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Abstract— With the application of big data analytics in online
marketing, real-time bidding (RTB) has developed to be the
primary business model and also the major online advertising
channel. Due to the precise analysis of Web Cookies, RTB
platforms can target the visiting audiences and then forward
their generated ad impressions to demanding advertisers who
bid on the best-matched audience in a real-time fashion. In RTB
markets, the reserve price plays the vital role as a tuner to exclude
over-low bids, and hence guarantee the desirable sales prices and
revenues for publishers from ad impression sales. In this paper,
we strive to study the publisher’s strategy on the reserve price and
probe its impact on his/her revenues. We first discuss the reserve
price of ad impression in a single-channel sales model, including
the online RTB channel or the off-line direct channel, aimed to
study its impact on the publisher’ revenue. Then, we further
analyze the impact of the reserve price in the multi-channel
settings. Finally, we conduct experiments using empirical log data
collected from real-world RTB markets to validate our models
and analyses, and the experimental results indicate that: 1) in
the single-channel sales model, publishers should set the reserve
price for only the online-channel ad impressions while not for the
off-line-channel ones and 2) in the multi-channel ad impression
sales, publishers should set both off-line and online reserve prices
for revenue maximization.
Index Terms— Ad impression, publisher, real-time bidding
(RTB), reserve price, revenue maximization.

I. I NTRODUCTION
IG-DATA-DRIVEN online marketing has witnessed the
development of multiple new classifications of advertising modes, e.g., real-time bidding (RTB), header bidding,
and so on. Together with the traditional online displaying
advertising formats, including direct contract, preferred deals,
and so on, they form complementary sales channels for online
advertisers. Among them, RTB is widely regarded as the most
prevalent one due to its capability of precise user profiling,
identification, and matching process within 10–100 ms [1].
Other than the traditional media buying or ad-slot buying
modes, RTB adopts more fine-grained audience-buying modes
to facilitate audience targeting from the angle of advertisers’
demands, and the limited advertising resource allocation from
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the angle of publishers’ supplies. As such, RTB has the
capability to improve the promotion performance and also
to enhance the marketing efficiency. In RTB markets, ad
impressions (also known as ad inventory) are sold through
the programmatic instantaneous auctions on a per-impression
basis, and thus it is essential to conduct the real-time management of online ad impressions.
Generally, publishers play the key role as the suppliers of
ad inventory and are willing to sell them through multiple
channels, including both off-line (i.e., direct contract) and
online channels (i.e., RTB), to accelerate the sales process,
disperse the sales risks, and improve sales revenues. Therefore,
for the newly generated ad impression, the publisher must
make an immediate decision to send it to the online RTB auctions or the offline direct contracts. Usually, RTB auctions are
operated using the second-price mechanism, while the off-line
contracts are typically determined via one-to-one negotiation
on an agreed amount of ad impressions. Publishers will set
the reserve price for both channels. Here, the reserve price
serves as an important control variable of the ad inventory
allocation and sales [2], which prevents both off-line and
online advertisers from winning the ad impression with an
undesirable low price.
From the perspective of microscopic auction sessions,
the reserve price determines advertisers’ payments and publishers’s gains by means of setting the lowest threshold of
ad impressions’ sales price. From the perspective of systemwide marketing ecosystems, the reserve price imposes great
influence on supply–demand matching of limited advertisement resources and the achievement of market mechanisms,
especially when publishers trade ad impressions in multiple
channels. As such, it is of great significance to study the
reserve price of ad impressions, as well as its important role
in the multi-channel sales model in RTB markets.
In RTB auctions with the second-price mechanism,
the reserve price is kept as private by publishers during the
auction process; so it does not create the direct influence
on advertisers bidding behaviors. Therefore, for advertisers,
bidding their own private values is always a weakly dominant
strategy [3]. Since the sales price of each ad impression must
be no less than its reserve price, advertisers with bids lower
than the reserve price cannot get the advertisement display
opportunity even if he or she wins the auction. A positive
reserve price excludes some lower valued advertisers and thus
can improve the final sales price of ad impressions; meanwhile,
a high reserve price may incur the risk of sales failure and
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thus result in publisher’s revenue loss. As such, publishers are
faced with a tradeoff between the higher revenue and higher
risk caused by the reserve price. Moreover, if publishers utilize
off-line direct contracts to sell ad impressions simultaneously
with online auctions, the influence of the reserve price on
their payoffs turns out to be much more complicated, for the
reason that reserve price in both channels is interdependent
and strongly coupled. However, how to estimate the potential
revenues generated by the reserve price is usually beyond the
ability of most publishers in market practice. Therefore, it is a
challenging task awaiting further research for us to figure out
the influence of reserve prices and find the optimal one for
publishers in RTB markets.
The remainder of this paper is organized as follows.
In Section II, we review some related literature. Section III
briefly states the research problem. Section IV studies the
reserve price in single-channel sales of ad inventory and analyzes its impact on the publisher’s revenue both in the online
RTB market and the off-line channel. Section V formulates
an ad impression auction model to research the reserve price
in multi-channel sales of ad inventory and probes its impact
on the publisher’s revenue. Section VI conducts experiments
to validate our models and analysis, and also discusses the
managerial insights of this paper. Section VII concludes this
paper and discusses our ongoing work.
II. L ITERATURE R EVIEW
According to the literature on how the reserve price affects
the sellers’ revenue in a single-item auction by Myerson [4]
and Riley and Samuelson [5], the item should be sold to
the bidder with the highest bid subject to a reserve price
being attained. If the number of bidders is fixed, there exists
an optimal reserve price for the single item. For the online
advertising, research about the reserve price mainly focuses
on sponsored search auctions (SSAs). Reserve price in SSA
based on the optimal auction theory has been proved to lead to
a small expected increase in revenues comparing with the realworld heuristic reference [6]. The effects of the reserve price
can be separated into direct effects making the advertisers with
the lowest value face a higher payment, and indirect effects
stimulating others to increase bids and thereby payments.
Edelman and Schwarz [7] found that most of incremental
revenue comes from indirect effects on high-value bidders in
SSA markets. Due to the similarity in the auction mechanisms,
these conclusions are also expected to be applicable to RTB
markets [9].
The reserve price is private for publishers, and thus cannot
be accessed by advertisers. However, it can be inferred through
examining the relationships between ad impression sales and
online auction outcomes [11]. The basis of the reserve price
setting is to predict advertiser’s bids, especially the winning ones, which not only affect publishers’ threshold prices
but also their impacts on the sales achievement. Generally,
the optimal reserve price can be calculated on the basis of the
bid distribution [4]. In RTB practice, however, the partially
observable Ad Exchanges (AdXs) make it very challenging
for exploring the pattern of winning prices [12]. Wu et al. [13]

