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Abstract. We study native advertisement selection and placement in
social media post feeds. In the prevalent pay-per-click model, each ad
click leads to certain amount of revenue for the platform. The probabil-
ity of click for an ad depends on attributes that are either inherent to the
ad (e.g., ad quality) or related to user profile and activity or related to the
post feed. While the first two types of attributes are also encountered in
web-search advertising, the third one fundamentally differentiates native
from web-search advertising, and it is the one we model and study in this
paper. Evidence from online platforms suggests that the main attributes
of the third type that affect ad clicks are the relevance of ads to preced-
ing posts, and the distance between consecutively projected ads; e.g., the
fewer the intervening posts between ads, the smaller the click probability
is, due to user saturation.

We model the events of ad clicks as Bernoulli random variables. We
seek the ad selection and allocation policy that optimizes a metric which
is a combination of (i) the platform expected revenue, and (i4) uncer-
tainty in revenue, captured by the variance of provisionally consumed
budget of selected ads. Uncertainty in revenue should be minimum, since
this translates into reduced profit or wasted advertising opportunities for
the platform. On the other hand, the expected revenue from ad click-
ing should be maximum. The constraint is that the expected revenue
attained for each selected ad should not exceed its apriori set budget. We
show that the optimization problem above reduces to an instance of a
resource-constrained minimum-cost path problem on a weighted directed
acyclic graph. Through numerical evaluation, we assess the impact of var-
ious parameters on the objective, and the way they shape the tradeoff
between revenue and uncertainty.

Keywords: Native advertising - Advertisement allocation - Social
media feeds + Mathematical modeling - Optimization + Shortest-path
problem

1 Introduction

Internet advertising in its early form more than 15 years ago consisted in spon-
sored search advertising, whereby personalized targeted advertisements were dis-
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played in certain order next to web-search results after a search query. The pro-
liferation of social media, micro-blogging and social-networking platforms has
created novel opportunities for advertising. Facebook, Twitter, Tumblr, Pinter-
est and other online platforms aim at user engagement by providing services
or showing content of interest, and they leverage the user base for marketing
campaigns run by advertisers who pay to have their advertisements displayed.
Advertising is performed by inserting sponsored posts in certain positions in the
post feed on the user screen as the user scrolls (Fig.1). A feed or timeline is a
set of posts displayed on a user’s screen, such as news, posts, updates, photos
or videos. A sponsored post can be an ad adhering to the pay-per-click or the
pay-per-impression model, a sponsored news item, or a promoted item such as
a video or image.

The term coined for this type of advertising is native or in-stream advertising,
as the ad format is assimilated into that of other content shown and is least
intrusive for the user. Native advertising is becoming a multi-billion business
with projected spend at $6.4 billion by 2017 only in USA. Selection, ranking
and pricing of ads are realized with the Generalized Second-Price (GSP) auction
as in web-search advertising. Advertisers bid an amount to pay per ad click, and
ads are selected and displayed in prespecified positions in the post feed. Since
the user scrolls on the screen and presumably views ads at a rate of one ad every
some tens of seconds, a plausible scenario is that advertisers do not change their
bids in between consecutive ad positions. Hence, the auction is run once before
user scroll, and ads end up in their positions according to their rank as a result
of the auction.

Facebook Promoted Post Twitter Promoted Post

Fig. 1. Native advertisements in Facebook and Twitter online post feeds.

Click probability of an ad depends on three types of attributes: those that
are inherent to the ad (e.g., ad quality), those related to the user profile and
activity, and those related to the post feed itself. The main inherent feature
of an ad is its quality, which is reflected into ad design format, nature of the



590 1. Koutsopoulos and P. Spentzouris

advertised product, accompanying text, and quality of the landing page. On the
other hand, the relevance of the ad to the user profile captures the similarity of
an ad to user preferences, search activity, posted items, and so on. For example
an ad about a restaurant seems more appealing to a user that usually places
food-related posts than it is to a user that posts text about books.

