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Abstract—Benefited from the high-speed development of
Internet and the popularization of big data technology, Real
Time Bidding (RTB) emerged and developed quickly, and has
become one of the most important and popular model for
online computational advertising. In the pay-per-impression
based RTB advertising, frequency capping is undoubtedly one
of the most crucial issues faced by advertisers and Demand
Side Platforms (DSPs), since there are generally vast amount
of ad requests in RTB markets, among which many may be
triggered by the same target audience. As such, choosing the
optimal frequency cap considering all the advertisers becomes
a critical issue faced by DSPs. Considering that displaying
one advertisement multiple number of times to the same user
will diminish the advertising effect, we introduce the concept
of discount factor and establish an optimization model of
frequency capping to seek for the optimal frequency cap for
each advertiser. We also design some experiments to validate
our proposed model by utilizing the computational experiment
approach, and the experimental results show that the optimal
frequency cap can be influenced by the values of the discount
factors, and higher value of the discount factor can deduce the
advertising effect of larger frequency cap. Moreover, when the
discount factors of the advertisers take different values, there
also exists an optimal frequency cap, at which the advertisers
can get the expected maximum revenue in the long run.

Keywords-real time bidding; frequency capping; computa-
tional experiment approach; demand side platforms; compu-
tational advertising

I. INTRODUCTION

When online display advertising meets big data analysis
technology, Real Time Bidding (RTB) emerged as the most
popular business model of computational advertising. On
one hand, benefited from the advantages of RTB advertising
such as higher targeting precision, better marketing effect,
and lower promotion costs, more and more advertisers pre-
ferred RTB advertising to promote their products or service.
On the other hand, RTB advertising also attracts a large
number of of publishers due to its stronger traffic cashability
and higher value enhancement of the traffics.

As such, vast amount of ad requests originated from all
kinds of online media may flood in during a short time
period, in which many may be triggered by the same user

since one user can simultaneously browse through multiple
web pages. For the advertisers, it is an extremely bad
experience to display the advertisements multiple number of
times to the same users, since it can not only tremendously
diminish the advertising effect due to the overexposure or
burnout [1], but also will make the advertisers lose better
potential opportunities in the future due to the running out
of budget too quickly.

Due to the pay-per-impression basis of RTB advertising,
frequency capping has been regarded as one of the most
important issues faced by advertisers and Demand Side
Platforms (DSPs) in RTB markets. With frequency capping,
advertisers can effectively limit the exposure number of
times of their advertisements to the same user, and deliver
their advertisements to a wider range of unique users with a
given budget. As such, frequency capping can help the ad-
vertisers get more valuable users to improve their advertising
effect.

In online display advertising, a few researchers have
studied the frequency capping problems, and proposed some
algorithms such as a greedy algorithm with 3/4-competitive
ratio and a primal-dual algorithm with 1-1/e ratio [2],
and a weighted approach was proposed by Zinkevich [9]
to allocate the frequency capping for the websites with
guaranteed delivery contracts. By considering the differences
among multiple online marketing segments, several fre-
quency capping policies were proposed via Markov decision
processes [6]. For the Internet banner advertisements, Fara-
hat [3] proposed a novel algorithm with linear programming
approach to solve the frequency capping problems, which
can fulfill the frequency caps in expectation. By introducing
the frequency capping into the online stochastic bipartite
matching problem, Feldman et al. [4] proposed an algorithm
with 1-1/e approximation.

However, the frequency capping problem has not attracted
enough attention from the researchers in RTB advertising
field, and the related research is still far from enough. There-
fore, it is urgent to study the frequency capping problem, and
provide efficient frequency capping strategies for DSPs and
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advertisers, so as to maximize the advertising effect of RTB
markets.