studied the prediction of winning prices in RTB auctions
under the condition that only partial features and the historical
winning prices can be observed. Li and Guan [14] predicted
the winning rate and winning price by means of extracting multiple features regarding the nature of advertisement
requests. Cui et al. [15] proposed a general divide-and-conquer
approach to forecast the bid distribution for any advertising
campaign in RTB markets. To date, current research efforts
related to bid predictions are focused on bidding strategy
optimization from the perspective of advertisers [16], [17], but
they can serve as good references for publishers to forecast
advertisers’ bids in RTB markets.
For publishers, the expected sales price from off-line channel might be negatively related to the sales in auction channel,
which indicated that online auction reserve price is influenced
by the expected price from off-line channel, which has been
proven in traditional industry [18]. One possible way to determine reserve prices is to set them as the opportunity cost of
RTB auctions, which is the maximum reachable price over all
other channels for an ad impression. This way requires online
algorithms endogenizing the system-wide demand and supply
adaptively [19], and the decisions must be done in a real-time
fashion. According to [1], reserve prices setting can be viewed
as ad inventory pricing with the aim to realize the risk-aware
revenue maximization. Radovanovic and Heavlin [20] probed
the optimal pricing strategy under uncertain ad inventory
supply and demand using the iterative price adjustments in
the direction of the gradient of an appropriately constructed
Lagrangian relaxation. Austin et al. [8] designed a scalable
incrementally updated reserve price optimizer for RTB, which
operates in a real-time fashion. An empirical study and a live
test of the reserve price optimization problem in RTB markets
were conducted in [9] in an operational environment with the
purpose to examine several commonly adopted algorithms for
setting reserve prices. To summarize, these existing research
efforts are mainly focused on reserve price optimization, but
fail to provide a straightforward support for publishers to
determine whether or not to set reserve prices to improve their
revenues, especially in case with the suboptimal reserve prices.
As ad inventory sales processes are carried in both online
and off-line channels, the publisher has various options as to
which channel and at what price they can determine for the ad
impressions. Also, the reserve price can serve as the control
variables of the ad inventory allocation [10]. Consequently,
it is of great necessity to understand the reserve price in multichannel sales. In this paper, we utilize both theoretical and
empirical methods to address the problem of reserve price
as well as its impact on the publisher’s payoff. Through
formulating the game-theoretical model, we first probe the
reserve price in online RTB markets. Also, we investigate
the reserve price in off-line channel of directed contract.
Then, the reserve price in the multi-channel ad impression
sales is studied to figure out its impact on the ad inventory
allocation and payoff achievement for the publisher. Finally,
we design experiments using the real-world data to validate
the theoretical analysis. Our research findings are expected
to provide useful managerial insights to publishers on their
reserve pricing decisions.
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Multi-channel sales of the ad inventory.