The third type of attributes concern the placement of ads in the user post
feed. Based on evidence from online platforms [1-3], in native advertising, the
ad click probability may depend on: (i) Relevance (i.e. context similarity) of the
ad to preceding posts. For example, an ad about a hotel may be more likely to
be clicked if shown directly after a post discussing vacation than after one on
politics. (4i) Distance between consecutively shown ads. It is plausible that, the
fewer the intervening posts between two ads, the smaller the click probability
for the latter ad is, due to user saturation or fatigue effects. (iii) Position of the
ad in the stream. If an ad is shown earlier in a feed, it will be clicked with higher
probability than if shown later, since the user may quit scrolling.

In web search, the ranked list of ads is created through the GSP auction
and is displayed next to search results. The rank of an ad is determined by the
product of bid and click probability. On the other hand, in native advertising,
the notion of rank is less clear, since native ads are placed in between diverse
user posts. Further, in web search, the expected revenue of an ad decreases
with its rank in the list. In native advertising, this is not the case, since the ad
click probability depends on the precise placement of an ad in the post feed.
As explained above, ads that appear earlier in the feed are not necessarily more
likely to be clicked at, unless they are relevant to preceding posts or they are
projected sparsely enough. In addition, in web search, the click probability of an
ad depends only on its own rank and not on other ads. In native advertising the
situation is more complex. Placing an ad at a certain position in the feed affects
the click probability of this ad but also the click probabilities of subsequent ads.
If these are placed close to the first ad and close to each other in general, user
saturation due to frequent ad projection may lead to reduced click probability.

While the first two types of attributes above are also encountered in web-
search advertising, the third one fundamentally distinguishes native from web-
search advertising, and it is the one we model and study in this paper.

1.1 Owur Contribution

We study optimal native ad selection and placement in social media post feeds,
and the way it impacts the platform revenue. A set of ads emerge out of a
GSP auction. Each ad comes with its apriori budget. In the prevalent pay-per-
click model, each ad click entails a given amount of revenue for the platform
and a corresponding amount of reduction for ad budget. The budget of each ad
is renewed after a certain time interval. The product of click probability and
revenue per ad click is the expected revenue from the ad. In our model, the
ad click events are represented by Bernoulli random variables, and the ad click
probability depends on the relevance of the ad to the preceding post, and on the
distance between consecutive ads in the feed.
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We seek the ad selection and allocation policy that optimizes a metric which
combines (i) platform expected revenue, and (%) uncertainty in revenue, cap-
tured by the variance of provisionally consumed budget of selected ads. The
constraint is that the expected revenue attained for each selected ad should not
exceed its apriori set budget. Uncertainty in revenue should be minimum, since
this translates into reduced profit or wasted advertising opportunities for the
platform. An ad selection and allocation policy that would lead to few clicks and
small expected consumed budget is not preferable, since the revenue of the plat-
form is smaller that it could potentially be. On the other hand, an ad allocation
policy that would involve too many ad clicks while the ad budget is exhausted
is also not desirable, since it leads to wasted advertising opportunities for the
platform that are provided for free. That is, ad clicks that correspond to ad
budget beyond the apriori one do not incur additional revenue for the platform.
Furthermore, the expected revenue from ad clicking should be maximum.

To the best of our knowledge, both the problem and the model are novel in
the literature. For clarity purposes, we study the problem for the post feed of
one user. The model is amenable to multiple users as well as to extensions that
include the other two types of features i.e., those inherent to the ad or related
to user profile. The contributions of our work are as follows.

— We provide a model and mathematical formulation for the problem of min-
imizing a combined metric of (¢) uncertainty in ad-click generated revenue,
which is quantified as the variance of provisionally consumed budget, and (i7)
total expected revenue. The constraint is that the expected consumed budget
for each selected ad should be no more than its apriori budget.

— We showcase how the relative positioning of ads in the post feed alters the ad
click probabilies and therefore the revenue and uncertainty about it, and we
specify the way in which the joint positioning of ads needs to be engineered
so as to achieve the optimization objective above.

— We show that the problem above is an instance of a resource-constrained
minimum-cost path one on an appropriately defined directed acyclic graph.
The solution path reflects the policy of selecting which ads to show in the feed
(out of a given set of ads), and in which positions to place them.