Due to the dynamics and complexity of RTB markets, sev-
eral challenges still exist in studying the frequency capping
problem in RTB advertising. First, the two-stage auctions in
RTB advertising makes it difficult to evaluate each feasible
frequency capping strategy. Second, due to the differences
among the advertisers, the optimal frequency caps of the
advertisers may be different from each other. Third, due
to the shortage of some necessary data in RTB advertising
processes, it is difficult to conduct experiments let alone re-
peated experiments, to evaluate different frequency capping
strategies.

With the analysis of user big data in RTB markets, DSPs
can precisely recognize the user behind each ad request,
which provides the feasibility of frequency capping for
advertisers in RTB advertising. Based on the above unique
characteristics of the frequency capping problems in RTB
advertising, this paper aims to propose an optimization
model of frequency capping for DSPs and advertisers to seek
for the optimal frequency caps. Considering the complexity
of RTB markets, we utilize the computational experiment
approach and design several experiments to validate our
model. Experimental results show that the frequency cap
can greatly influence the marketing effect of the advertisers
in RTB markets, and the optimal frequency caps can be
affected by the values of the discount factors. Moreover,
in the case that the discount factors of the advertisers can
take different values, there also exists an optimal frequency
cap (three in our experiment), at which the expected revenue
can be maximized in the long run.

The rest of this paper is arranged as follows: In Section II,
we first introduce our research problem with an example, and
then establish an optimization model for frequency capping
in RTB advertising and give its solving process. In Section
III, we utilize a computational experiment approach to solve
the proposed model, and design two experiments to validate
our model. Section IV discusses the managerial insights of
our findings for advertisers and DSPs. Section V concludes
this paper.

II. FREQUENCY CAPPING: MODEL AND SOLUTION

A. Problem Statement

With the help of big data analysis technology, DSPs have
the ability to precisely recognize the target audience behind
each ad impression, which makes it possible to make some
efficient frequency capping strategies for advertisers in RTB
advertising. In practice, the matching degree of different
advertisers with the same user may be different, which leads
to different values of the users to different advertisers. As
such, the optimal frequency caps for different advertisers
may be different, which makes it more difficult for the DSP
to decide the frequency capping strategies for its advertisers.

In the following, we provide an example to illustrate the
importance of frequency capping in RTB advertising.

Example. Suppose there is only 1 DSP in the market, and
the DSP serves for 3 advertisers. There are 3 users in the
RTB market, and the values of each user to the advertisers
are given in Table I. According to the equilibrium outcome
of Vickrey auction mechanism [5], we can assume that the
bids of the advertisers are equal to their values. Suppose
there are 30 impressions corresponding to these users during
a period, and each user produces a group of 10 successive
impressions, as shown in Figure 1.

Table I
THE VALUES OF THE USERS AND THE TOTAL BUDGET FOR EACH

ADVERTISER

Advertiser Value Total budgetuser a user b user c
Advertiser 1 4 0 6 30
Advertiser 2 0 4.5 4.5 20
Advertiser 3 3.5 4 0 8

Figure 1. The 30 impressions and the corresponding users

In the following, we make a comparison of the total
revenues of the advertisers with and without frequency
capping.

Figure 2 presents the ad impression allocation results
without frequency capping, and the corresponding total
revenue of the advertisers is 61. However, for the case with
frequency capping, e.g., if we let the frequency cap is 7, then
the total revenue rises up to 74.5, as shown in Figure 3. Thus,
for advertisers, similarly set a frequency cap can get better
revenues than that without frequency capping.

Figure 2. The results for the case of without frequency capping

From the above example, it is clear that frequency capping
can greatly improve the total revenues of the advertisers in
RTB markets. Thus, how to find the optimal frequency cap
becomes a crucial issue faced by the advertisers and the
DSP. In the following sections, we will propose a model
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Figure 3. The results for the case of with frequency cap as 7

of frequency capping, which provides a feasible approach
for the advertisers and the DSPs to seeking for the optimal
frequency cap effectively.