III. P ROBLEM F ORMULATION
In RTB markets, once a user visits a publisher’s webpage,
an ad impression will be triggered, which is the unique item
for the publisher to sell. Nowadays, RTB has evolved to be
the primary channel for the publisher to sell ad inventory
in an online-auction fashion; meanwhile, he/she also has the
alternative option to sell ad impressions through off-line direct
contract in parallel. Therefore, the publisher must make an
instant decision to allocate the unique ad impression to either
the online channel or the off-line channel.
Essentially, in both channels, the reserve price is a threshold
indicating the lowest price the publisher accepts for selling the
ad impression, which restrains the sales price through excluding advertisers with over-low values. The reserve price in the
online and off-line channels could be identical or different.
In the off-line channel, the publisher accepts the first offer
that is no less than the off-line reserve price to make the
direct sale of the ad impression; while in the online channel,
advertisers compete for the ad impression in a real-time
auction, and the advertiser with the highest bid no less than the
online reserve price wins the ad impression. The multi-channel
sales of ad inventory is shown in Fig. 1.
When the publisher adopts paralleled channels to sell the
ad impression, there is a possibility that online auction will be
terminated if a competitive off-line offer is proposed despite
that the highest bid exceeding the online reserve price is
received. Intuitively, more off-line demands will decrease the
probability of the online sale of ad impressions, while higher
off-line reserve price will increase the probability of online
sale [18]. The reason is that better opportunities in off-line
channels lead to a higher reserve price in the online auction
channel, which would restrain more advertisers incompetent
to win the auction, and thus has the negative effect on the
online sale probability.
Since RTB adopts the ad-impression-based audience-buying
pattern, the values of different advertisers on a specific ad
impression vary greatly. As such, the reserve price is not
only influenced by the publisher’s own valuation of the ad
impression, but also by his/her expectation of advertisers’
values and bids. For the off-line direct contract, it is difficult
for the publisher to predict the sequence and price of coming
offers. In both channels, over-pricing may result in a high
probability of sales failure, while underpricing will lead to
ad impressions sold with over-low prices. Therefore, it is
very challenging for the publisher to predict the received bids

Fig. 2.

Online auction process in the RTB channel.