Through numerical evaluation results, we verify the tradeoff between revenue
and uncertainty. The work in [27] is the most relevant to ours. Compared to
that work, we consider the relevance of ads to posts as a factor that shapes
ad click probability. Further, rather than adhering to the cumulative effect of
projected ads on click probability as in [27], we assume that click probability of
an ad depends on the distance from the previously shown ad. This essentially
translates to a dependence of click probability on the average ad projection rate
i.e., the average number of posts elapsed until an ad is shown, which is a more
plausible scenario that captures user annoyance. The work [21] is also relevant,
in the sense that the measure of “regret” could be seen as similar to variance.
In that work, the emphasis is on controlling social-network diffusion through
user targeting without considering post feed aspects, while our work considers
ad placement in the post feed.
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The paper is organized as follows. In Sects.2 and 3 we present the model,
problem formulation and solution. Numerical results are provided in Sect.4,
literature overview is provided in Sect. 5, and the paper is concluded in Sect. 6.
In the sequel, we use the words “ad” and “advertisement” interchangeably.

2 Model

We consider a set 7 of T posts displayed on a user screen in a social-media
platform. Posts are displayed as a stream in a certain order e.g. most recently
occurred, and the user scrolls through the posts. There is also a set A of N
native ads with N < T. Typically, N = 3T, 0 < 3 < 1, with 3 in the range 1072
to 1071, The set of ads A is the outcome of a bidding process among competing
advertisers, and the social media platform selects the ones to display and their
positions. Non-selected ads may be placed in subsequent feeds.

We assume the pay-per-click payment model; each time the user clicks on a
displayed ad a, the advertiser is committed to pay the platform an amount b,
which emerges from the auction. Each ad comes with an apriori budget B,, and
each time an ad is clicked by a user, its budget is reduced by b,. The budget of
each ad is renewed after a certain time interval, and we focus our attention in
studying the ad allocation policy in such a time interval.

For each ad a € A and post t € T, let roy € [0,1] be the relevance of ad
a and post t. Relevance quantifies context similarity between the ad and the
post. For example, an ad about a hotel is more relevant to a post on vacation
than to one on politics. Relevance may be computed through cosine similarity
[4, Chap.9] or other metrics on vectors of words that are representative of the
post and the ad. These may be defined e.g., with the Term-Frequency-Inverse
Document Frequency (TF-IDF) metric from information retrieval [4, Chap. 1].

We consider two main determinants of probability of click for an ad: ad
relevance to the preceding post (after which the ad is placed), and distance (in
elapsed posts) from the previously displayed ad. We assume that we learn from
historical data the probability p(r,d) that an ad is clicked if placed at distance
d posts from the previous ad, d = 1,...,T, and if it is displayed after a post
of relevance r to it. Logistic regression or other machine-learning tools can be
used to train a model and learn p(r, d). Recall that the ad click probability may
depend on other attributes such as user profile or ad quality, or its position
(early/late) on the stream. However, we choose not to include them here for
clarity of presentation, and because we wish to focus on attributes that are
peculiar to native advertising.

The nature of native advertising implies that, besides the style and layout
of the ad, the content of the ad should be assimilated to that of other content
shown on the platform e.g., the post feed. Hence, we consider the relevance of
the ad to the preceding post as an attribute that affects the ad click probability.
Further, the distance from the previously shown ad is essentially mapped to ad
projection rate i.e., average number of posts elapsed until an ad is shown. Our
rationale for selecting these attributes to map to ad click probability is spurred
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by realistic marketing principles in online social networks and media. Platforms
aim at high user experience while ensuring that ads obtain substantial attention.
For instance, Facebook does not show too many ads and too frequent so as to
prevent negative impact on user experience and engagement. It shows adequate
number of ads so as to consume their budget and have advertisers satisfied.

