has a valuation of
v; for the item being sold by seller i. Buyers have
independent, private values.

« 1:assign items to buyers so as to maximize total
valuation.

« 2:the price buyer j should pay for seller 7's item
— in the event she receives it — is the harm she
causes to the remaining buyers through her
acquisition of this item.

— This is equal to the total boost in valuation everyone else
would get if we computed the optimal matching without
buyer j present.

— (A matching that maximizes the total payoff is also one that

maximizes the total valuation pg 237 EK)
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How much should advertiser X pay?

In an optimal matching without x present, advertisers y and z gets
slot a and b respectively. This improves the respective valuations of

y and z for their assigned slots (by 10 and 3).
So x should pay the harm that she causes to y and z (i.e., 13=10 +3)

slots

()

RuSSIR 2009, Petrozavodsk, Russia. Online Advertising © 2009 James G. Shanahan (San Francisco)

advertisers

valuations

ﬁ 30, 15,6

O CLY

1052

Rev per
#Clicks click | Seller(i) | Buyer(j) Valuations(vij)
10 3 a X 30 15 6
5 2 b y 20 10 4
2 1 C z 10 5 2

If x weren't there, y
would do better by
20-10=10, and z would
do better by 5-2=3,
for a total harm of 13.

James.Shanahan_AT_gmail_ DOT_com
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How much should advertiser y pay?

slots advertisers valuations

—) (s
) E 20,10,4

() (=)  Er [Easley and Kleinberg, 2010

If y weren't there, x
would be unaffected,
and z would do better
by 5-2=3, for a total
harm of 3.
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VCG Prices for general market

» VCG price p; that ad(buyer) j pays for item i.

(view sellers and buyers as slots and ads)
Let M denote the set of slots and N the set of ads

Let V\,Mdenote the maximum total valuation over all possible
perfect matchings of slots and ads (1 ad slot for each ad;
note some ad slots will be null ad slots)
« this is simply the value of the socially optimal outcome with all
slots and ads present
Let M-i denote the set of slots with i removed and let N-j
denote the set of ads with ad j removed

If we sell slot /to ad j then the total best valuation of the rest
of the ads could get is V;”_;"

If ad j did not exist but slot / were still an option for all other

ads then the best valuation is: _
Py = Vl\jf‘{j _Vz\jfvij
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VCG Payment of P,

Optimal matching of Optimal matching of
slots and ads and slots and ads and
valuation with ad x valuation with slot a
removed and ad x removed

O\ ot

Valluations(vij) Valuations(vij)
10 | 4
® 2 — 5

Vi =25 Vvl =12

-J
_yM M-
Py =V V-,

e )

N
o | o | d®

y ot What is the VCG
Pu=Vya = Vo payment for P,, ?
P =25-12=13 (0+3)
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VCG Auction Summary

1. Advertisers submit their sealed bids

2. Auctioneer chooses a social optimal assignment
of slots to ads
— l.e., a perfect matching that maximizes the total valuation

of each buyer for what they get. This assignment is based
on the announced valuations (since that’s all they have

access to.)
3. Charge each advertiser the appropriate VCG
price p, =Val —Vi

This auction is a game that the advertisers play: they must choose a
strategy (a set of valuations to announce), and they receive a payoff: their
valuation for the slot they get, minus the price they pay.

What turns out to be true, though it is far from obvious, is that this game
has been desighed to make truth-telling — in which a buyer announces

her true valuations — a dominant strategy.
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Dominant Strategy for VCG Auction

* ...is truthtelling

 |If items are assigned and prices computed
according to the VCG procedure, then truthfully
announcing valuations is a dominant strategy for
each buyer, and the resulting assignment
maximizes the total valuation of any perfect
matching of slots and advertisers.

« See Easley and Kleinberg 2010 for details
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Generalized Second Price (GSP) Auction

« GSP — like VCG — is a generalization of the
second-price auction for a single item.

 However, as will see, GSP is a generalization only
in a superficial sense, since it doesn’t retain the
nice properties of the second-price auction and
VCG (i.e., truthtelling)

 Introduced by Google in 2002.
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GSP Auction Summary

1. Advertisers submit their sealed bids

2. Auctioneer awards each slot i to the i" highest
bidder,

3. And charges a price per click equal to the (i + 1)st
highest bid.
— In other words, each advertiser who is shown on the results

page is paying a price per click equal to the bid of the
advertiser just below them.

p; =V, 150.01

This auction is a game that the advertisers play: they must choose a
strategy (a set of valuations to announce), and they receive a payoff: their
valuation for the slot they get, minus the price they pay.