B. Notations

Suppose there are 𝑀 advertisers on the DSP, denoted
as 𝐺 = {1, 2, ⋅ ⋅ ⋅ ,𝑀}, and the total budget for advertiser
𝑖 ∈ 𝐺 is 𝐵𝑖. Suppose there are 𝑁 ad impressions dur-
ing a period, denoted as 𝐻 = {1, 2, ⋅ ⋅ ⋅ , 𝑁}, which are
produced by 𝐾 users, denoted as 𝑈 = {1, 2, ⋅ ⋅ ⋅ ,𝐾}. Let
𝜎𝑖,𝑗 ∈ [0, 1] be the matching probability of advertiser 𝑖 ∈ 𝐺
and user 𝑘 ∈ 𝑈 . Generally, the matching probability is a
measurement for the matching degree of the ad request (and
also the audience) with the advertiser. The advertiser 𝑖 will
participate in the auction of 𝑘 if and only if 𝜎(𝑖, 𝑘) ≥ 𝛼𝑖,
where 𝛼𝑖 ∈ [0, 1] is a threshold.

Denote the value function of advertiser 𝑖 ∈ 𝐺 for user
𝑘 ∈ 𝑈 as 𝑣(𝑖, 𝑘), and thus the bid price of advertiser 𝑖
to user 𝑘 can be represented by a function of 𝑣(𝑖, 𝑘) and
𝜎(𝑖, 𝑘), i.e., 𝑏(𝑖, 𝑘) = 𝑓𝑖(𝑣(𝑖, 𝑘), 𝜎(𝑖, 𝑘)), 𝑖 = 1, 2, ⋅ ⋅ ⋅ ,𝑀 .

Suppose the feasible set of frequency caps is 𝑆 =
{1, 2, ⋅ ⋅ ⋅ , 𝐿}, 𝑠(𝑖) ∈ 𝑆 is the maximal frequency cap of
each advertiser 𝑖 for each user 𝑘 ∈ 𝑈 . Let 𝑞𝑖,𝑘(𝑗) be the
display number of times for advertiser 𝑖 to user 𝑘 ∈ 𝑈 after
impression 𝑗 ∈ 𝐻 , where 𝑞𝑖,𝑘(0) = 0. Let 𝐵𝑖(𝑗) be the
remaining budget of advertiser 𝑖 after impression 𝑗, where
𝐵𝑖(0) = 𝐵𝑖.

C. Frequency Capping Model

In the first stage, for each ad impression 𝑗, the corre-
sponding user is 𝑘

′
= 𝑢(𝑗). Then advertiser 𝑖 will bid for 𝑗

with bid price 𝑏(𝑖, 𝑗) = 𝑏(𝑖, 𝑘
′
) if the matching probability

𝜎(𝑖, 𝑘
′
) ≥ 𝛼𝑖, his/her remaining budget is enough and the

frequency cap for target audience 𝑘
′

is not exhausted. Thus,
the set of advertisers who will bid for ad impression 𝑗 can
be computed as

𝐺𝑗 = {𝑖∣𝑘′
= 𝑢(𝑗), 𝜎(𝑖, 𝑘

′
) ≥ 𝛼𝑖,

𝐵𝑖(𝑗 − 1) ≥ 𝑏(𝑖, 𝑗), 𝑞𝑖,𝑘′ (𝑗 − 1) < 𝑠(𝑖)}, (1)

in which the advertisers with the highest bid and the second
highest bid can be computed as

𝑖∗(𝑗) = argmax
𝑖∈𝐺𝑗

𝑏(𝑖, 𝑗) (2)

and
𝑖
′
(𝑗) = argmax

𝑖∈𝐺𝑗/{𝑖∗(𝑗)}
𝑏(𝑖, 𝑗), (3)

respectively.
Advertiser 𝑖∗(𝑗) wins in the first-stage auction on the DSP,

and then he/she will participate in the second stage auctions
with all the winning advertisers on the other DSPs.

