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Redistribution

Recap: The General Setting of Mechanism Design

A set of n participants/players, denoted by N.
A mechanism needs to choose some alternative from A
(allocation space), and to decide a payment for each
player.
Each player i ∈ N has a private valuation function
vi : A→ R, let Vi denote all possible valuation functions for
i .
Let v = (v1, · · · , vn), v−i = (v1, · · · , vi−1, vi+1, · · · , vn).
Let V = V1×· · ·×Vn, V−i = V1×· · ·Vi−1×Vi+1×· · ·×Vn.
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Redistribution

Recap: Myerson’s Optimal Auction

Given the bids b and the distribution of agents’ valuations
F, compute virtual bids b′i = φi(bi) = bi − 1−Fi (bi )

fi (bi )
.

Run VCG on the virtual bids b′ to get allocation x′ and
payment p′.
Output x = x′ and p with pi = φ−1

i (p′i ).
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Given the bids b and the distribution of agents’ valuations
F, compute virtual bids b′i = φi(bi) = bi − 1−Fi (bi )

fi (bi )
.

Run VCG on the virtual bids b′ to get allocation x′ and
payment p′.
Output x = x′ and p with pi = φ−1

i (p′i ).

Profit maximisation
Myerson’s Optimal Auction maximises the seller’s profit.
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Redistribution

Recap: Auctions

Truthful Mechanisms
Second-price auction
Generalization: VCG auctions
Optimal: Myerson’s mechanism

On social networks
Incentive diffusion mechanism (IDM)
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Redistribution

Outline

1 Redistribution
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Redistribution

Alternative Objective in Auctions

Previously we focus on seller’s revenue.
What if the seller is not keen on revenue (e.g., an external
agent or the government)?
We now want to return the surplus to the agents.

Redistribution
Seeks to minimize net transfers from agents to an external
body by return of VCG surplus to the agents.

6 / 12



Redistribution

Requirements

incentive compatibility Each agent will truthfully report her
valuation vi .

individual rationality Each agent will not suffer loss when she
report her true valuation.

budget balanced The amount of extracted wealth that cannot
be redistributed among the agents is 0.
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Redistribution

A First Attempt

Question
What if we uniformly return the VCG surplus, i.e., for each
agent, we return v2/n, where v2 is the second highest bid
among all agents?
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Redistribution

Impossibility

Myerson-Satterthwaite Theorem
No mechanism is capable of achieving incentive compatibility,
individual rationality, efficiency and budget balance at the same
time.
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Redistribution

Requirements

incentive compatibility Each agent will truthfully report her
valuation vi .

individual rationality Each agent will not suffer loss when she
report her true valuation.

asymptotically budget balanced As the number of participating
agents goes to infinity, the amount of extracted
wealth that cannot be redistributed among the
agents goes to 0.
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Redistribution

Cavallo’s Method

Suppose agents a1, a2, . . . , an has bids v ′1 ≥ v ′2 ≥ · · · ≥ v ′n.
Let a1 be the winner and pays v ′2. (VCG)
Return the surplus v ′2 back to agents as follows

ri =

{
v ′3/n for i = a1,a2

v ′2/n for i = a3, . . . ,an
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Redistribution

Cavallo’s Method
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Redistribution

Cavallo’s Method

The amount not redistributed is

rc = v ′2 −
∑

ri =
2
n
(
v ′2 − v ′3

)
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Redistribution

Cavallo’s Method

Theorem
Cavallo’s Method is incentive compatible, individually rational,
efficient and asymptotically budget balanced.
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Redistribution

Advanced Reading

Optimal DecisionMaking With Minimal Waste:
Strategyproof Redistribution of VCG Payments
by Ruggiero Cavallo (AAMAS 2006)
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Sponsored Search Auctions

Sponsored Search Auction
Used to sell ads slots by search engines such as Google,
Baidu.
Profit maximisation for the search engines?

2 / 11



The Sponsored Search Market

     

PwC  Page 7 of 30 

 

Historical annual revenue trends 

Strong revenue growth continued in 2015 
 

2015 annual revenues increased on a year-over-year percentage and dollar basis. The compound annual growth rate 
(CAGR) over the past ten years for internet advertising of 17% has outpaced U.S. current dollar GDP growth of 3%* 
over that period.  

Since 2010, internet advertising growth was fueled by a 100% CAGR in Mobile (compared to 9% growth in non-
Mobile revenue over the same period). 