and determine proper reserve prices so as to improve his/her
revenue.
In what follows, we conduct both analytical and experimental studies to investigate the reserve price’s impact on the
publisher’s revenue and also find the optimal reserve price for
the publisher.
IV. R ESERVE P RICE IN THE S INGLE C HANNEL
First, we analyze the special case that the publisher adopts
the single channel to sell the ad impression so as to understand the ad impression sales and the revenue acquisition
under the direct negotiation mechanism and the online auction
mechanism, respectively. Studies in this section can lay the
supportive foundations for the further research on the reserve
price in multi-channel sales of ad inventory.
A. Online Reserve Price in the RTB Channel
Once an ad impression is generated, the publisher will send
it to the AdX with the corresponding information, including
audience tags, ad slots, web URL, and so on, to match it
with the targeting advertisers via a second-price auction. Fig. 2
shows the online auction process. For the RTB auction, only
advertisers who identify the user behind the ad impression as
the target audience submit their bids. If the advertiser wins the
auction, his/her advertisement will be displayed to the user;
meanwhile, a monetary transfer is required from him/her to
the publisher.
In the second-price auction, the reserve price does not
have the direct influence on the bidding behaviors of
advertisers [21], but will influence the auction results. If the
reserve price is introduced into the second-price auction,
it will exert great influence on the case that the highest bids
exceed the reserve price while the second highest ones do no.
Accordingly, the publisher’s revenue will be affected by the
reserve price. Therefore, a rational reserve price is the key
issue faced by the publisher’s revenue maximization.
In RTB advertising markets, the publisher usually implements the symmetric information structure to ensure that
all advertisers receive the same noisy signal about the ad
impression. Based on it, the advertiser will formulate an
independent valuation wi about the ad impression.
Although the second-price scheme is generally utilized for
the ad impression auction in the RTB channel, leading AdXs
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(e.g., Google, Facebook, and so on) claim that they design
mechanisms to encourage advertisers bidding with their true
valuations. In addition, the two-stage resale mechanism makes
advertisers adopt proxy bidding, and it is optimal for them
to submit true valuations as their proxy bids to demand side
platforms to compete on their behalf with the purpose of winning the chance of displaying ads to potential customers [22].
Generally, the publisher prefers to set a reserve price to control
the ad inventory sales in the RTB channel.
On the basis of the above analyses, we define the reserve
price no less than the second highest bids as the effective
reserve price. The reserve price in the intervals between
the second highest bid and the highest bid will raise the ad
impressions sales price and thus the publisher’s revenue; while
the reserve price exceeding the highest bid will lead to sales
failure and in turn revenue loss for the publisher. For a specific
ad impression, among all the effective reserve prices, there
exists the optimal reserve price to guarantee the publisher’s
maximal revenue.
In RTB auctions, the valuations are the private information
of the advertisers, but the distribution of them is usually the
common knowledge, which we denote as Fi on [0, Wi ]. The
corresponding density is f i . Set a reserve price r , the winning
probability of the advertiser i with the valuation wi is

0,
wi < r
ki (wi , r ) =
(1)
βi (wi ), wi ≥ r
where βi (wi ) is the original winning probability for the
advertiser in the context without the reserve price.
Accordingly, the publisher’s payment from the advertiser i
is
 Wi
ki (x i , r )d x i .
(2)
pi (wi , r ) = wi ki (wi , r ) −
0

Considering the relationship of the reserve price and the
sales price, we have the following analysis.
1) When the advertiser is with the valuation less than
the reserve price, he/she will fail in the ad impression
auction but not need to pay for it. This implies the
conclusion that rational reserve price should not exceed
the highest bid; otherwise, the ad impression auction will
end with the sales failure.
2) When the advertiser is with a valuation equal to the
reserve price and wins the ad impression auction, he/she
is required to pay the reserve price instead of the second
highest bid.
3) If the winning advertiser’s valuation is more than the
reserve price, he/she will pay the larger one between
the second-highest bid and the reserve price.
Based on the above analysis, we thereby have
⎧
⎪
0,
wi < r
⎪
⎪
⎨
wi = r
pi (wi , r ) = rβi (r ),  W
i
⎪
⎪
⎪
x i f i (x i )d x i , wi > r.
⎩rβi (r ) +
0

(3)

Therefore, the ex-ante expected sales price for the publisher
from the advertiser i should be
 Wi
pi (wi , r ) fi (wi )dwi
E[ pi (wi , r )] =
0

= r [1 − Fi (r )]βi (r )
 Wi
+
wi [1 − Fi (wi )] f i (wi )dwi .

(4)

r

For RTB publisher, owning the ad impression but not selling
it cannot generate any profit, as such, we consider that the
opportunity cost of the ad impression is 0 to formulate that
the expected revenue under the reserve price r be
R=

n


E[ pi (wi , r )].

(5)

i=1

Differentiating R with respect to r , we get that
dR 
=
[1 − Fi (r ) − r f i (r )]βi (r ).
dr
n

(6)

i=1

If r = 0, the derivative of R is zero. Given that Z (r )
and r are bounded, the expected sales price will achieve a
local minimum at 0; that is to say a positive reserve price
can improve the publisher’s revenue. Accordingly, in the RTB
channel, the publisher who is with the purpose of revenue
maximization should always set a positive reserve price to
exclude some advertisers with the over-low bids.
Assuming that all advertisers have the independent and
identical distribution of valuations, the optimal reserve price r ∗
should satisfy the condition that
r∗ −

1 − F(r ∗ )
= 0.
f (r ∗ )

(7)