Let us index post positions by t =1,...,7T, and ads by a = 1, ..., N. Define
binary variables x4, fora=1,... ,N,and t =1,...,T, with z,; = 1, if ad a is
placed after post ¢, and x4 = 0 otherwise. An ad selection and allocation policy
isa NT x 1 ad allocation vector x = (x4 : a € A, t € T). For ad a, let tx(a) be
the post after which ad a is placed according to policy x. For ad a, define the
distance from the previous ad, d,(x), for allocation policy x, as

tx(a), ifty(a) = min ty(a’),
a’€eA
da(x) = tx(a) — max ty(a’), otherwise. (1)
@S (@)

If an ad is the first one placed in the feed, its distance is just the index of
the preceding post (after which the ad is placed). Otherwise, the distance is the
difference between the index of the preceding post of that ad, and that of the
preceding post of the immediately previously placed ad. We define d,(x) = 0 if
ad a is not allocated in the feed, i.e. if x,; = 0 for all ¢.

Given an ad allocation policy x, each allocated ad a has a click probability
p(rat, dq(x)). For notational simplicity, and with a little abuse of notation, let
us in the sequel use notation p,:(x) to denote p(rqt,dq(x)). The event of click
of each allocated ad a when placed after post ¢ according to allocation policy x
may be represented by a Bernoulli random variable X,;(x) having as parameter
the probability p,:(x). Thus,

Xat(X) _ ba7 Ww.p. pat(x)7 (2)
0, w.p. 1—pu(x),
with expectation E[X,;(x)] = bapai(x) and variance
var[Xa; (x)] = b3 par(%) - (1 — par(x)) - 3)

Denote by R(x) the random variable that shows platform revenue as function
of the allocation policy x, with

N T

R(x) =) ) Xar(x)aa: - (4)

a=1t=1

The total expected revenue for the platform for an ad allocation policy x is

N T
E[R(X)} = Z Z bapat (X)xat . (5)

a=1t=1
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The underlying assumption in (5) is that the Bernoulli random variables that
show click events of different ads in the feed are independent from each other.
This is a plausible assumption, since the probability that an ad is clicked does
not seem to depend on whether a previous ad was clicked or not. On the other
hand, the model recognizes that the probability of ad click depends on how many
posts elapse since the appearance of the most recent ad in the feed, and thus it
captures in a sense the annoyance caused to the user; this is reflected through
the dependence of click probability on distance. The variance of revenue is

var[R(x)] = Z Z var[X o (X)]xar = Z Z b2Dat (%) (1 = pat(x))xar . (6)

a=1t=1 a=1t=1

3 Problem Formulation and Solution

We are interested in the ad selection and allocation policy x* that minimizes a
metric of the form, (var[R(x)] — AE[R(x)]), where A > 0 is a calibration para-
meter that determines the relative emphasis on total expected revenue and its
variance. The rationale for selecting this metric is that it arises in the constrained
optimization problems of maximizing expected revenue subject to keeping vari-
ance of revenue less than a given value, and that of minimizing variance of
revenue subject to keeping expected revenue larger than a value. The optimal
policy selects a number of ads to place in the feed and may place an ad several
times in the feed. The number of selected ads may be small or large, depend-
ing on what is better for the objective above. The optimal policy may place
an ad more times after posts that induce small click probability or fewer times
after posts that induce larger click probability. An allocation policy x changes
the expected values and the variances of individual random variables that cor-
respond to placed ads in the feed, and hence it affects E[R(x)] and var[R(x)].
There exists a non-trivial coupling in the problem. The probability associated
with a certain ad placed depends on the specific position (post) through the
ad-post relevance, but it also depends on the post distance from the previously
placed ad.