This GSP game does not have a dominant strategy in truth-telling.
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Analyzing GSP:

Formulate GSP as a game,

— [Each advertiser is a player, its bid is its strategy, and its payoff is its
revenue minus the price it pays.

GSP may have multiple and non-optimal equilibra
Truth-telling may not be an equilibrium (see next slide)

In this game, we will consider Nash equilibria

— we seek sets of bids so that, given these bids, no advertiser has an
incentive to change how it is behaving

— In order to analyze Nash equilibrium in the bidding game we will assume
that each advertiser knows the values of all other bidders. Otherwise,
they do not know the payoffs to all players in the bidding game and we
could not use Nash equilibrium to analyze the game. The motivation for
this assumption is that we envision a situation in which these bidders
have been bidding against each other repeatedly and have learned each
others’ willingnesses to pay for clicks.

[Varian 2006] and [Edelman, Ostrovsky,and Schwarz 2005]
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Truth-telling may not be an equilibrium

« If each advertiser bids its true valuation then x gets the
top slot at a PPC of $6 (x pays a cumulative price of $60.
Yield a payoff for x is 10*$7 — 10*$6 = $10

* Now if x lowers its bid to $5 thereby implying a
cumulative price of $4 for the slot.

— And a payoff of $7*4 - $1*4=$24

« This is an improvement over bidding truthfully (and

therefore incentive to lower bid, (shade or lie))

clickthrough slots advertisers revenues
rates per click

O (x) 7

- Q -
[Easley and Kleinberg, 2010]
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Dominant strategy of GSP is not truth-telling

Another example

« Assume three bidders, with values per click of $10, $4,
and $2, and two positions. However, the clickthrough
rates of these positions are now almost the same: the
first position receives 200 clicks per hour, and the
second one gets 199.

 If all players bid truthfully, then bidder 1’s payoff is equal
to ($10 - $4) * 200 = $1200.

 If, instead, bidder 1 shades his bid and bids only $3 per
click, he will get the second position, and his payoff will
be equal to ($10 - $2) 199 = $1592 > $1200.

* (so bidder1 is very incentivized to change strategy/bid)

[Edelman, Ostrovsky,and Schwarz 2005]
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GSP can have multiple Equilibria

$5, $4, $1 forms a Nash equilibrium (trust but verify) (socially optimal)
— x doesn’t want to lower its bid to $4 so as to move to the second slot, and y
doesn’t want to raise its bid to $5 to get the first slot.
So does $3, $5, $1 (again trust but verify) (not socially optimal)

The existence of multiple equilibria also adds to the difficulty in
reasoning about the search engine revenue generated by GSP, since

it depends on which equilibrium (potentially from among many) is
selected bv the bidders.

clickthrough slots advertisers revenues

rates perclick  Bjd Payoff Bid Payoff

0 (&) () 7 |5 2 |3 2
4 (v) () ¢ |4 2 5 2
0 (c) (2) 1 1 2 1 2
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Socially Optimal Assignment

« Socially optimal assignment of slots to ads —
that is, a perfect matching that maximizes the
total valuation (and at the same time maximizes
the payoffs for each buyer for what they get)

« This assignhment is based on the announced
advertiser valuations.
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Finding a socially optimal equilibrium

The socially optimal one can be easily constructed by following a few
simple principles, rather than by trial-and-error or guesswork

1: we get a set of advertiser valuations for slots
2: we produce a set of market-clearing prices

3: These are cumulative prices for each slot—single prices that cover
all the clicks associated with that slot.

— We can easily translate back to prices per click by simply dividing by the clickthrough rate:
this produces a price per click of $40/10 = $4 for the first slot and $4/4=%$1 for slot 2; $0 for
slot 3

slots advertisers valuations prices slots advertisers valuations

@ @ 70,28,0 40 o o 70,28, 0
@ @ 60,24,0 4 o o 60,24, 0

@ @ 10,4,0 0 o ° 10,4,0

[Easley and Kleinberg, 2010]

(a) Advertiser valuations for the previous ex- (b) Market-clearing prices for the previous example. )T_com



Strategy/Bid selection

* Next, we find bids that result in these prices per
click. This is not hard to do: the prices per click
are $4 and $1 for the two slots, so these should
be the bids of y and z respectively.

« Then the bid of x can be anything as long as it’s
more than 4.