In the second stage, if we denote the highest bid price
among all the winning advertisers on other DSPs as �̄�𝑗 , then
the indicator function of whether win or not in the second
stage for advertiser 𝑖 is defined as follows

𝐼(𝑖, 𝑗) =

{
1, if 𝑖 = 𝑖∗(𝑗), 𝑏(𝑖∗(𝑗), 𝑗) > �̄�𝑗
0, other.

(4)

If 𝐼(𝑖∗, 𝑗) = 1, then advertiser 𝑖∗(𝑗) wins in the second
stage auction and obtain ad impression 𝑗. According to the
commonly used Generalized Second Price (GSP) auction
mechanism, the cost of advertiser 𝑖∗(𝑗) for ad impression
𝑗 is

𝑐(𝑖∗(𝑗), 𝑗) = max{𝑏(𝑖′(𝑗), 𝑗), �̄�𝑗}. (5)

After the arrival of ad impression 𝑗, the remaining budget
and the display number of times of advertiser 𝑖 can be
updated with

𝐵𝑖(𝑗) =

{
𝐵𝑖(𝑗 − 1)− 𝑐(𝑖, 𝑗)𝐼(𝑖, 𝑗), if 𝑖 = 𝑖∗(𝑗)
𝐵𝑖(𝑗 − 1), other

(6)

and

𝑞𝑖,𝑘(𝑗) =

{
𝑞𝑖,𝑘(𝑗 − 1) + 𝐼(𝑖, 𝑗), if 𝑘 = 𝑢(𝑗), 𝑖 = 𝑖∗(𝑗)
𝑞𝑖,𝑘(𝑗 − 1), other,

(7)
respectively.

With the form of discount rate as given in [8], we can
define the advertising utility function as

𝑔(𝑞, 𝑣) = exp(−(𝑞 − 1)(1− 𝛾))𝑣, (8)
where 𝛾 ∈ (0, 1) is the discount factor due to display number
of times, and then exp(−(𝑞−1)(1−𝛾)) is the discount rate
when displaying the advertisement 𝑞 number of times to
the same user. Thus, the advertising utility function 𝑔(𝑞, 𝑣)
represents the revenue of the advertiser when displaying
his/her advertisements 𝑞 number of times to the same user.

As such, the revenue of advertiser 𝑖∗(𝑗) from ad impres-
sion 𝑗 can be computed as
𝑣(𝑖∗(𝑗), 𝑗, 𝑠(𝑖∗)) = 𝑔(𝑞𝑖∗(𝑗),𝑘′ (𝑗), 𝑣(𝑖∗(𝑗), 𝑘

′
))𝐼(𝑖∗(𝑗), 𝑗),

(9)
and the revenues of other advertisers on the DSP from ad
impression 𝑗 is

𝑣(𝑖, 𝑗, 𝑠(𝑖)) = 0, 𝑖 ∈ 𝐺, 𝑖 ∕= 𝑖∗(𝑗), (10)
where 𝑠(𝑖) is the frequency cap for advertiser 𝑖.

Then for all the ad impressions 𝑗 ∈ 𝐽 , the total revenue
of all the advertisers on the DSP can be computed as

𝑉 (𝒔) =
𝑀∑
𝑖=1

𝑁∑
𝑗=1

𝑣(𝑖, 𝑗, 𝑠(𝑖)), (11)

where 𝒔 = (𝑠(1), 𝑠(2), ⋅ ⋅ ⋅ , 𝑠(𝑀))𝑇 , and the objective of
the DSP is to find the best frequency cap for each advertiser
to maximize the total revenue, i.e.,

max
𝑠(𝑖)∈𝑆

𝑉 (𝒔) =
𝐺∑
𝑖=1

𝑀∑
𝑗=1

𝑣(𝑖, 𝑗, 𝑠(𝑖)). (12)
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Based on the above analysis, we can establish the follow-
ing model⎧⎨
⎩

max
𝑠(𝑖)∈𝑆

𝑉 (𝒔) =
𝐺∑
𝑖=1

𝑀∑
𝑗=1

𝑣(𝑖, 𝑗, 𝑠(𝑖))

subject to:

𝐵𝑖(𝑗) =

{
𝐵𝑖(𝑗 − 1)− 𝑐(𝑖, 𝑗)𝐼(𝑖, 𝑗), if 𝑖 = 𝑖∗(𝑗)
𝐵𝑖(𝑗 − 1), other

𝑞𝑖,𝑘(𝑗) =

{
𝑞𝑖,𝑘(𝑗 − 1) + 𝐼(𝑖, 𝑗), if 𝑘 = 𝑢(𝑗), 𝑖 = 𝑖∗(𝑗)
𝑞𝑖,𝑘(𝑗 − 1), other

𝑣(𝑖, 𝑗, 𝑠(𝑖)) =

{
𝑔(𝑞𝑖,𝑘′ (𝑗), 𝑣(𝑖, 𝑘

′
))𝐼(𝑖, 𝑗), if 𝑖 = 𝑖∗(𝑗)

0, other

𝑐(𝑖∗(𝑗), 𝑗) = max{𝑏(𝑖′(𝑗), 𝑗), �̄�𝑗}

𝐼(𝑖∗(𝑗), 𝑗) =
{

1, if 𝑏(𝑖∗(𝑗), 𝑗) > �̄�𝑗
0, other

𝐺𝑗 = {𝑖∣𝑘′
= 𝑢(𝑗), 𝜎(𝑖, 𝑘

′
) ≥ 𝛼𝑖,

𝐵𝑖(𝑗 − 1) ≥ 𝑏(𝑖, 𝑗), 𝑞𝑖,𝑘′ (𝑗 − 1) < 𝑠(𝑖)}
𝑖∗(𝑗) = argmax𝑖∈𝐺𝑗

𝑏(𝑖, 𝑗)

𝑖
′
(𝑗) = argmax𝑖∈𝐺𝑗/{𝑖∗(𝑗)} 𝑏(𝑖, 𝑗)

𝑘
′
= 𝑢(𝑗)

𝑖 = 1, 2, ⋅ ⋅ ⋅ ,𝑀, 𝑗 = 1, 2, ⋅ ⋅ ⋅ , 𝑁.
(13)

Solving the above model, we can obtain the optimal
frequency cap 𝒔∗ = (𝑠(1)∗, 𝑠(2)∗, ⋅ ⋅ ⋅ , 𝑠(𝑀)∗)𝑇 , and the
corresponding optimal revenue is 𝑉 (𝒔∗).

D. The Solution

When analyzing the proposed model (13), three difficul-
ties make it difficult to derive an accurate numerical solution.
First, complex iterative processes exist in the computation
of the revenues for each frequency cap with the sequence
coming of the ad impressions. Second, due to the limitations
of the remaining budget and the existence of the frequency
cap, the iterative processes of the current ad impression
are highly dependent on its previous one. Third, since
different advertisers may have different optimal frequency
caps, the solution space is extremely huge, which increases
the difficulties of our problem.

In the following, we provide the detailed solution process
of our proposed model (13). The basic idea is to compute the
revenues of the advertisers from each ad impression and then
the total revenues of the advertisers under all the feasible
combination of the frequency caps. By comparing the total
revenues for each combination, the optimal frequency cap
for each advertiser and the corresponding optimal total
revenue for all the advertisers can be obtained. The detailed
process can be described as follows:

Step 1:For a given frequency cap 𝑠(𝑖) of each advertiser 𝑖,
find the set of advertisers 𝐺𝑗 on the DSP bidding
for each ad request 𝑗 according to formula (1).