Solving (7), we will get the optimal reserve price r ∗ .
If Z is an increasing function, the publisher’s revenue is
maximized at r ∗ . Substituting r ∗ into (5), the corresponding
maximal expected revenue R ∗ for the publisher selling the ad
impression through the RTB channel will be calculated.
B. Off-Line Reserve Price of Direct Contracts
In the off-line channel, we also probe the reserve price
of a single ad impression. Off-line direct offers (i.e., direct
contracts) are proposed individually by the advertiser to the
publisher. The publisher sets a secret reserve price l for the ad
impression in the off-line channel and accepts the first-coming
offer no less than the reserve price regardless whether it is
less than successive ones. The publisher will be paid by the
contract price. If the reserve price exceeds all off-line offers,
the ad impression will fail to be sold through off-line channel,
and the publisher also cannot get the off-line revenue.
Let m be the volume of demanded offers. The prices c of the
m off-line offers are with the distribution G m on [0, V ], and
the corresponding density is g. The capability of the publisher
to attract off-line contracts, the quality of the ad impression,
and the volume of demands together have great influence on
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the off-line sales price. Therefore, the expected sales price that
is no less than the off-line reserve price l is
C m (l) = E[cm |cm ≥ l]
V

=

l

cm g(cm )dcm
V

l

g(cm )dcm

.

(8)

The expected revenue for the publisher is given as
U = [1 − G m (l)]C m (l)
V
m

= [1 − G (l)]

l

cm g(cm )dcm
V

l

g(cm )dcm

.

(9)

It is easy to prove that the sales probability 1−G m (l) decreases
with the growth of the reserve price l, while the expected sales
price C m (l) increases with the growth of l.
The impact of off-line reserve price on the publisher’s
revenue is restricted by the off-line offers’ distribution. If offline offer distribution G m makes the expected revenue U be an
increasing function of the reserve price l, the publisher should
always set the reserve price for better revenue; otherwise,
setting the reserve price is not a dominant strategy for the
publisher.
V. R ESERVE P RICES IN M ULTIPLE C HANNELS
The sales price captures the value obtained by the publisher
from either online auction or off-line contract, which is
affected by demands and valuations of advertisers from both
channels. From the above analysis in Section IV, we can
conclude that in both channels, a reserve price is usually
associated with a higher sales price. Also, according to [11],
better off-line offers will lead to higher online reserve price
and thus higher auction sales price.
In this section, we consider the publisher to sell a specific
ad impression simultaneously through both off-line and online
channels. As for demand side, Dan and Simonson [23] have
indicated that auction-engaged advertisers are enough sticky
to ignore other fixed-price channels; therefore, it is reasonable
to assume that advertisers adopt the single channel instead of
multiple channels to buy ad impressions.
Here, we consider the problem under the case that the
off-line demand is not fulfilled; otherwise, the ad impression
will definitely be allocated to the online channel, which is
equivalent to the case we discuss in Section IV-A.
For the online channel, the revenue R > 0 is acquired by the
publisher only under two situations, that is either the second
highest bid is no less than r , or the highest bid is no less
than r , but the second highest one is less than r . We define the
distribution of the second highest bid in online RTB channel
as H .
The publisher aims to find the optimal reserve price for
the ad impression, and his/her expected revenue can be given
as
(r, l) = G m (l)F n (r )σ + [1 − G m (l)]C m (l)
+ G m (l)[1 − H (r )]R
+ G m (l)[n F n−1 (r )(1 − F(r ))]r.

(10)
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Here, we have the following.
1) G m (l)F n (r ) is the probability that the ad impression
fails to be sold, and σ is the opportunity cost equal to
zero.
2) π1 = [1 − G m (l)]C m (l)] is the expected revenue for
the publisher when the ad impression sold through the
off-line direct contract.
3) π2 = G m (l)(1 − H (r ))R is the expected revenue under
the situation that the ad impression does not attract
proper off-line offers during the auction, but receives
at least two bids no less than the online reserve price r .
4) π3 = G m (l)[n F n−1 (r )(1 − F(r ))]r represents the
expected revenue in the case that off-line deals are not
achieved, and only one bid is no less than r in the online
auction.
As follows, we consider the ad impression sales probability
to make further discussion of (10).
Case 1: If there is no reserve price in both channels, the ad
impression will be sold at the first off-line offer, and thus the
expected revenue is (1) = E(c).
Case 2: If there is no reserve price in the off-line channel
but the reserve price in the online channel, the ad impression
will also be sold at the first off-line offer in like manner and
get the expected revenue as (2) = (1) = E(c), which
indicates that only setting online reserve price does not work
in the multi-channel sales of ad impressions.
Case 3: If there is the reserve price l in the off-line channel,
but no reserve price in the online channel, the expected revenue
is
(3) = (1 − G m (l))C m (l) + G m (l)P n .

