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An introduction to programmatic media selling
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The Real-Time Bidding revolution
• Since 2008 more and more ad spaces are sold in real-time 

during the loading of a web-page (~100ms)

• 30% of display ads impressions in France, 50% in the US

• An estimated $30Bn market for 2017
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Main factors

• Maturity of the traditional/manual ad market: remnant 

inventory

• Competition organized through inefficient daisy-chains, 

harming user experience

• Ability to process large amounts of data and leverage it

• Real-time auction technology

• Long term trend toward automation
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AlephD helps publishers in taking pricing decision

Pricing individual RTB auctions in real-time
• 2nd price auction

• How to bargain / set a reserve price in Real-time / 

10k times a sec?

Pricing packaged impressions
• Guaranteed price / volume

• Call options

• Quality grade

Making sense of the impression market
• Large number of heterogeneous assets

• High asymmetry of technology / information

• Availability known 100ms before sale
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Auction mechanics

Impression
• User

• Placement

Advertizers
• Bids

Publisher (seller)
• Reserve price
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Auction
• Winner

• Winning bid

• Closing price

Until recently the sell-side was often in a position of passively letting the
ad-exchange sell its inventory, with some sophisticated publishers spending
e↵orts on rationalizing manual tuning of the selling parameters: mostly the
reserve price (or floor), a price under which it is not willing to sell. AlephD
was founded to fill the technology gap between buy and sell-side and give the
seller the capacity to take real-time, data-driven decisions.

This paper exposes the problem of dynamic impression pricing posed to
the seller. The general formulation of the problem will be given and one of its
instance will be treated in detail using bayesian gaussian process estimation
and maximization.

2 The dynamic impression pricing problem

The dynamic impression pricing problem, also called dynamic yield or dy-
namic flooring problem is defined within the context of a publisher selling
impressions on a specific ad-exchange where it can set some basic parameters
of the auction such as the reserve price.

A publisher sells ad-impressions i 2 I, that represent opportunities for
advertisers a1, . . . , an to display ads to users ui visiting its content in specific
ad-placements (also called tags) gi.

The publisher can set a reserve price ri under which he does not want to
sell an impression (or prefer to sell through another channel). It can usually
set a di↵erent reserve price for each buyer: ri,j (for buyer aj). It can, on
some platforms set a di↵erent price for each impression, but most of the time
it can only set it for a minimum period of time, let’s say minutes, during
which millions of impressions can happen.

The buyers a1, . . . , an set bids bi,1, . . . , bi,n which can be seen as the price
above which they do not want to buy.

The winner is the the buyer with the highest eligible bid (if it exists).

aw = argmax
aj

{bi,j | bi,j � ri,j} or ;

It is supposed to be unique almost-surely when it exists. The winning bid, is
then bi,w. The winner pays the closing price1 to the seller to display its ad:

ci = max ({bi,j | bi,j < bi,w} , ri,w)

Which is the maximum between the floor and the second bid.

ci = max (bi,s, ri,w) < bi,w
1
The mechanism here may vary from platform to platform, but the principles remain

quite similar
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The second price auction mechanism
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L orem ips um dolor s it amet,
consectetur adipiscing elit, sed do
eiusmod tempor incididunt ut labore
et dolore magna aliqua . Ut enim ad
minim v eniam, quis nos trud
exercitation ullamco laboris nis i ut
a liquip ex ea commodo consequat.
Duis auteirure dolor in reprehenderit
in voluptate velit ess e cillum dolore
eu fugiat nulla pariatur. Excepteur
s int occaecat cupidatat non proident,
s unt in culpa qui officia des erunt
mollit anim id est laborum.

User 
visits site

Site won’t 
sell below

floor

Advertisers 
bid

Winner pays 
2nd price

$1

Auction

$10

$2

Auction

$2

Auction
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a liquip ex ea commodo consequat.
Duis auteirure dolor in reprehenderit
in voluptate velit ess e cillum dolore
eu fugiat nulla pariatur. Excepteur
s int occaecat cupidatat non proident,
s unt in culpa qui officia des erunt
mollit anim id est laborum.

User 
visits site

Site won’t 
sell below

floor

Advertisers 
bid

Winner pays 
2nd price
or floor

$3

Auction

$10

$2

Auction

$3

Auction



The second price auction mechanism
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Impressions sold as a uniform good
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L orem ipsum dolor sit
amet, consectetur
adipis cing elit, sed do
eiusmod tempor
incididunt ut labore et
dolore magna aliqua . Ut
enim ad minim v eniam,
quis nos trud exercitation
ullamco laboris nis i ut
a liquip ex ea commodo
consequat. Duis aute
irure dolor in
reprehenderit in
v oluptate v elit es se
cillum dolore eu fugiat
nulla pariatur. Excepteur
s int occaecat cupidatat
non proident, s unt in
culpaqui officia deserunt
mollit anim id est
laborum.

