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ABSTRACT 1 INTRODUCTION

This paper considers the automation of a typical complex adver-
tisement scheduling system in broadcast television (TV) networks.
Compared to traditional TV advertisement scheduling, we consider
the case where not all requests for advertising slots are known at the
same time, and time-consuming negotiations related to balancing
the TV network’s and advertisers’ priorities have to be minimized.
Although there are existing works that automatically provide sched-
ules using mathematical optimization, the applicability of these
techniques to our problem is limited due to the cumbersome for-
mulations necessary for handling vague conditions and aesthetic
domain-specific rules necessary for advertisers’ satisfaction.

To automate the system, we propose a data-driven approach that
uses intention learning on top of mathematical optimization and
clustering to imitate the decision-making process of scheduling
experts. The scheduling of TV ads is automated via mathemati-
cal programming, and the expert objectives and constraints are
learned from historical demonstrations using inverse optimization.
The clustering of TV ads and the learning of associated intentions
are used to deal with the cold start problem related to ad requests
from new companies or products. Our proposed system is validated
on actual dataset from a Japanese TV network. Experiments show
that our system can more closely reproduce the experts’ schedules
compared to standard optimization approaches, demonstrating the
potential of our work in reducing personnel costs and improving ad-
vertisers’ experience. Based on its promising results, our proposed
system is being prepared for commercial deployment.
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Advertising in broadcast television (TV) is one of the most effective
marketing strategies for promoting goods, services or even com-
pany brand image to a wide range of potential customers. In Japan,
TV advertisements (ads) dominate and make up around 30 per-
cent (2 trillion yen) of all advertising media in 2018 [15]. In recent
years however, online ads have become increasingly popular, which
threatens the growth of advertisement (ad) spending on TV. Due to
this intense competition, TV networks are determined to improve
their operational efficiency, which makes them inclined to undergo
automation of traditional processes and employ techniques that
leverage their own data.

Unlike highly automated online ads, traditional TV ad scheduling
is still done manually, and there are several unique obstacles to
consider before a high level of automation can be achieved. One is
that compared to online ads in which the assignment is a matching
problem between specific individuals going online and goods they
may prefer, TV ad scheduling deals with a very limited number
of slots to which the most suitable TV ads should be assigned.
This problem is more complex as conflicts arising from different
advertisers’ requirements are needed to be resolved in order to fill
up all available slots and maximize the TV network’s revenue.

Another issue is that there is a large number of factors in TV
ad scheduling that are not easy to model mathematically or be
associated to simple attributes. In online ads, the customer type
can be observed and the effect of the ads can be measured from
their reactions. In contrast, TV ad scheduling still heavily relies
on human intuition as effects depend not only on time, but also
on the program and ad contents, genre, actors, and other brands
that will be shown. Examples of objectives or constraints coming
from human insights are: (i) a company’s ad should not be placed
in a particular program or near another ad as the company’s brand
image will be affected, (ii) ads of competing products should be
separated and not located at the same time of day because their
commercial effects are cut in half. These constraints are carefully
considered by TV network experts, and this makes it difficult to
apply existing techniques similar to those used for online ads.

There already are several efforts made for automating TV ad
scheduling, notably in the operations research area using math-
ematical programming techniques [5-7]. However, these efforts
have been successful in only a limited number of TV networks so
far, as it is very costly and needs several customizations in order
to fit different TV network operation styles. This is in contrast to
the more common solution that can be found for online ads. Also,
compared to traditional settings, the following has not yet been
fully considered: first is that not all TV ad requests for slots are
known at the same time, and second, time-consuming back-and-
forth negotiations with a customer’s advertising agency should be
reduced. These conditions are very common, and although having
an auction-style system for TV ad scheduling can be advantageous
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to the TV network, an on-demand style wherein advertisers receive
schedules for their ad requests quickly can do a lot in terms of
improving advertisers’ satisfaction and experience. Due to these
reasons, most TV networks have not yet achieved automation of
their ad scheduling systems.

To address the above problems and provide a more flexible and
data-driven approach to the automation of TV ad scheduling sys-
tems, this paper proposes the use of intention learning on top of
mathematical optimization and clustering. Our proposed system
can imitate the decision-making process that TV clerks or experts
perform to create schedules that satisfy their advertisers. Inten-
tion learning approaches have been gaining increasing popularity
recently, and many advances have been made in what are called
inverse reinforcement learning (IRL) [20] and inverse optimization
(IO) [2] techniques. In this work we consider the use of IO as the
scheduling operations can be more simply assumed to be based on
solving an optimization problem, instead of employing a Markov
decision process as in IRL. Like other intention learning approaches,
IO enables us to learn objective functions and constraints from his-
torical demonstrations of human experts, without requiring them
to explicitly state their intentions, rules or preferences. The insights
from the experts learned from data are then used in a mathematical
program to automatically generate schedules that can improve both
the TV network’s revenue and advertisers’ satisfaction. For the ap-
plication we are considering, we propose the use of a probabilistic
formulation of inverse optimization as in the IRL technique in [28],
which is based on the principle of maximum entropy [16].