(11)

Here, we have
Pn =

n


E[Pi (wi )].

(12)

i=1

A higher off-line reserve price results in the lower off-line
sales probability, the higher off-line sales price, and also the
higher online sales probability, but has no influence on online
sales price. Then, we have
d(3)
= [1 − G m (l)]C  (l) + [P n − C m (l)]g(l).
dl

(13)

Here, we have 0 < 1 − G m (l) ≤ 1, C  (l) > 0, and
g(l) ≥ 0; only when the condition P n < C m (l) holds, there
may exist an optimal off-line reserve price l ∗ ∈ [0, V ). Also,
if  is concave, the optimal off-line reserve price will generate
the maximal revenue for the publisher. Under this condition,
we can prove that (3) < (1). If P n ≥ C m (l), the optimal
reserve price should be l ∗ = V , under which we have
(3) ≥ (1).
Case 4: Finally, we consider the general situation that the
publisher sets reserve prices in both channels, where we have
(4) = (r, l). If there exists the optimal reserve price pair
(r ∗ , l ∗ ), it should ensure that the ad impression be successfully
sold through either the online or off-line channel, which means
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they should satisfy the condition that
G m (l ∗ )[1 − H (r ∗ )]
= G m (l ∗ ) − G m (l ∗ )[n F n−1 (r ∗ )(1 − F(r ∗ ))].

(14)

That is
n F n−1 (r ∗ )(1 − F(r ∗ )) = H (r ∗).

(15)

Given the concrete form of H and F, we can find the optimal
online reserve price r ∗ . Substitute it to (10), then we can
further figure out the corresponding optimal off-line reserve
price l ∗ . With this, we will finally get the optimal reserve pair
(r ∗ , l ∗ ). If  is continuous concave function of both r and l,
we will have the optimal reserve price pair r ∗ = 0, l ∗ = 0.
Comparing the expected revenue in Case 4 and Case 3,
we can get that if [1 − H (r ∗)]R(r ∗ ) + H (r ∗)r ∗ ≥ P, there
is (4) ≥ (3). Accordingly, if the condition that C(l ∗ ) ≤
p ≤ [1 − H (r ∗)]R(r ∗ ) + H (r ∗)r ∗ is satisfied, the publisher
should set reserve prices in both channels for the revenue
maximization.

Fig. 3. Online revenue increase rate under the optimal reserve price with
different bid numbers.

As follows, we design experiments to validate the above
analysis of the reserve price as well as its impact on the
publisher’s revenue in both the single-channel and multichannel sales of the ad impression.

all ad impressions and find that the vast majority of them
are with the reserve price far below the sales price. The
statistical analysis indicates that the publisher does not set
the optimal or even “effective” reserve prices in most cases
in practice. Therefore, it is urgently necessary to study the
reserve price optimization to help the publisher maximize
his/her revenues.

A. Data

B. Online Reserve Price in the RTB Channel

The experimental data are from the released Web log data
of iPinyou.com.cn, which is one of the leading programmatic
advertising platforms in China. The data set consists of the
records of more than 10 million bids and 3 million ad impressions of a couple of advertisers. After the data preprocessing,
including eliminating the useless data and duplicated data,
the experimental data can guarantee the match of the bid ID
and ad impressions.
The publisher sets reserve prices for all ad impressions.
First, we find that 24.9% of ad impressions won by these
advertisers are sold at the reserve price, which indicates that
the publishers’ revenues have been improved on account of
setting reserve prices. Also, 70.1% of the bids offered by the
advertisers lost in the auction. Further analysis confirms that
none of them receives the sales price less than the reserve
price, among which only 0.002% of ad impressions are paid
at the reserve price, while 99.8% of them are with the sales
price higher than the reserve price. From it, we can conclude
that the reserve price does not impose the negative impact
on the publisher’s revenue. Both of the conclusions provide
the support for the positive impact of the reserve price on
publishers’ revenues.
As for the ad impressions won by them, only 17.9% of
sales revenues are achieved under the “effective” reserve
price, while the remaining 82.1% still can be improved by
setting the higher reserve prices. For the ad impressions lost
by them, 98.4% of sales revenues are achieved under the
reserve price less than the sales price. Besides, we make
comparative analysis of the reserve prices and sales prices of

For the above experimental data, we find that the winning
bids fit with a log normal distribution on [0, 300] as follows [24]:

VI. E XPERIMENTS

f (w) =

1

√ e
1.071w 2π

− (lnw−4.033)
2
2(1.071)

2

.

