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1

Motivation

So far we have focused on social surplus maximization only. One of the reasons why we’ve focused
on surplus maximization is because it appears often in real world scenarios. For example, when the
government puts to auction wireless bands it is in the best interest of everyone that whoever win makes
the best use of the new band. Also, in competitive environments, it’s assumed that you should try to
maximize surplus, otherwise one of your competitors will [6]. On the other hand, revenue maximization
is also a very important topic and it will be the main topic of this notes.

2

Setup and assumptions - Bayesian Analysis Model

For the rest of this notes we will make the following assumptions that will allow us to derive an expression
capable of maximizing expected revenue.
• We are in a single parameter environment
• vi is drawn from a distribution function Fi (not necessarily identical) with density fi on [0, vmax ]
• Fi are independent and know to the mechanism designer. Note that the realizations v1 , v2 , v3 , · · · , vn
are still unknown

3

Revenue Optimal auctions

First of all, what do we mean by optimal? In a similar fashion, what types of mechanisms should we
consider? We will focus only on the mechanisms that have an Equilibrium Dominant Strategy, and
out of that subset of mechanisms we want to find the one which revenue is the highest when it reaches
an equilibrium.
Note that, even with this rules it is still somehow unclear how we can find such a mechanism. Luckily
enough, we learned about the Revelation Principle which given an auction with a dominant strategy,
will be able to find an equivalent auction in which truth telling is a dominant strategy. Using this
principle, we can safely make some assumptions and most importantly have a sound definition of our
revenue function
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Expected revenue equals expected virtual welfare

Since we are only considering direct-revelation DSCI mechanisms, we can assume that bidders truthfully
bid, i.e. b = v. Also, let F= F1 × F2 × F3 × ... × Fn be a n dimensional vector of independent distribution
functions.
Before beginning the derivation, let’s look one more time at Myerson’s Lemma [5] :
Z vi
xi (t, v−i )dt
P (~v ) = P (vi , v−i ) = vi · xi (vi , v−i ) −
0

We can now start working on our revenue function which is defined by:
n
XX
~
v

Pi (~v ) · Pr(~v )
F

i

Which by definition is the sum of the expected value [3] (in this case of a discrete r.v.) of ~v over
F
" n
#
n
XX
X
Pi (~v ) · Pr(~v ) = E~v∼F
Pi (~v )
~
v

F

i

i

By linearity of expectation [4], we can take the sum out
n
XX
~
v

Pi (~v ) · Pr(~v ) =
F

i

n
X

[E~v∼F [Pi (~v )]]

i

And the by independence of the distribution function [2] in F, we can expand the term as following
n
XX
~
v

n
X


Ev−i ∼F−i [Evi ∼Fi [Pi (~v )]]
Pi (~v ) · Pr(~v ) =
F

i

(1)

i

Let’s now focus on the inner term, by definition of expected value [1] (this time it’s a continuous r.v.)
we can expand it to its integral form
Z vmax
Evi ∼Fi [Pi (~v )] =
Pi (vi , v−i ) · fi (vi )dvi
0

We can now replace the first term in the integral by an equivalent expression given by Myerson’s Lemma
Z vmax
Z vi
Evi ∼Fi [Pi (~v )] =
[vi · xi (vi , v−i ) −
xi (t, vi )dt] · fi (vi )dvi
0

0

If we expand and then try to simplify the expression, we have
Z vmax
Z vmax Z
Evi ∼Fi [Pi (~v )] =
vi · xi (vi , v−i ) · fi (vi )dvi −
0

0
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0

vi

xi (t, v−i )dt · fi (vi )dvi

Next, we swap the order of the integration in the second term.
Z vmax
Z vmax
Z
Evi ∼Fi [Pi (~v )] =
vi · xi (vi , v−i ) · fi (vi )dvi −
xi (t, v−i )
0

0

vmax

fi (vi )dvi dt

t

Note that, by definition of density function, we have
Z t
F (t) =
f (u)du,
0

thus,
Z

vmax

1 − F (t) =

fi (vi )dvi
t

We can simplify and regroup some of the terms
Z vmax
Z
Evi ∼Fi [Pi (~v )] =
vi · xi (vi , v−i ) · fi (vi )dvi −
0

vmax

xi (t, v−i )(1 − Fi (t))dt

0

Notice that, we can replace variable t with vi in the second term and further simplify the formula.
Z vmax
Z vmax
Evi ∼Fi [Pi (~v )] =
vi · xi (vi , v−i ) · fi (vi )dvi −
xi (vi , v−i )(1 − Fi (vi ))dvi
0