In addition, we also deal with the associated cold start problem,
where a TV ad request from a new company or product comes and
clearly no historical information is available. This is resolved us-
ing a hierarchical clustering method. Once meaningful clusters are
learned, we then apply IO to recover intentions that apply to entire
product categories. Such representative intentions are then used in
helping to choose a suitable objective function in the mathematical
program. The proposed solution for automating TV ad schedul-
ing is thus a synergy between inverse optimization, mathematical
programming and clustering techniques, and we apply it to a real
dataset from a Japanese TV network and show the potential of the
system in improving TV clerks’ productivity.

Our main contributions are summarized as follows:

(1) We develop an inverse optimization method which learns the
expert objectives and constraints for use in a mathematical
program we formulate for TV ad scheduling.

(2) We solve an associated cold start problem by applying a
suitable clustering method and recovering intentions for the
learned ad clusters.

(3) We demonstrate a high level of scheduling automation and
imitation of experts using actual data from a TV network.

The rest of this paper is organized as follows. Section 2 discusses
related work. Section 3 describes the problem in detail by referring
to the workflow in an actual Japanese TV network. In Section 4, we
propose a probabilistic inverse optimization technique for learning
experts’ objective functions and constraints. We also describe how
the cold start problem is addressed. Section 5 shows the experimen-
tal results of applying our proposed system on the actual dataset.
Finally, we conclude our discussion in Section 6.
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Figure 1: An overview of the TV ad scheduling workflow.
The two deep blue cylinders represent input data in the
learning phase.

2 RELATED WORK

The earliest works that deal with the problem of TV ad scheduling
are described in [5-7], with the developed systems having been
deployed at NBC in the US. These works resolve conflicts aris-
ing from advertisers’ requests using mathematical programming
techniques and automatically generate ad schedules. Similar works
include [21, 23], which present methods for generating schedules
that maximize advertising revenue.

In our problem however, employing such techniques is not suf-
ficient, as we want to deal with negotiations that involve many
subtleties related to the relationships between different advertisers
and the TV network. Moreover, we assume that ad requests ar-
rive, and corresponding schedules are created, one at a time. These
constraints require a different approach to ad scheduling.

Inverse optimization [2] is a technique for learning from demon-
strations that has been getting popular recently. Due to their po-
tential in improving decision-making tasks using expert demon-
strations, IO techniques have been developed in many different
situations, such as in online settings [4, 9], imperfect observations
[3, 11], multi-objective settings [8, 10] and robust optimization [14].

Another related group of techniques is based on IRL [1, 20]. Com-
pared to the IO setting, many IRL techniques [24, 28] are based on
a probabilistic setting and can be treated in a maximum likelihood
or maximum a posteriori estimation framework. An advantage of a
probabilistic model is that suboptimal behavior can be explained
as noise. In particular, the MaxEnt IRL approach [27, 28] has been
shown to be a state-of-the-art approach to recovering an expert’s
objectives given past demonstrations or trajectories. We thus adopt
the same approach to develop a probabilistic inverse optimization
technique.

3 PROBLEM DESCRIPTION

In this section we describe the problem in detail and give a formula-
tion of TV ad scheduling as a mathematical optimization problem.

3.1 Scheduling Workflow

An overview of the TV ad scheduling workflow in a TV network in
Japan is shown in Figure 1. A brief description is given as follows.
First, an advertiser sends ad request data to a TV clerk. Second,
based on the ad request, a TV clerk has to quickly create a schedule
that meets as many of the advertiser’s requirements as possible,
but at the same time, a high importance to the interests of the TV
network is taken into account. Third, a version of the schedule is
shown to the advertiser, and several negotiations occur wherein
both sides try to find a mutually acceptable schedule. This goes un-
der multiple iterations and is the most difficult and time-consuming
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part of the workflow. The operation is finally completed once a
suitable schedule is found.

The workflow described is followed by about 15 clerks that ex-
ecute the tasks simultaneously, and in each month, they create
about 750 schedules in total. For such a large number of TV ads,
the repetition of exploratory trial-and-error is a cumbersome and
time-consuming job. However, the automation of this particular
workflow is hindered by three main issues.

The first issue is related to how a schedule that satisfies certain
requirements can be automatically created. This can be solved
using mathematical optimization. Although there are some previous
works related to this, we have to formulate our own optimization
problem to create schedules using features or constraints that are
relevant to this particular situation.