We assume that the overall bids also fit with the log normal
distributions [15]. Substituting it in (7), we get the optimal
reserve price as r ∗ ≈ 93.55. Based on the distribution,
we conduct experiments to examine the impact of reserve price
on publisher’s revenue.
First, the experimental result of the optimal reserve price’s
impact is shown in Fig. 3, where the increase rate represents
the positive effect of the optimal reserve price on the publisher’s maximal revenue.
Under different bid numbers, the increase rate keeps positive, which means the optimal reserve price always has the
positive impact on the publisher’s revenue. From Fig. 3, we can
also see that the increase rate begins to decrease sharply
with the increasing bid numbers to reach an inflection point
and then keeps a gentle downtrend. When the ad impression
receives 2 bids, the optimal reserve price improves the revenue
by 55.7%, and for 10 bids, the increase rate decreases to be
1.5%, but when the bid number reaches 22, the increase rate
is only 0.012%. The experimental results indicate that the
strength of the impact can be weakened by the increasing
numbers of bids, for the reason that more bids reduce the
probability that the second highest bid is lower than the reserve
price.
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Fig. 4.
Online revenue increase rate under various reserve prices with
different bid numbers.
Fig. 6. Off-line revenue increase rate under the lognormal distribution of
off-line offers’ prices.

price can exert positive impacts on the publisher’s revenue only
when it is very small, and with the reserve prices increasing,
his/her revenue will decline steadily. Also, the arrival rate of
off-line offers does not influence the revenue’s increase rate
caused by the reserve price.
Then, we consider that the prices of off-line offers fit with
the lognormal distribution on [0, 200], and the experimental
results are shown in Fig. 6, which also shows a decline
trend with the revenue’s increase rate on the reserve prices.
The experimental result does not support the publisher to set
reserve prices under this case. Similarly, the arrival rate of
off-line offers does not exert influences on the increase rate.
Both the cases indicate that the reserve price might not be a
good choice for the publisher with the purpose of maximizing
the off-line revenue.
Fig. 5. Off-line revenue increase rate under the uniform distribution of
off-line offers’ prices.

Next, we study the impact of different reserve prices. The
experimental result is shown in Fig. 4, which supports the
conclusion that the rational online reserve price, even if it is
not optimal, has positive impacts on the publisher’s revenue.
However, both the over-low and over-high reserve prices are
not beneficial for the revenue-maximizing publisher, since the
over-low reserve price cannot serve to exclude over-low bids,
while the over-high reserve price will lead to unreasonable
exclusion of some high bids. Similarly, the impact strength of
each reserve price can be reduced by a large amount of bids.
C. Off-Line Reserve Price of Direct Contracts
In off-line sales experiments, the direct offers arrive in a
homogeneous Poisson process with a specific rate λ during a
certain period [2].
First, we set the prices of these off-line offers using the uniform distribution on [0, 200], and the experimental results are
shown in Fig. 5. From it, we can see that the off-line reserve

D. Reserve Prices in Multiple Channels
As for reserve prices in multiple channels, we have discussed in Section V that case 1 has the identical revenue
to case 2 under multi-channel sales, which we view as the
baseline strategies, and the increase rate of total revenues indicates the comparison with total revenues achieved without both
off-line and online reserve prices. Here, we consider that both
the off-line offers’ prices and the online bids fit with the log
normal distributions but with different means and variances.
First, we conduct experiments for case 3, and we discuss
the typical cases with the online bid numbers as 10, 20, and
50 according to the experimental results in Section VI-B. The
experimental results are shown in Figs. 7–9.
The results show that the increase rate of the publisher’s
total revenue under different off-line arrival rates shows the
similar trend of decreasing at first to the bottom and then
climbing up to a platform with the off-line reserve prices
growing. With the increasing of the off-line arrival rates,
the lowest revenue is achieved by much higher reserve price,
but the lowest revenue itself does not show obvious difference
under different off-line arrival rates. Also, when the off-line
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Fig. 7.

Total revenue increase rate under λ = 10.

Fig. 8.