- With these bids, x pays $4 per click for the first
slot, y pays $1 per click for the second slot, and z
pays $0 per click for the (fake) third slot — and
the allocation of advertisers to slots is socially
optimal.

« Show that bids form a Nash Egilibrium

— Advertisers have no incentive to increase or decrease their
bids
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GSP and Locally Envy-Free Equilibria

 How do advertiser’s reach an equilibrium?

« Advertisers originally have private information;
gradually learn the values of others and can
adjust their bids frequently

— Always give it your best shot otherwise why bid

— Bid vectors converge to an equilibrium such that neighboring
bidders have no incentive to change (with VCG payoffs)

Definition 4 An equilibrium of the static game induced by GSP is locally envy-free if a player
cannot improve his payoff by exchanging bids with the player ranked one position above him. More
formally, in a locally envy-free equilibrium, for any i < min{N,K}, we have ;8 - pli) >
0;-18,) — P,

[Edelman, Ostrovsky,and Schwarz 2005]
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GSP Revenue 2 VCG Revenue

« Search engines and ad networks are motivated to
choosing a procedure that will maximize their
revenue (given the behavior of advertisers)

« Search engines and ad networks may not wish to
know the true value of a click

« So GSP works well in practice !

Theorem 7 Strateqy profile B* is o locally envy-free equilibrium of game I'. In this equilibrium,
each bidder's position and payment 18 equal to those in the dominant-strateqy equilibrivm of the
game induct dhy VOG. In any other locally envy-free equilibrium of game I, the total revenue of
the seller 1s at least as high as in B*.
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Dominant strategy of GSP is not truth-telling

« “GSP does not have an equilibrium in dominant
strategies, and truth-telling is generally not an
equilibrium strategy” [Edelman, Ostrovsky,
Schwarz, 2006]

- Static equilibrium of GSP is locally envy-free: no
advertiser can improve his payoff by exchanging
bids with advertiser in slot above

 GSP is Complex
— Revenue, 5 < Revenueggp

« Advertiser will generally be over paying (since truth-telling is
an equilibrium of VCG)

« Truth-telling is not an equilibrium of GSP (so Search engine
will not know true value; maybe a good thing)
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Truth Telling: Standard Second Price

« Truth-telling is a dominant strategy for standard second
price (AKA Vickrey) auction
— Single ad slot for sale; highest bidder i/ pays the bid of the second
highest bidder (bid., ;)
» Generalised second price GSP Auction (multiple slots)
— The dominant strategy of GSP (multiple slots) is not truth-telling
— Bidder i pays the bid price of the next ranked bid bid,, ,

* Vickrey-Clarke-Groves (VCG) mechanism

— Another generalization of the Vickrey auction that maintains the
incentive to bid truthfully

— Theidea in VCG is that each player in the auction pays the
opportunity cost that their presence introduces to all the other
players.
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First price (GFP) vs. Second Price GSP

Second
Price

Generalized First Price Auction
— Unstable

Second Price Auction (Single Item)
— Truth-telling is the dominant strategy
— (i.e., no buyer’s remorse when bidding true value)

Generalized 2" Price (GSP) Auction

— Tailored to the unique environment of online ads [Google, 2002]

— BUT truth-telling is NOT a dominant strategy for Generalized Second
Price (GSP) Auctions [Edelman et al. 2006]

Vickrey, Clarke, Groves (VCG) Auction

— Truth-telling is a dominant strategy under VCG

— In particular, unlike the VCG mechanism, GSP generally does not have
an equilibrium in dominant strategies and truth-telling is not an
equilibrium of GSP.
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Online Auctions Outline

* Introduction to Auctions

 Game Theory
— Matrix games versus strategic form games
— l.e., 2-person games versus N-person games

* Finding Equilibria solutions/outcomes in games
— Games with a dominant strategy
— Pure-strategy Nash Equilibrium (NE)
— Mixed strategy NE

- Repeat Games (finite and infinite)
« Multi-item auctions (VCG, GSP)
« Online Ad Auctions
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Keyword Auction Systems: Goto Model

 Rank ads by keyword bid price
— each ad is associated with multiple keywords; assume one
keyword for now and exact match
* In 1997, Goto/Overture (now Yahoo! Search
Marketing) launched an innovative framework for
selling advertising space next to search results.

— Rather than selling large, expensive chunks of advertising
space (human sales force), each keyword was sold via its
own auction

— Human editors checked for relevance

— Payment was made on a pay-per-click (PPC)

— Used a first price auction mechanism (and published the
winning bids!!)