L orem ips um dolor s it amet,
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L orem ipsum dolor sit
amet, consectetur
adipis cing elit, sed do
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incididunt ut labore et
dolore magna aliqua . Ut
enim ad minim v eniam,
quis nos trud exercitation
ullamco laboris nis i ut
a liquip ex ea commodo
consequat. Duis aute
irure dolor in
reprehenderit in
v oluptate v elit es se
cillum dolore eu fugiat
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Impressions sold one by one (i.e. in real-time)
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The dynamic impression pricing problem

14



How to maximize the publisher revenue?
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Note that the closing price verify the contract of not being larger than the
bid of the winner (his consent to pay).

The dynamic impression pricing problem can be stated as follow:

Definition 2.1. Given the specific context of a platform, the data available,
and the modality of setting reserve prices, the dynamic impression pricing
problem consists of finding the optimal reserve price policy, in terms of overall
expected revenue on a specific period (or as a discounted sum over an infinite
period).

As stated, various instances of this problem exist. They correspond to
the di↵erent reality of each ad-exchange. In this study, a particularly di�cult
instance is studied.

3 The dynamic impression pricing problem

with periodic aggregate data and actions

In this instance each period t:
For each period t:

• the seller receives aggregate revenue data over the last period ct,

• it can assign a reserve price rt,a,g for each buyer ⇥ tag (rt = (rt,a,g)).

The task of the seller is to find the optimal reserve price policy:

max
r1,··· ,rT

TX

t=1

ct (rt)

We assume that the revenues are independent draws from a gaussian
random variable:

ct (rt) = f (rt) + ✏t

with ✏t ⇠ N (0, �).
To choose one’s policy, the seller has to maintain some estimate of f and

optimize its revenue using this estimate. It is an optimization problem with
noisy observation and where each function evaluation takes the duration
of the period to run. We assume this cost is much larger than any other
operation described in this paper, hence the maximization problem can be
formulated as the problem of finding the maximum of a function where this
function is costly to evaluate.

To solve this problem 2 main approaches have been tested.

3



A Metropolis-Hasting approach

• An approach similar to simulated annealing is used

• Since the revenue function is non-negative no exponential

• We use an isotropic Gaussian perturbation

16

3.1 A Metropolis-Hasting approach

From the current point rt an isotropic gaussian perturbation is drawn:

ˆrt+1 = rt + ✏t

Then the new point is accepted with probability:

P (rt+1 = ˆrt+1) = min

 ✓
c( ˆrt+1)

c(rt)

◆ 1
✓

, 1

!

3.2 An approach based on a gaussian-process

p (f) = N (f |f0, K0)

p

�
f(z)|x, �2

�
= N (f |fN(z), KN(z, z)) (1)

fN(z) = f0(z) +K0(z, x)(�
2
I +K0(x, x))
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• An approach based on a gaussian-process representation of the function
to evaluate.

p (f) = N (f |f0, K0)

3.1 A Metropolis-Hasting approach

3.2 An approach based on a gaussian-process

[1] [2]

4 The dynamic impression pricing problem

with periodic aggregate data and actions

split by buyer and tag

In this instance each period t:

• the seller receives aggregate revenue data over the last period ct,a,g,
split by buyer and tag

• it can assign a reserve price rt,a,g for each buyer ⇥ tag.

The task of the seller is to find the optimal reserve price policy:

max
r1,··· ,rT

TX

t=1

X

a,g

ct,a,g (rt,a,g)

We assume that the revenues are independent draws from a gaussian
random variable:

ct,a,g (rt,a,g) = fa,g (rt,a,g) + ✏t

with ✏t ⇠ N (0, �).
To choose one’s policy, the seller has to maintain some estimate of fa,g.
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2.2 Function-space View 15
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Figure 2.2: Panel (a) shows three functions drawn at random from a GP prior;
the dots indicate values of y actually generated; the two other functions have (less
correctly) been drawn as lines by joining a large number of evaluated points. Panel (b)
shows three random functions drawn from the posterior, i.e. the prior conditioned on
the five noise free observations indicated. In both plots the shaded area represents the
pointwise mean plus and minus two times the standard deviation for each input value
(corresponding to the 95% confidence region), for the prior and posterior respectively.

which informally can be thought of as roughly the distance you have to move in
input space before the function value can change significantly, see section 4.2.1.
For eq. (2.16) the characteristic length-scale is around one unit. By replacing
|xp�xq| by |xp�xq|/` in eq. (2.16) for some positive constant ` we could change
the characteristic length-scale of the process. Also, the overall variance of the magnitude

random function can be controlled by a positive pre-factor before the exp in
eq. (2.16). We will discuss more about how such factors a↵ect the predictions
in section 2.3, and say more about how to set such scale parameters in chapter
5.