If A =0 or it is very small, the objective is to minimize deviation of revenue
from the expected one. As the total expected revenue has no or little weight in
the objective, the platform is selective in choosing a subset of ads to allocate in
the feed such that the uncertainty in revenue is minimized. A large uncertainty
translates to potentially reduced revenue or to wasted advertising opportuni-
ties for the platform. Specifically, an ad allocation policy that would lead to
an ad clicking profile with few clicks would result in a smaller expected con-
sumed budget than the one that could potentially be consumed. On the other
hand, an ad allocation policy with an ad clicking profile with too many clicks is
also not desirable, since it would translate into wasted advertising opportunities
and advertising service that the platform would provide for free. That is, ad
clicks that correspond to ad budget beyond the apriori defined one do not incur
revenue until the budget is renewed. If A = co or it is very large, the aim is to
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t=1 t=2 t=3 t=4 t=5

Posts

Ads
a=1 a=2 a=3

Fig. 2. Example of a feasible ad placement in 7' = 5 posts. Ad 1 is placed after post
1, ad 2 is placed after post 3, and ad 3 is placed after post 4. The expected revenue
for this assignment is bi1p(ri1,1) 4 bap(ras, 2) + bsp(rsa, 1). For example, for ad 2, click
probability is p(res3,2) since the ad is placed after post 3 (hence the relevance factor
ro3) and at distance d2 = 2 posts from the previous ad, ad 1. Here, each ad is placed
in exactly one position in the feed; in our case, an ad may be repeated.

maximize total expected profit. In that case, the platform does not place empha-
sis on revenue uncertainty, and hence it is more tolerant to wasted advertising
opportunities.

The problem of ad selection and allocation so as to minimize the combined
metric above is formulated as follows:

N T
min (var[R()] = NE[RG)]) = min 3 ™ (02par(3) (1= par () = Noapar () )

X

a=1t=1
(7)
subject to:
> bapat(X)Tar < Ba, Vada€ A, (8)
and
N
Zmatgl,VposttET, (9)
a=1

with z.+ € {0,1}. Constraint (8) says that for each ad, the expected revenue
from policy x should be no more than its apriori budget, B,. Further, constraint
(9) says that at most one ad is placed after a post. Figure2 depicts an example
allocation policy of ads to posts, where each ad is displayed exactly once.
Problem (7)—(9) is a non-standard one. If ad positions were known, distances
d(-) between ads would also be known, and the problem would be to select
the ads to place in these positions. Even in that case, the problem would be a
generalized assignment (GAP) one on the bipartite graph of nodes AU 7T with
link weights bgpat(l — Dat) — AbaPat, for each link connecting ad a and post t.
The GAP problem is already NP-Hard [5]. The need to determine distances d,(+)
further complicates the problem, since the decision on distance d,(-) of an ad a
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Fig.3. A graph G corresponding to N = 2 ads and T" = 3 posts that illustrates
the mapping of the ad selection and placement problem to a shortest-path one. For
example, if the shortest path is s — (1,3) — (2,1) — ¢, this means that placing ad 1
after post 3 and ad 2 after post 1 minimizes the value of objective (7).

would affect the weights of links emanating from ad a but also the weights of
links for the ad to be placed after ad a.

3.1 Graph Model and Solution

We construct the following directed graph G. For each pair of ad a € A and
post t € T, we define a node (a,t). The easiest way to visualize it is if we place
nodes (a,t) in rows and columus; for each ad a, nodes (a,t), t =1,...,T are in
one row, and nodes corresponding to different ads are in different rows. Node
(a,t) represents the tentative placement of ad a after post ¢t. There also exist
two other nodes s and gq.

Next, we add links as follows. We add a link from each node (a,t) to nodes
(a’,t") with ¢/ < t. That is, for each ad a, we add links between nodes (a,t) and
(a,t") for ¢ < t. We also add links between (a,t) and (a’,¢'), for o’ # a and
t' < t. The weight of each link that points from node (a,t) to (a’,t') is

W(a,t),(a’ t') = W2p(rar, t —t)[1 — p(rag, t —t')] — Mbap(ras,t —t'). (10)

We also add a link from node s to each node (a,t) in the graph with weight 0
and a link from each node (a,t) to ¢ with weight

W(a,t),g = Uap(Tars )L = p(rae: )] = Noap(Tar, t) - (11)

For each node (a,t), let O(,+) be the set of outgoing links of node (a, t), i.e. the
set of links that originate from (a,t). The resulting graph is a weighted directed
acyclic graph (DAG).