— Successful; advertising system adapted by Yahoo and MSN
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Generalized first-price auction (GFP)

* For each keyword, several advertising slots are
auctioned at once, each one representing a position
relative to the top of the search page.

- Overture created a marketplace around each keyword

— Their auction mechanism has been characterized as a generalized
first-price auction (GFP) .
— Each advertiser submits a secret bid (value of click/action) to the
auctioneer (Overture in this case).
15t Price- In a first-price auction for a single item, the highest bidder wins
the item at the highest price.
GFP - In a GFP, multiple items are up for auction; the highest bidder

wins the first item at the highest price, the second-highest bidder
wins the second item at the second-highest price, and so on.
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Generalized First Price Auction

5 Mine Text Data
1. In d GFP! mUItlple Analyze Consumer Opinions

items are up for KW Bid = $1 (Categorize Issues Automatically

www.clarabridge_.com

auction;
2. The highest bidder Open Source Data Mining
- . . . Supercharged PostgreSCQL Database
wins the first item at KW Bid = $5 30 Days Free Support, Download Mow!
the hlgheSt price www_greenplum.com
3. The second-highest Fasy Data Mining
1 1 = Discover a data mining system that
bidder V\_’Ins the KW Bid = $2 easily exports data to Excel.
second item at the Datawatch.iresponse.net
se_cond-rl:ghest Data Mining Software
rice, ana so on - Discover insights hidden in your
p , KW Bld - $1 existing data using SPS5 solutions.

WWW_SpP55.COIM
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Gaming the system: GFP not stable

- Another notable aspect of Overture's auction design was
that winning bids were posted

* Led to buyer’s remorse and gaming systems; no equilibrium

/ L
WAl i/ i

B
L
=

38

g4

L

Payment To Overture

s0

/18 M3 Fr20 ey fl22 123 i 124

One Week in 2002°

. NBER Paper No. W11765, 2005]

RuSSIR 2009, Petrozavodsk, Russia. Online Advertising © 2009 James G. Shanahan (San Francisco) 417
James.Shanahan_AT_gmail_ DOT_com

*[Edelman, B. et al.



Generalized 2" Price (GSP) Auction

In a GSP, multiple Bid = $10

items are up for PPC = $5

auction;

The highest bidder ;

wins the first item Bid = $5

at the second price PPC = $2

(+delta)

The second-highest  Bid = $2

bidder wins the PPC = $1

second item at the

Lr:;dsglg:est price, Bid = $1
PPC = $0.57

Mine Text Data

Analyze Consumer Opinions
Categorize |ssues Automatically
www_clarabridge_com

Open Source Data Mining
Supercharged PostgreSCQL Database
30 Days Free Support, Download Now!
www.greenplum.com

Easy Data Mining

Discover a data mining system that
easily exports data to Excel.
Datawatch_iresponse.net

Data Mining Software

Discover insights hidden in your
existing data using SPS5 solutions.
WWW_SpPSS_COMm

Introduced by Google in Feb 2002 (AdWords); overcomes the instability of
GFP because by design the bidder is incentivized to pay the true value?!
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Example Auction

Note:
However, in a GSP/VCG
auction, advertisers
must submit a single
bid even though there
are several
advertisement slots
available.

Assume 2 ads slots onIL

Bid = $10
Bid = $4
Bid = $2

Mine Text Data

Analyze Consumer Opinions
Categorize Issues Automatically

www.clarabridge.com 200 Clickls

Open Source Data Mining

Supercharged PostgreSCOL Database
30 Days Free Support, Download NDXF

www.greenplum.com 700 Clic

Easy Data Mining

Discover a data mining system that
easily exports data to Excel.
Datawatch.iresponse.net

Suppose there are two slots on a page and
three advertisers. An ad in the first slot
receives 200 clicks per hour, while the second

slot gets 100.
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Generalized 2" Price (GSP) Auction

In a GSP,
multiple items
are up for
auction;

The highest
bidder wins the
first item at the
second price
(+delta)

The second-
highest bidder
wins the second
item at the third-
highest price,
and so on

Bid = $10

PPC = %4

Payment =$4*200

Bid = $4

PPC = $2

Payment =$2*100
Bid = $2
PPC = $2

Assume 2 ads slots only

Mine Text Data

Analyze Consumer Opinions
Categorize Issues Automatically

www.clarabridge.com 200 Clicks

Open Source Data Mining

Supercharged PostgreSCQL Database
30 Days Free Support, Download Now!