Step 2:Find the advertiser 𝑖∗(𝑗) with the highest bid and
the advertiser 𝑖

′
(𝑗) with the second highest bid on

the DSP for ad impression 𝑗, according to formulas
(2)–(3).

Step 3:Check if the advertiser 𝑖∗(𝑗) wins ad request 𝑗 by
comparing his/her bid 𝑏(𝑖∗(𝑗), 𝑗) with the highest
bid �̄�𝑗 of the winning advertisers on all the other
DSPs, according to formula (4).

Step 4:Compute the cost 𝑐(𝑖∗(𝑗), 𝑗) of advertiser 𝑖∗(𝑗)
according to formula (5), and update the remaining
budget 𝐵𝑖(𝑗) and the displaying number of times
𝑞𝑖,𝑘(𝑗) for each advertiser 𝑖 after the arrival of ad
impression 𝑗, according to formulas (6)–(7).

Step 5:Compute the revenue 𝑣(𝑖, 𝑗, 𝑠(𝑖)) of each advertiser
𝑖 on the DSP from ad impression 𝑗 according to
formulas (9) – (10).

Step 6:Get the total revenue 𝑣(𝒔) of the advertisers from
all the ad impressions according to formula (11).

Step 7:Find the optimal frequency caps 𝒔∗ and the cor-
responding optimal total revenue 𝑉 (𝒔∗) according
to formula (12).

III. COMPUTATIONAL EXPERIMENTS

In this section, the computational experiment approach
[7] is utilized to evaluate our proposed model. First, we
find the optimal frequency cap for the example provided
in Section II-A, and after that, we attempt to explore the
optimal frequency cap for general cases. For simplicity, we
suppose the frequency caps of all the advertisers are the
same.

A. Finding Optimal Frequency Cap: Example

With the proposed model (13), we can obtain the accumu-
lative revenues at each ad impression for each frequency cap
for the example given in Section II-A, as shown in Figure
4. Obviously, the maximized revenue can be reached when
the frequency cap is set as 4.
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Figure 4. The accumulative revenues at each ad impression

In order to find the influence factors of the optimality
of the frequency capping, we change the order of the
sequence of these ad impressions, and the above case is
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denoted by ORDER-abc, similarly, ORDER-acb, ORDER-
bac, ORDER-bca, ORDER-cab, ORDER-cba can be defined,
as shown in Figure 5.

Figure 5. The order of the arrival of the users

The accumulative revenues for different frequency caps
and the corresponding optimal frequency caps under each
case are given in Figure 6 and Figure 7, respectively, from
which we can obtain that the optimal frequency caps for
these cases are 4, 7, 10, 5, 5, respectively. Furthermore,
the optimal ad impression allocation strategy for each case
are shown in Figure 8, which illustrates that the order of
the arrival of these users can greatly influence the optimal
frequency caps.
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Figure 6. The accumulative revenues at each ad impression for the other
5 cases of orders

B. The Optimal Frequency Cap: General Cases

Consider the case that there is only 1 DSP in the RTB
market, and thus the winning advertiser on the DSP can
obtain the ad impression. We randomly generate an exper-
imental scenario that there are 6 advertisers on the DSP,
each with total budget randomly generated from the interval
[500, 2000], and they have the same 100 target audiences.
The values of each target audience to the advertisers are
randomly generated from the interval [3.00, 15.00], and the
reserve price of each ad impression is 2.00. Suppose there
are 1000 ad impressions randomly produced by the 100
users during a period, and each user comes successive for
10 number of times.
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Figure 7. The optimal frequency caps for different orders
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Figure 8. The ad impression allocation for the optimal frequency caps
in each case

We first validate the influence of the discount factor (𝛾)
on the optimal frequency cap. Figure 9 gives the discount
rate under different values of 𝛾, which shows that when
𝛾 = 0.4, 0.5, ⋅ ⋅ ⋅ , 0.9, the discount rate is larger than 0.5.
Thus, we choose Γ = {0.4, 0.5, ⋅ ⋅ ⋅ , 0.9}, so as to guarantee
that the discount rates for all the advertisers are larger than
0.5.
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Figure 9. The discount rate under different 𝛾