Main observation. A path from s to ¢ in the weighted graph G corresponds
to an ad selection and placement policy. A minimum-cost path from s to ¢
corresponds to a policy that leads to minimum value in the objective (7). Nodes
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(a,t) that are part of the minimum-cost path correspond to ads a that are
assigned in positions t. An example graph G for N = 2 ads and T = 3 posts is
shown in Fig. 3.

First, consider the problem with the optimization objective (7) subject only
to constraint (9), while the ad budget constraint (8) is relaxed. From the dis-
cussion above, we deduce that finding a policy that minimizes the objective (7)
subject to constraint (9) is equivalent to finding a minimum-cost path from s
to ¢ in the graph above. The minimum-cost path from s to ¢ can be found
by running the Bellman-Ford (BF) algorithm, which also applies to graphs with
negative weights, as long as there are no negative cycles. In our case, the graph is
a DAG with possibly negative link weights, but with no cycles. In fact, a variant
of the BF algorithm can find the minimum-cost path for a DAG in O(|V| + |E|)
time, where |V is the number of nodes and |E||is the number of links of the graph
[6, Sect.24.2]. In G, there exist (NT + 2) nodes and O(NT?) number of links,
thus the algorithm runs in O(NT?) time.

Now, consider our problem with the optimization objective (7) subject to
constraints (8) and (9). In our formulation, the expected consumed budget for
each ad should not exceed B,. We associate each ad a with a “resource type”
a. For link e € O, from node (a,t) to node (a’,t') let ad a have budget
consumption d5 = bp(rq:, t—t') while other ads a’ # a have consumption dt, = 0
for that link. Furthermore, link e from node (a,t) to node ¢ has consumption
level d¢ = bap(ras, t) for ad a, and 0 for all other ads. Links from node s to nodes
in the graph have consumption level equal to 0 for all ads. The total consumption
level for ad a in a path p is da(p) = 3¢, dt.

A resource-constrained path p (where “constrained” refers to the total con-
sumed budget of a resource type, i.e., ad in it) from s to ¢ is feasible, if and
only if d,(p) < B, for all ads a € A, i.e. if it comprises links such that the total
consumed budget for each ad included in the path is more than B,. For ads that
are not included in the path, the inequality trivially holds since these ads do not
consume budget. The problem in this case is equivalent to a resource-constrained
shortest-path one, which is NP-Hard [5]. There exist several heuristics proposed
in the literature for solving the problem, see e.g., [7,8].

4 Numerical Evaluation

4.1 Setup and Data

We approach user ad click behavior as an instance of the two-class probabilistic
classification problem, where the two classes Cy and C correspond to the alter-
natives of not clicking and clicking an ad respectively. The way the user weighs
the attributes associated with an ad a (namely the relevance r, to the post,
and the distance d, from the previous ad) so as to reach a decision is modeled
through a logistic regression model. Given a vector of values x for the two ad
attributes, the ad is clicked with probability

1

Pr(Ci|x) = Fppe——

=o(w-x), (12)
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where o(y) = (1 + e ¥)~! denotes the logistic sigmoid function, while w - x
denotes vector dot product, and w is the vector of attribute weights. These
weights are learned from historical data and capture the significance that the
user places on the two different attributes and their values in reaching a decision.
Similarly, ad a is not clicked with probability Pr(Cylx) = 1 — Pr(C1]x). An
important property of logistic regression is that the objective for learning weights
w is convex, so there are no local optima involved.

Real datasets for native advertising are scarce to find, and studies on native
ads are either purely theoretical with no data experiments, e.g., [23,27], or they
use company proprietary data, e.g., [24,25] [26, Chap. 7]. Hence in this work, we
employ synthetic datasets to justify our claims and test our model. The training
dataset consists of triads of the form (r4, dg, ¢ ), where each triad represents an
ad a. In each triad, r, € [0,1] is the relevance to the post after which the ad was
placed, while d, € [0,1] is the distance from the previous ad, normalized with
a defined maximum possible distance between two ads, and ¢, € {0,1} denotes
whether the ad a was clicked or not. To set the value of ¢, to 0 or 1, we calculate
metric 0.5 X 74 + 0.5 X d,, and if this is greater than a configurable threshold,
which we take here to be equal to 0.75, then we set ¢, = 1, else we set ¢, = 0.