Total revenue increase rate under λ = 20.

reserve price reaches 200, the increase rates show steady
growth in all situations.
When the off-line reserve price is small, the total revenue’s
decline trend is overlapping under different online bid numbers; but when the off-line reserve price increases and the
total revenue starts to show a positive increase rate, its impacts
on the total revenue will be witnessed to be greatly affected
by the online bid numbers, and the more bid numbers the
ad impression relieves, the higher the increase rate is.
Therefore, when setting only the off-line reserve price,
the over-small reserve price is not desirable, while the high
reserve price can be set to make the ad impressions be sold
through the online channel, especially when there are large
numbers of online bids. Also, the publisher should set the
higher reserve price under the higher arrival rate of off-line
offers.
Finally, we study case 4 and set the off-line arrival rate
as 20, since the above experiments have shown that when
it exceeds 20, there is a convergence in the increase rate of
the total revenue for each online bid number under different

Fig. 9.

Fig. 10.

Total revenue increase rate under λ = 50.

Total revenue increase rate under λ = 20 and n = 10.

off-line arrival rates. The experimental results are shown
in Figs. 10–12. We can see that the increase rate of the total
revenue is with the trend of decreasing at first to the bottom
and then increasing to a platform with the growth of off-line
reserve price, while increasing gently at first to the peak and
then followed by a sharp decrease with the growth of online
reserve price. Also, we can see that the more the online bid
numbers are, the higher the increase rate is, especially for the
optimal increase rate. With the growing online bid numbers,
both the optimal online and off-line reserve prices increase,
and so does the maximal increase rate (i.e., maximal total
revenue).
Therefore, when there are both off-line and online reserve
prices, the over-low off-line reserve price and the over-high
online reserve price are not desirable. If the online bid numbers
are large, the publisher can set a relatively high reserve price
in both channels.
Comparing the experimental results of all these four cases in
the multi-channel sales of the ad impression, we can conclude
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From the theoretical and experimental analyses, we find that
publishers should pay more attention on the reserve prices of
long-tail ad impressions receiving small amount of bids in the
case of online-channel sales, since the online reserve price can
exert more powerful influences when the online bid numbers
are small; however, in the case of multi-channel sales of ad
impressions, the publishers should view high of the reserve
prices of the ad impressions receiving relatively large amount
of bids, which yield a larger strategy space for their reserve
price setting. As for ad impressions sold only through off-line
direct contracts, publishers should value the off-line offers’
prices other than numbers, because the numbers of off-line
offers do not play a significant role in publishers’ revenue
improvement, but the distributions of off-line offers’ prices do.
VII. C ONCLUSION
Fig. 11.

Total revenue increase rate under λ = 20 and n = 20.

Fig. 12.

Total revenue increase rate under λ = 20 and n = 50.

that setting reserve prices in both channels is much more
profitable for the publisher.
E. Managerial Insights
The reserve price serves to exclude the over-low value of
the ad impression sales in the RTB market. However, it is
very challenging for publishers to decide whether to set the
reserve price, since it can help them improve sales prices and
total revenues, as well as increase the risks of sales failure.
This paper provides straightforward suggestions that: 1) for
the single-channel ad impression sales, publishers should set
reserve prices when selling ad impressions only in the online
RTB market, but should not set reserve prices when selling
ad impressions only using the off-line direct contracts and
2) for the multi-channel ad impression sales, publishers should
set reserve prices in both the off-line and online channels to
improve total revenues.

The reserve price is one of the key decisions for publisher’s
selling ad impressions in the RTB market, which affects not
only the ad impression allocations and the revenue acquisitions
from the perspective of participants, but also supply–demand
balance from the perspective of the market. In this paper,
we study the reserve price and its impact on publishers’
revenue both in the single-channel sales either by RTB auctions or direct contracts and the multi-channel sales by both
off-line and online channels. Also, based on empirical Web
log data, we conduct experiments to make in-depth analyses
of our models. Finally, the conclusion of this paper can be
summarized as follows.
1) A rational online reserve price will always help
publishers increase revenues in the online-sales of ad
impressions.
2) It is not desirable for publishers to set the reserve price
in the off-line sales of ad impressions.
3) The combined setting of off-line and online reserve
prices can help publisher improve total revenues in the
multi-channel sales of ad impressions than other cases
with no reserve price or only reserve price in single
channels.
In the future work, we will adopt the ACP (artificial
systems + computational experiments + parallel execution)
approach [25]–[27] to study the reserve price in the RTB
markets.
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