In the following, we randomly generate the total budget of
each advertiser, the value of each user to each advertiser, and
the coming order of the 100 users, as shown in Figure 10,
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Figure 11 and Figure 12, respectively. Moreover, we assume
that the bids of the advertisers are equal to their values [5].
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Figure 12. The coming order of the 100 users

With the variations of the discount factor 𝛾 ∈ Γ and
the frequency cap 𝑠 ∈ {1, 2, ⋅ ⋅ ⋅ , 10}, we can obtain the
variations of the revenues in Figure 13. By fixing the
discount factor, we can obtain the optimal frequency cap
under each discount factor, as shown in Figure 14.

From Figure 13 and Figure 14, we can obtain the follow-
ing results:
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Figure 13. Variations of the total revenues with the frequency cap and
the discount rate
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Figure 14. The optimal frequency cap under different discount rates

(1) For all the values of the discount factor 𝛾 ∈ Γ, the total
revenue of the advertisers has a tendency of a rise first,
and then followed by a decline.

(2) When the frequency cap is fixed, the total revenue in-
creases with the increasing of the value of the discount
factor.

(3) The optimal frequency cap is 2 when the discount factor
𝛾 takes the values of 0.4 and 0.5, 3 when 𝛾 takes the
values of 0.6 and 0.7, and 4 when 𝛾 takes the values
of 0.8 and 0.9.

In order to obtain the general results, we conduct 2000
independent experiments, each with a randomly generated
coming order of the users and a fixed discount factor for all
the advertisers. The number of times for the optimal revenue
occurs at each frequency cap in the 2000 experiments for
different values of the discount factor are shown in Table II,
from which we can obtain the following results:

(1) For 𝛾 = 0.4 and 𝛾 = 0.5, the optimal frequency occurs
at 𝑠 = 2 for the most number of times (99.75% and
90.65%, respectively).

(2) For 𝛾 = 0.6 and 𝛾 = 0.7, the optimal frequency occurs
at 𝑠 = 3 for the most number of times (75.10% and
98.45%, respectively).

(3) For 𝛾 = 0.8 and 𝛾 = 0.9, the optimal frequency occurs
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at 𝑠 = 4 for the most number of times (55.65% and
37.35%, respectively).

Table II
THE NUMBER OF TIMES FOR THE OPTIMAL REVENUE OCCURS AT EACH

FREQUENCY CAP IN 2000 EXPERIMENTS UNDER DIFFERENT DISCOUNT

FACTORS

𝛾 0.4 0.5 0.6 0.7 0.8 0.9
𝑠 = 1 0 0 0 0 0 0
𝑠 = 2 1995∗ 1813∗ 498 2 0 0
𝑠 = 3 5 187 1502∗ 1969∗ 886∗ 2
𝑠 = 4 0 0 0 29 1113∗ 747∗

𝑠 = 5 0 0 0 0 1 582
𝑠 = 6 0 0 0 0 0 611
𝑠 = 7 0 0 0 0 0 58
𝑠 ≥ 8 0 0 0 0 0 0

In what follows, we design two groups of experiments to
find the optimal frequency cap for the case that the discount
factors of different advertisers can take different values in
Γ. The first group, denoted by Group-Fixed, is to run 2000
independent experiments, in which the coming order of the
users is randomly generated and keeps the same in the
2000 experiments. The second group, denoted by Group-
Random, is to run 2000 independent experiments, each with
a different randomly generated coming order of the users. In
each experiment of both the two groups, the discount factor
for each advertiser is generated randomly in Γ. Comparisons
of the total revenues for the advertisers under different
frequency caps for Group-Fixed and Group-Random are
shown in Figure 15 and Figure 17, respectively, and the
corresponding average revenue of the 2000 experiments
under different frequency caps are shown in Figure 16 and
Figure 18, respectively.
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Figure 15. Comparisons of the total revenues for the advertisers under
different frequency caps in 2000 experiments for Group-Fixed