www.greenplum.com 700 Clicks

Easy Data Mining
Discover a data mining system that

easily exports data to Excel.
Datawatch.iresponse.net

Revenues under GSP is $1,000
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VCG Auction: Externality Cost

Assume 2 ads slots onIL
Bid = $10 Mine Text Data

PPC — $3 Analyze Consumer Opinions

Categorize Issues Automatically

Payment =$600 www_clarabridge.com 200 Clicks

Bid = $4 Open Source Data Mining
Supercharged PostgreSQL Database
PPC = $2 30 Days Free Support, Download Mow!

www.greenplum.com 700 Clicks

VCG Rev iS $800 Payment =$200 Easy Data Minin
VCG ReV S GSP ($1 OOO)BId i $2 Disc:uera data minﬁm system that
PaymentVCG, = (Clicks, — Clicks,,, )* Bid.,, + PaymentVCG.,,

1. Where revenue for slot 1 is $600.
. $200 for the externality that he imposes on advertiser 3 (by forcing
him out of position 2) and
. $400 for the externality that he imposes on advertiser 2 (by moving
him from position 1 to position 2 and thus causing him to lose
(200-100) = 100 clicks per hour).

2. Revenue for slot 2 |s $200 (same i in VCG and GSP)
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VCG Auction: Externality Cost

Assume 2 ads slots onIL
Bid = $10 Mine Text Data

PPC — $3 Analyze Consumer Opinions

Categorize Issues Automatically

Payment =$600 www_clarabridge.com 200 Clicks

Bid = $4 Open Source Data Mining
Supercharged PostgreSQL Database
PPC = $2 30 Days Free Support, Download Mow!

www.greenplum.com 700 Clicks

VCG Rev iS $800 Payment =$200 Easy Data Minin
VCG ReV S GSP ($1 OOO)BId i $2 Disc:uera data minﬁm system that
PaymentVCG, = (Clicks, — Clicks,,, )* Bid.,, + PaymentVCG.,,

1. Where revenue for slot 1 is $600.
. $200 for the externality that he imposes on advertiser 3 (by forcing
him out of position 2) and
. $400 for the externality that he imposes on advertiser 2 (by moving
him from position 1 to position 2 and thus causing him to lose
(200-100) = 100 clicks per hour).

2. Revenue for slot 2 |s $200 (same i in VCG and GSP)
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PaymentVCG. = (Clicks, — Clicks,,, )* Bid.,, + PaymentVCG,,,

i+1

Bid price | Externality Costs Externallty Costs for ad
forad B

(200-100)*4=$400
2 (B) 100 4 100*2=$200 100*2 (#Clicky *by.+)
3(C) O 2 $600 total $200 total

Thus, the payment of the last bidder who gets allocated a spot
is the same as under GSP (and VCQG):
0if N 2 K; #Clicky *by,,; otherwise. (Note: K bidders; N Slots)

VCG is a generic truthful mechanism:
Allocation = the one that maximizes social welfare or total value
(assuming value = bid)
Price (i) = cost imposed by : on others

= total increase in others’ value if i were to disappear.
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Gaming the Overture System

« Another notable aspect of Overture's auction design was that winning
bids were posted

« Buyer’s remorse versus truth-telling versus Nash’s Equilibrium
— No equilibrium

Value /W
Payoff se d |
oayfont < | L TVTTVVTIEIT WPV

(L) 1 week

Payoff=Value-Payment
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Ranking by Expected Revenue

* Ranking by bid price only can also be gamed
— Get free branding experience; annoy consumers; ad spam
— Goto/Overature addressed this need via editorial review

Low-Tech

 Google's introduced an auction mechanism which
exploits the fact that advertisers bid (and pay) on a
PPC basis rather than a CPM basis.

— Instead of allocating advertising slots in the decreasing order of
bids, slots are allocated in the decreasing order of expected
revenue.

— This revenue is computed as the product of the advertiser's bid and
the advertiser's expected click-through rate

« an estimate of how likely the advertiser's ad is to be clicked on.