Prediction with Noise-free Observations

We are usually not primarily interested in drawing random functions from the
prior, but want to incorporate the knowledge that the training data provides
about the function. Initially, we will consider the simple special case where the
observations are noise free, that is we know {(xi, fi)|i = 1, . . . , n}. The joint joint prior

distribution of the training outputs, f , and the test outputs f⇤ according to the
prior is



f
f⇤

�

⇠ N
✓

0,



K(X, X) K(X, X⇤)
K(X⇤, X) K(X⇤, X⇤)

�◆

. (2.18)

If there are n training points and n⇤ test points then K(X, X⇤) denotes the
n ⇥ n⇤ matrix of the covariances evaluated at all pairs of training and test
points, and similarly for the other entries K(X, X), K(X⇤, X⇤) and K(X⇤, X).
To get the posterior distribution over functions we need to restrict this joint
prior distribution to contain only those functions which agree with the observed
data points. Graphically in Figure 2.2 you may think of generating functions
from the prior, and rejecting the ones that disagree with the observations, al- graphical rejection
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• We use an isotropic Gaussian kernel as correlation structure

• The representation of the candidate function grows as O(n)

3.1 A Metropolis-Hasting approach

3.2 An approach based on a gaussian-process
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Acquisition function: UCB

2 limit cases

• Kappa small: growing hyperplane search

• Kappa large: systematic coverage of the full domain

3.1 A Metropolis-Hasting approach

From the current point rt an isotropic gaussian perturbation is drawn:

ˆrt+1 = rt + ✏t

Then the new point is accepted with probability:

P (rt+1 = ˆrt+1) = min
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4 The dynamic impression pricing problem

with periodic aggregate data and actions

split by buyer and tag

In this instance each period t:

• the seller receives aggregate revenue data over the last period ct,a,g,
split by buyer and tag

• it can assign a reserve price rt,a,g for each buyer ⇥ tag.

The task of the seller is to find the optimal reserve price policy:

max
r1,··· ,rT

TX

t=1

X

a,g

ct,a,g (rt,a,g)

We assume that the revenues are independent draws from a gaussian
random variable:

ct,a,g (rt,a,g) = fa,g (rt,a,g) + ✏t

with ✏t ⇠ N (0, �).
To choose one’s policy, the seller has to maintain some estimate of fa,g.
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Figure 5: Examples of acquisition functions and their settings. The GP posterior is
shown at top. The other images show the acquisition functions for that GP. From the
top: probability of improvement (Eqn (2)), expected improvement (Eqn (4)) and upper
confidence bound (Eqn (5)). The maximum of each function is shown with a triangle
marker.

Like other parameterized acquisition models we have seen, the parameter
 is left to the user. However, an alternative acquisition function has been
proposed by Srinivas et al. [2010]. Casting the Bayesian optimization problem
as a multi-armed bandit, the acquisition is the instantaneous regret function

r(x) = f(x?)� f(x).

The goal of optimizing in the framework is to find:

min
TX

t

r(x
t

) = max
TX

t

f(x
t

),

where T is the number of iterations the optimization is to be run for.
Using the upper confidence bound selection criterion with 

t

=
p

⌫⌧
t

and the
hyperparameter ⌫ > 0 Srinivas et al. define

GP-UCB(x) = µ(x) +
p

⌫⌧
t

�(x). (5)
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Kappa small: exploit

UCB with small kappa
• Little incentive to explore

First line then hyperplane search

• Start with one measurement (positive)

• Randomize direction

• Search greedily along line (symetry)

• Randomize direction

• Search in hyperplane generated by 

evaluation points

• Etc. Then stops on local maximum
24



Kappa large: explore
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Kappa large: explore
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Kappa large: explore
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UCB with large kappa
• Little incentive to exploit

The algorithm will systematically cover the domain

• Finer and finer grained grid



Kappa medium
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Kappa medium
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Kappa medium
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Works well
• Explore then end-up exploiting

How to tune the parameters ?
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Comparison on a simple case

50th iteration distribution
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Average over all iterations
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