 

Annual Revenue 2005-2015 ($ billions) 

 

 

 
* Source for GDP growth: U.S. Bureau of Economic Analysis, “Table 1.1.5. Gross Domestic Product,” (accessed 

April 7, 2016) 
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Historical advertising market share 

Internet advertising revenue growth outpaced other media 
outlets over the past five years 
 
In every year since 2010, the annual growth rates of Internet advertising have exceeded those of other advertising 
media. Internet advertising has experienced double-digit annual growth in every year except 2009; no other media 
has experienced double-digit growth in any year. 
 

 
 
* Broadcast Television includes Network, Syndicated and Spot television advertising revenue. 
** Cable Television includes National Cable Networks and Local Cable television advertising revenue. Methodology 
for Cable TV estimate changed in 2014, impacting results shown in the table above from prior years’ Reports. 
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Ad format – full year 2015 results 

Mobile accounted for 35% of FY 2015 revenues 
 
x Non mobile Search revenues accounted for 34% of FY 2015 revenues, down from 38% in FY 2014. Search 

revenues totaled $20.5 billion in FY 2015, up 8% from FY 2014, when Search totaled $19.0 billion.  
x Non mobile Display-related advertising accounted for $13.9 billion or 23% of total revenues during FY 2015, up 

3% from the $13.5 billion (27% of total) reported in FY 2014. FY 2015 Display-related advertising includes 
Banner Ads (13% of FY 2015 revenues, or $7.7 billion), Digital Video (7% or $4.2 billion), Rich Media (2% or 
$1.3 billion), and Sponsorship (1% or $649 million). 

x Mobile revenues totaled 35% of FY 2015 revenues, or $20.7 billion, up 66% from the $12.5 billion (25% of total) 
reported in FY 2014.  

x Non mobile Classifieds revenues totaled $2.8 billion or 5% of FY 2015 revenues, up 2% from the $2.7 billion 
(5% of total) reported in FY 2014.  

x Non mobile Lead Generation revenues accounted for 3% of FY 2015 revenues, or $1.8 billion, down 6% from 
the $1.9 billion (4% of total) reported in FY 2014.  
 

Ad formats – full year 2014  Ad formats – full year 2015 

Total - $49.5 billion**          Total - $59.6 billion** 

 

 
 

 

Source: IAB/PwC Internet Ad Revenue Report, FY 2015 

 
* Mobile Display includes: banner ads, digital video, digital audio, sponsorships, and rich media advertising 

served to mobile devices. 
** Amounts may not equal 100% due to rounding and omission of minor categories. 
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Historical pricing model trends 

Performance-based pricing remained the preferred model 
 

x Performance-based pricing, the leading pricing model since 2006, decreased slightly to 65% of total 
revenue in 2015 from 66% in 2014. 

x CPM/impression-based pricing remained at 33% of revenues, consistent with 33% in 2014.  
x Hybrid pricing decreased slightly to 2% of total revenues in 2015, up from the 1% reported in 2014.  

 

Internet ad revenues by pricing model* 

 

 

*  Pricing model definitions may have changed over the time period depicted both within the survey process and 
as interpreted by survey respondents.  
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Desktop vs. mobile

Total mobile ad revenues continued to grow, increasing its share of internet advertising 
revenue to 62.5% in the first half of 2018. 

On a year-over-year basis, mobile internet advertising revenues increased 42.0%, increasing its share of 
total revenues from 54.1% in HY 2017 to 62.5% in HY 2018. Reflecting the industry’s overall growth is a 
compounded annual growth rate (CAGR) over the past 10 years of 16.1% which over the past few years 
has been largely driven by the growth of mobile. The rapid growth of the mobile advertising platform has 
resulted in a 5-year mobile specific CAGR of 57.6%, highlighting the key growth driver during the period.

Desktop vs. mobile internet advertising revenue 
(Second quarter results, $ billions)

Source: IAB/PwC Internet Ad Revenue Report, HY 2018
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Social media

Social media advertising revenue continued to drive the overall industry growth
For the first half of 2018, social media revenue was $13.1 billion. Year-over-year, social media revenue was up 
37.5% from HY 2017. Social media continues its half year growth trends—increases are reflected in the 48.2% 
CAGR from 2012 to 2018. 
Note: We define social media as advertising delivered on social platforms, including social networking and 
social gaming websites and apps, across all device types, including desktop, laptop, smartphone and tablet.