High-Tech
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CPC Calculation

Payoff = Value — Price
Payoff = ValuePerClick — CPC

Bid, x D@, = Bid, x DQ,
For ad, to maintain it's current rank then Bid, needs to be at least:

Hid, » 0(),
Eid, =
D@,
1. Receive 2. Assess 3. Calculate 4. Set CPC
AdId Bid Quality Rank Price
123 $5.80 10 $58.00 $1.71
ABC $4.25 4 $17.00 $3.01
NOP $2.00 6 $12.00 $0.51
TUV $3.00 1 $3.00 $1.66
XYZ $0.55 3 $1.65 Reserve Bid
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Quality Score helps avoid Ad Spam

« Quality Score can prohibit advertisers from simply
bidding high enough to show in the top position.

- E.g., Below, Cameron is bidding well above all of
his competitors, he will show in the fourth position
due to his low Quality Score.

« Determining Click Cost:
— ChargeToAdvertiser, = (AdQuality;, ; /AdQuality; )* (

Bid.,, )+$.01

— E.g.,1.6/10 + 0.1 = $0.17 Cost for the Mark (ad at ranked 1)

Rank by ECPM

Advertiser | Max CPC | Quality Score AdRank Position Actual CPC
Mallory $0.40 4 $0.4x4=16 2 (1.2 /4) +$.01=5.31
Mark $0.50 10 $0.50x10=5 1 (1.6 / 10) + 5.01 = 5.17
Laura $0.20 b S0.20x6=1.2 3 (1/6)+5.01=5.17
Cameron 52.00 0.5 52:00%.5=1 il (.8 /.5) +5.01=51.61
Alison 50.05 16 5.05x16=.8 5 (.2/2)+5.01=511
Will 50.10 2 50.10x 2 =.2 B Minimum Bid
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ECPM-based rankg and payment for CPC

- Ranks ads based on Expected-Revenue,, (aka ECPM)
— Google, MSN and, as of 2/2007, Yahoo use ECPM-based ranking

ECPM ,, =CTR,, * Bid ,,
ECPM ,, = AdQualitylndex,, * Bid ,,

AdQualitylndex , , ..
Ad @i+1 .
AdQualityIndex l
Ad @i
Bid-to-Position Model ECPM-Ranking Model

Rank: 1

Rank: 1 v AdB

Ad A LT Bid: $0.50

Bid: $0.75 Quality Index:

Rank: 2 Rank: 2

AdB -+ Ad A

Bid: $0.50 Bid: $0.75

Quality Index: BT T
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GSP is further complicated...

- Additional factors change the properties of the
auction mechanisms (making the whole process
opaque)

* As aresult, ad networks are providing some
transparency, e.g., via keyword bidding tools

Bid ,,
Bid ,, *CIR ,,
Bid ,, *CIR ,, *ThrottleFa ctor
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Electronic market mechanisms

« The interplay of game theory and e-commerce is
an exciting domain for future research.

* Progress in this area will require a combination of
theoretical analysis, empirical studies, and
simulation experiments.

« Better market designs will do a better job of
matching buyers with sellers, ultimately
enhancing the welfare of online advertising.
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Auction Mechanisms in Commercial Use

 Rank ads by ECPM
— Erice per click x clicks per impression = price per
impression
- Each bidder pays price determined by bidder
below him
— Price = minimum price necessary to retain position
— Motivated by engineering, not economics
- Ranking using ECPM and Charge based on GSP

— Over 98% of Google’s revenue comes from GSP-like auctions.
— Over 50% of Yahoo!’s total revenue from GSP-like auctions.

— MSN AdCenter (rank based on ECPM but charge based on
GSP)
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Summary: GSP is the workhorse of OA
ECPM ,, = Quality ,, * Bid , ,

* Revenue from GSP
— Over 98% of Google’s revenue comes from GSP-like auctions.”

— Over 50% of Yahoo!’s total revenue from GSP-like auctions.*
— MSN AdCenter (rank based on ECPM but charge based on GSP)

 The dominant strategy of GSP is not truth-telling
— But for Vickrey-Clark Groves (VCG) Auctions it is: each advertiser pays
the externality (opportunity cost) he imposes on others
— Publisher revenue: GSP 2 VCG

— NTL GSP is dominant in commercial settings

« VCG is complicated to explain to typical advertisers; It is vulnerable to
collusion by losing bidders; and shilling.

« Static Equilibrium of GSP is locally envy-free; No advertiser can improve his
payoff by exchanging bids with the advertiser in the slot above.

*[Edelman, B. et al, 2006]
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Auction Workshops/Conferences

 Workshops, Conferences
— Annual ACM EC;
— DIMACS Workshop Series
— Trading Agent Competition (TAC)
— WWW sessions and workshops
— Game Theory
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