The classical loss function minimization approach with regularization was
used to train our algorithm [9]. For training, we generate 50 triads and for testing
we generated 1,000 (r,d)-pairs. Given the trained logistic-regression model, we
estimate the ad click probabilities through the sigmoid function. We create a
pool of 50 ads and in each experiment, we select T' = 20 posts and we draw from
the pool a certain maximum number of ads, K.x to include in the feed. For
simplicity we take the bid b, = 1 and the apriori budget B, = 5 for each ad.

The resource-constrained minimum-cost problem (7)—(9) was solved with the
Lagrangian relaxation heuristic from [7], and the parameters were selected so
that problem feasibility was not an issue. Based on [7], we can show that the

Variance of revenue as function of calibration parameter A
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Fig. 4. Variance of revenue as a function of A\ for different values of ad pool size,
Komax = 2,5, 8.
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Total expected revenue as function of calibration parameter A
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Fig. 5. Expected revenue as function of X for different ad-post relevance.

algorithm runs in O(N2T*log*(NT?)) time. Note that the algorithm does not
need to solve the problem in an online fashion, but rather it pre-computes the
position of ads in a post feed, hence the algorithm requirements in execution time
(and thus, complexity) are not so stringent. Although the scale of the problem
will be larger in practice, our conjecture is that the trends will remain the same,
as only the associated parameters of the optimization problem will change.

4.2 Numerical Results

In the first set of numerical experiments, we assess the impact of calibrating
parameter A. In Figs. 4 and 5 we depict var[R] and E[R] respectively as a function
of X for a maximum number of ads to be placed in the feed K.« = 2,5 and 8. For
each value of \, we solve the resource-constrained shortest-path problem, and for
the solution path we measure var[R] and E[R] by summing the corresponding
link costs over path links. Each value in the plot corresponds to the average
value over ten experiments, where for each experiment the pool of ads and the
set of T = 20 posts are varied. Both the variance of revenue and the expected
revenue are seen to increase as \ increases up to a certain value i.e., A\ = 2, while
for values A > 2, the respective values of variance and expected revenue are
almost stabilized, or they change slightly. This fact demonstrates the tradeoff
that, if the platform wishes to increase revenue, it would have to tolerate higher
variance, i.e., higher uncertainty in revenue. As A increases, link costs decrease,
and therefore more ads tend to be placed in principle in the feed. This results
both in higher var[R] and E[R].

The second observation from Figs.4 and 5 is that as the value of Kp.x
increases, both the expected revenue and the revenue variance increase, albeit
the difference in the increase of these metrics decreases, as K.x increases.
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In a second set of experiments, in Figs.6 and 7, we plot var[R] and E[R]
respectively as function of A\ for different values of average ad-post relevance,
which were produced by changing the parameters of a uniform distribution with
which we generated different ads. The value of K,.x was 5. We observe that a
higher ad-post relevance resuts in higher var[R] and E[R] as expected, because
of the raise in click probability. A moderate change in relevance seems capable
of making a difference both in expected revenue and revenue variance. The same
behavior as that in Figs.4 and 5 is observed with respect to .

V335iance of revenue as function of calibration parameter X for different ad-post relevance
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Fig. 6. Variance of revenue as function of A for different ad-post relevance.

Expected revenue as function of calibration parameter A for different ad-post relevance
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Fig. 7. Expected revenue as function of A for different ad-post relevance.
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5 Related Work

In sponsored-search auctions that are used in web search advertising, ads are
ranked based on expected profit, which is the product of bid and click-through-
ratio (CTR), i.e., the probability that the ad will be clicked. When the user
clicks on an ad at the k-th position with bid by and CTRg, the advertiser pays
bi+1 X CTRg1 according to the Generalized Second-Price (GSP) auction [10,11].
In [12], a variation of GSP is presented, where each ad bid undergoes a fine, equal
to a metric of negative impact of the ad on user experience. Advertisers that are
charged with large fines are less willing to enter the competition, and thus the
platform becomes more attractive to other advertisers. Under certain conditions,
the winners’ gains in this new less crowded setting may supercede payments due
to fines, and thus overall winners are benefited.