From Figure 15 – Figure 18, we can obtain the following
results:

(1) In each of the 2000 experiments of both Group-Fixed
and Group-Random, the total revenue has a tendency
of a first rise and then followed by a decline.
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Figure 16. The average revenue for the advertisers under different
frequency caps in 2000 experiments for Group-Fixed
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Figure 17. Comparisons of the total revenues for the advertisers under
different frequency caps in 2000 experiments for Group-Random
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Figure 18. The average revenue for the advertisers under different
frequency caps in 2000 experiments for Group-Random

(2) The average revenues for both Group-Fixed and Group-
Random have a tendency of a rise first, and followed
by a decline.

(3) For Group-Fixed, the optimal frequency occurs 1981
number of times at 𝑠 = 3 , and 19 times at 𝑠 = 4, thus
the optimal frequency cap occurs at 𝑠 = 3 with the most
number of times (99.5%) in the 2000 experiments.

(3) For Group-Random, the optimal frequency occurs 544
number of times at 𝑠 = 2, 1433 times at 𝑠 = 3 , and 23
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times at 𝑠 = 4, thus the optimal frequency cap occurs
at 𝑠 = 3 with the most number of times (71.65%) in
the 2000 experiments.

C. Experimental Results Analysis

From the above experiments, we can obtain the following
results:
(1) Frequency capping can improve the advertising effect

greatly, and the optimal frequency cap can be greatly
influenced by the values of the discount factor.

(2) The optimal frequency cap is larger for higher values
of the discount factor.

(3) When different advertisers can take different values of
the discount factor, setting the optimal frequency cap
as 3 can obtain the maximized expected total revenues
in our experiment.

IV. MANAGERIAL INSIGHTS

Our paper can offer critical managerial insights and prac-
tical suggestions for DSPs and advertisers in RTB markets.

First, this work indicates that the frequency cap has great
effect on the revenues of the advertisers, and there always
exists an optimal frequency cap for the advertisers, which
can be affected by the values of the discount factors.

Second, this work provides some valuable suggestions for
the choice of the frequency cap for advertisers and DSPs
in RTB advertising. When the advertisers take the same
value of the discount rate, this work indicates that larger
frequency caps acts better for higher values of the discount
rate, while if different advertisers can take different values
of the discount factors, the optimal frequency cap (three in
our case) also exists, at which the advertisers can get the
maximized expected total revenues in the long run.

V. CONCLUSIONS AND FUTURE WORK

Due to the pay-per-impression basis of RTB advertis-
ing, frequency capping becomes a crucial issue faced by
advertisers and DSPs. It can greatly affect the marketing
effort of advertisers in RTB advertising, since the existence
of the discount factor can deduce the advertising effect
greatly when displaying one advertisement to the same target
audience multiple number of times. This paper established
an optimization model of frequency capping to seek for
the optimal frequency cap for the advertisers and DSPs.
The computational experiment approach was utilized to
evaluate our proposed model, and the experimental results
show that the frequency cap has great influence on the
total revenues of the advertisers in RTB advertising, and the
optimal frequency caps can be greatly affected by the values
of the discount factor. Furthermore, for the more general
case that different advertisers can take different values of
the discount factors, the optimal frequency cap also exists
(three in our case), at which the expected maximum revenue
can be obtained in the long run.

This work is a preliminary attempt to discuss the fre-
quency capping issue in RTB advertising. In our future work,
we are planning to extend this research from the following
two aspects: (a) Comparing the optimal frequency cap when
the advertisers have different forms of discount rates; (b)
Studying the joint optimization problem of frequency cap-
ping and market segmentation in RTB advertising markets.
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