Social media advertising revenue, half year results
($ billions)

Source: IAB/PwC Internet Ad Revenue Report, HY 2018
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The Basic Model

A set of advertisers/bidders (n), each specify a list of pairs
of keywords and bids as well as a total budget
(daily/weekly/monthly).
A search engine with m < n number of ad slots. The
search engine estimate a click through rate αij , the
probability that a user will click on the i-th slot when it is
occupied by bidder j . Assume that αij ≥ αi+1j for
i = 1, ...,m − 1.
The search engine also assigns a weight wj to each
advertiser j . The weight can be thought of as a relevance
or quality metric.
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Generalized Second Price (GSP) Auctions

For each search of a keyword, GSP does the following to
allocate ads:

Rank advertisers by their score bjwj .
The highest score gets the first slot, the second highest
score gets the second slot and so on.
A bider pays per click the lowest bid necessary to retain his
position.
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Generalized Second Price (GSP) Auctions

For each search of a keyword, GSP does the following to
allocate ads:

Rank advertisers by their score bjwj .
The highest score gets the first slot, the second highest
score gets the second slot and so on.
A bider pays per click the lowest bid necessary to retain his
position.

Two different variants:
1 Rank by bid (used by Overture): assume that wj = 1
2 Rank by revenue (used by Google): assume that wj = α1j
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Efficiency in a Static Setting

How to maximize social welfare?
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Efficiency in a Static Setting

How to maximize social welfare?

P1: SBT

9780521872829main CUNY1061-Nisan 0 521 87282 0 July 28, 2007 19:4

a static model 703

28.3.1 Revenue Maximization and Efficiency

An auctioneer usually has one of two objectives: revenue maximization or allocative
efficiency. In the static model one knows exactly what auction design will achieve
either objective.

If the goal is revenue maximization, the classic result of Myerson (described in
Chapter 13) applies directly. One simply relabels the allocation variables. In Chapter 13
Section 13.1.12, the allocation variable, xj (b), is defined to be the expected quantity re-
ceived by bidder i who bids b. For our setting, xj (b) becomes the expected click through
rate for a bidder who bids b. Basically the generalized Vickrey auction is applied not
to the actual values, vj , but to the corresponding virtual values. The upshot is that the
revenue maximizing auction is a generalized Vickrey auction with reserve prices.

If the goal is allocative efficiency, the generalized Vickrey auction will do the trick.
The auction is described in Chapters 9 and 11 of this book. The underlying problem
of finding the efficient allocation in this case is an instance of the maximum weight
assignment problem. For each slot i and bidder j let xij = 1 if bidder j is assigned to
slot i and zero otherwise. The object is to choose xij ’s to solve the following:

max
k!

i=1

n!

j=1

αij vjxij (28.1)

s.t.
n!

j=1

xij ≤ 1 ∀i = 1, . . . , k (28.2)

k!

i=1

xij ≤ 1 ∀j = 1, . . . , n (28.3)

xij ≥ 0 ∀i = 1, . . . , k, ∀j = 1, . . . , n (28.4)

This is equivalent to finding a maximum-weight perfect matching in a bipartite
graph and hence can be solved in polynomial time. In fact, because the constraint
matrix of this linear program is totally unimodular, it will have an optimal solution that
is integral. Any feasible integer solution is called an assignment.

A single computation of the maximum weight assignment is sufficient to determine
both the allocation and the generalized Vickrey payments. This is because the Vickrey
payments lie in the dual to the above linear program. To write down the dual, let pi be
the dual variable associated with (28.2) and qj the dual associated with (28.3).

min
k!

i=1

pi +
n!

j=1

qj (28.5)

s.t. pi + qj ≥ αij vj ∀i = 1, . . . , k, ∀j = 1, . . . , n (28.6)

pi, qj ≥ 0 ∀i = 1, . . . , k, ∀j = 1, . . . , n (28.7)

Here pi can be interpreted as the expected payment (CTR times price per click) of the
bidder obtaining slot i, and qj as the profit of bidder j . The objective in this program
is to minimize the bidders’ and auctioneer’s profits combined. Among all optimal dual
solutions, pick the one that minimizes

"k
i=1 pi . The corresponding pi is the price that

the generalized Vickrey auction would set for slot i.

where xij = 1 if bidder j is assigned to slot i and zero otherwise.
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What will be the payment under VCG?
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The VCG Payments

Consider three bidders 1,2,3 with v1 > v2 > v3 for one
keyword and two slots.
Suppose that αij = µi with µ1 > µ2 (CTR are bidder
independent).
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The VCG Payments

Consider three bidders 1,2,3 with v1 > v2 > v3 for one
keyword and two slots.
Suppose that αij = µi with µ1 > µ2 (CTR are bidder
independent).
Question: What are the GSP payments for bidders 1,2?
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Revenue Maximization

How to maximize search engine’s revenue?
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The Dynamic Setting

What will happen if the game is repeated?
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Advanced Reading

AGT Chapter 28. Sponsored Search Auctions
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