A recent thread concerns ad allocation through stochastic optimization. In
[13], the optimal-auction framework is used for the single-slot revenue maximiza-
tion. The optimal policy is to allocate the slot to users in decreasing order of
qiv; where g¢;, v; are the selling probability and valuation of user i. In [14], the
authors use Lyapunov optimization for the problem of maximizing long-term
average revenue for a web-search service provider by dynamically allocating ads
to webpage slots in the presence of dynamic keyword query arrivals, subject
to a long-term average budget constraint. The work [15] studies the problem
of allocating budget-constrained advertisers in each keyword auction round so
as maximize the likelihood of ad click or to reduce advertiser cost per click.
Dynamic actions under limited budget over the entire horizon are studied in [16]
through the lens of multi-armed bandit theory.

Another thread that relates to advertising is social influence, which involves
positive externalities, namely that the benefit from influencing a user comes also
from indirect influence of that user onto others. The seminal paper [17] for-
mulates the problem of influence maximization as one of selecting a subset of
users (seeds) to advertise to so that the cascading effect in the graph reaches the
maximum number of users. They show that the problem is NP-Hard and pro-
pose a greedy algorithm with constant-factor approximation guarantees based
on sub-modularity properties of the set function of anticipated influence. Vari-
ous extensions have been considered, e.g., on optimal marketing strategies that
include pricing and the sequence of offers to social-network users that may or
may not respond strategically [18,19], and on user targeting for global opin-
ion maximization under a game-theoretic model for opinion formation [20]. The
work [21] studies ad allocation to social-network users under a certain diffusion
model and topic-based influence. The host aims on leveraging virality to improve
advertising efficacy, while avoiding giving away free service due to uncontrolled
virality. The problem is to allocate ads to minimize regret, defined as the absolute
difference between the expected revenue and the budget of each ad. Social dif-
fusion in ads is also considered in [22], where the joint problem of targeting ad
impressions to users and of scheduling them in time is studied with the aim
to maximize expected number of clicks. The work [23] considers the problem
of selecting a set of ads and the number of times to display each ad so as to
minimize the error in estimating the true CTR of ads.
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Native ads have spurred interest of the research community in the last two
years or so, aiming at improved used experience, see e.g., [24,25] [26, Chap. 7].
The works [24,25] aim to predict ad quality by focusing respectively on post-click
user behavior on the ad landing page, and on user feedback about offensive ads.
In a related work [27], the problem of ad placement in a stream is addressed.
The model involves a probability that the user will reach to the ad, which is
decreasing function of the number of ads shown previously. Given a set of ads, a
reward and a set of candidate positions to place each ad, the objective is to find
an ad placement that maximizes total reward. An approximation algorithm is
proposed, albeit the computational complexity of the problem is not character-
ized. The authors also use the optimal-auction framework to design a mechanism
that is truthful and approximately optimal in terms of revenue.

6 Conclusion

We study native advertisement selection and placement in the post feed of a user,
and we optimize a metric that combines expected platform revenue and revenue
uncertainty. Ad click probabilities are derived with a machine-learning model
that maps the key attributes of post-ad relevance and distance from the previous
ad to click probability. Next, these ad click probabilities are engineered and
adapted through ad selection and placement in the feed to achieve the objective.
We showed that the problem becomes a resource-constrained minimum-cost path
one.

To the best of our knowledge, both the problem and the model are novel.
The model is amenable to various extensions such as the one for multiple user
feeds, thus encapsulating the relevance of an ad to personalized user profile as a
factor that shapes click probability. In that case, personalized user models for ad
click behavior would be needed. Other attributes that shape ad click probability
could be included in the model as well, such as ad quality. We are currently in
the process of designing a larger-scale real-life experiment with training and test
data that come through some hundreds of real users on tentative Facebook feeds
and ads presented to them through a mobile app.
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