0

Z

vmax

Evi ∼Fi [Pi (~v )] =
0



1 − Fi (vi )
· xi (vi , v−i ) · fi (vi )dvi
vi −
fi (vi )

Let ϕi (vi ) be a special term defined as follows that we will call ”virtual value”
1 − Fi (vi )
fi (vi )

ϕi (vi ) := vi −

We can now rewrite out expression as
Z

vmax

ϕi (vi ) · xi (vi , v−i ) · fi (vi )dvi

Evi ∼Fi [Pi (~v )] =
0

So we have that
Evi ∼Fi [Pi (~v )] = Evi ∼Fi [ϕi (vi ) · xi (vi , v−i )]

Now that we have a new form for this expression, we can plug it back into (1)
n
X

[E~v∼F [Pi (~v )]] =

i

n
X


Ev−i ∼F−i [Evi ∼Fi [ϕi (vi ) · xi (vi , v−i )]]
i

n
X
i
n
X

[E~v∼F [Pi (~v )]] =

n
X

[E~v∼F [ϕi (vi ) · xi (~v )]]

i

[E~v∼F [Pi (~v )]] = E~v∼F

i

" n
X

#
ϕi (vi ) · xi (~v )

i

We finally have a fairly simple to understand term which is our expected virtual welfare. Maximizing expected revenue reduces to maximizing the expected virtual welfare which we just derived.
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Two Uniform [0,1] Bidders Example

Two Bidders, One item
• Two bidders values are drawn i.i.d. from U [0, 1]
• Vickrey with reserve at 1/2
Remark 1. If the highest bidder is lower than 1/2, no one wins
Remark 2. If the highest bidder is at least 1/2, he wins the item and pay max[1/2, theotherbiddersbid]
• Revenue equals 5/12
Why is it optimal? Virtual value for v:
ϕ(v) = v −

(1 − F (v))
(1 − v)
=v−
= 2v − 1
f (v)
1

Optimizing expected virtual welfare equals optimizing virtual welfare on every bid profile. For any bid
profile (v1 , v2 ), the following allocation rule optimizes virtual welfare:
• (ϕ(v1 ), ϕ(v2 )) = (2v1 − 1, 2v2 − 1)
• If max[v1 , v2 ] ≥ 1/2, give the item to the highest bidder
• Otherwise, ϕ(v1), ϕ(v2) < 0. Should not give it to either of the two
This allocation rule is monotone and virtual value is easy to calculate. The unique allocation rule shows
that 1/2 is DSIC.

6

Optimal Auction

The goal is to find the monotone allocation rule that optimizes expected virtual welfare.
First we consider virtual welfare. What allocation rule optimizes expected virtual welfare? We should
optimize virtual welfare on every bid profile v. The equation is
X
X
max
xi (v)ϕi (vi ), s.t
xi (v) ≤ 1.
i

i

We call this the Virtual Welfare-Maximizing Rule.
Whether the Virtual Welfare-Maximizing Rule is monotone depends on the distribution.
Definition 1. Regular Distributions A single-dimensional distribution F is regular if the correspond(v)
ing virtual value function v − 1−F
f (v) is non-decreasing (intuition: higher real value means higher virtual
value).
Definition 2. Monotone Hazard Rate (MHR) A single-dimensional distribution F has Monotone
(v)
Hazard Rate, if 1−F
is non-increasing
f (v)
Examples:
• MHR: uniform, exponential and Gaussian distributions
• Regular:MHR and Power-law.
• Irregular:Multi-modal or distributions with very heavy tails.
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When all the Fi ’s are regular, the Virtual Welfare-Maximizing Rule is monotone!
Two extentions (won’t teach in class)
1. What if the distributions are irregular:
• Point-wise optimizing virtual welfare is not monotone
• Need to find the allocation rule that maximizes expected virtual welfare among all monotone ones.
• This can be done by ”ironing” the virtual value functions to make them monotone, and at the
same time preserving the virtual welfare. (consult Myerson’s original paper or Section 3.3.5 of
Jason Hartline’s book)
2. If we don’t restrict ourselves to DSIC mechanisms:
• Myerson’s auction is optimal even amongst a much larger set of ”Bayesian incentive compatible
(BIC)” (essentially the largest set) mechanisms.
• For example, this also means First-price auction can not achieve higher revenue (at equilibrium)
than Myerson’s auction.
For further reading, consider
• Section 3.3.5 in “Mechanism Design and Approximation”, book draft by Jason Hartline.
• “Optimal auction design”, the original paper by Roger Myerson.
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