The second issue deals with how negotiations between the TV
network and an advertiser can be minimized or avoided. As the
negotiations are done to find a schedule acceptable to both sides,
this can be considered to be a process of tuning importance weights
of an optimization problem. This has not been considered before in
advertisement scheduling, and we solve this problem via inverse op-
timization. Once the parameters or intentions for a particular brand
or product are recovered from historical data, they can be used in
the formulated optimization problem to automatically generate a
suitable schedule.

The third issue relates to a cold start problem, which considers
how a schedule can be created given an ad request from a new
company or product. To solve this problem, we perform clustering
on the past ads to build groups of ads that exhibit similar schedules
or broadcasting strategies. Inverse optimization can then be applied
to recover intentions present in the ad clusters. The intentions are
then used in automatically generating schedules for new ads.

In summary, we consider the following for automating our spe-
cific workflow:

e automatic scheduling with constraints via mathematical op-
timization,

e learning intentions or data-driven tuning of a mathematical
program via inverse optimization, and

e solving the cold start problem by clustering and learning
representative intentions.

By solving the above issues, we develop a system which automati-
cally creates schedules similar to what TV clerks intend, with no
heavy modifications necessary and reducing the cumbersome part
of TV ad scheduling.

3.2 TV Ad Scheduling Formulation

We first consider the problem of ad scheduling. We assume that TV
clerks solve mathematical optimization problems to come up with
reasonable schedules of the ads during their contract periods.

The ad request data received by TV clerks contain the advertiser’s
preferences about how they want the ad to be broadcasted, by
indicating, for example, their desired contract period, the duration
of the ad, time constraints, and their required total gross rating
point (GRP) [13], which gives a measure of the size of an advertising
campaign based on impressions.

The total GRP requirement is the minimum which must be ac-
quired during the contract period. Clearly, it is possible for an ad
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Figure 2: An example schedule for a beer TV ad, with con-
tract period 2018/9/28-2018/10/7. The rectangle boxes are TV
programs and all of the colored horizontal bars indicate the
places where the TV ad is broadcasted. The line style repre-
sents the duration of the TV ad (in this figure, only 15 sec-
onds), and the color shows the slot type, which may indi-
cate that the ad is broadcasted between two different pro-
grams (SB), within one program contents (PT), or others
(CC and HH). The ads for alcoholic drinks in Japan are not
broadcasted between 5:00 a.m. and 6:00 p.m. because of self-
restraint [18], so the ads only appear in night slots.

to acquire extra GRPs, but it means that a TV clerk has created an
inefficient schedule for the TV network since it relates to missed
opportunities to put in other ads.

An example of an ad schedule is shown in Figure 2. Note that
the timing of the ad requests depends entirely on the advertisers, so
they are usually sent one at a time and schedules have to be created
for individual ads. The scheduling is the assignment of ads into
multiple slots belonging to different TV programs. The orders of
different TV ads in each slot are strongly considered only if there is
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enough information that can be used to relate it to the program and
other ads. Each slot has a duration time alloted for broadcasting ads,
and the value of a slot is affected based on its “slot type,” which may
refer to whether it is between two different programs or between
program contents.

In many cases, the remaining slots may not have enough space
for new TV ads as duration times or GRPs have already been taken
by earlier requested ads, so the clerk moves some earlier ads to other
places after negotiations with other clerks. Moreover, once a TV
clerk has created a working schedule, the negotiation process with
the advertiser starts. Note that this also involves negotiations with
other clerks for checking the consistency of the entire schedule. The
schedule usually undergoes several modifications until a version is
accepted by the advertiser.

Ad requests may include the target audience, the names of pre-
ferred or unacceptable programs or program genres, and so on.
However, these information are not available in standard form, and
they are very difficult to process as they are written using unique
terminology and not based on standard abbreviations.

Thus, when scheduling an ad, a TV clerk must consider

o the satisfaction of the advertiser’s requirements,

o the remaining seconds of each slot,

o the balance between the TV ad and other ads, and
e possible adjustment with other clerks.

Based on the above description, we are now ready to formu-
late our mathematical program. In the overall scheduling problem,
the tradeoff between all the advertisers’ intentions and the TV
network’s objectives needs to be considered. On one hand, adver-
tisers want to broadcast their ads in a way that maximizes cost
performance, that is, to maximize GRP while satisfying imposed
constraints for keeping their brand image. On the other hand, the
TV network wants to satisfy the advertisers’ requirements with the
smallest number of slots possible to reserve some space for newer
ad requests, so that revenue can be increased. Thus, the objective
function for the overall problem can be represented in the form

J=wioiov + Z WadvJadvs 1
adv
where wy, and w,g4,, are weighting parameters which represent
the relative importance between the terms important to the TV
network and the advertisers, respectively.

However, in the actual workflow, each TV ad request arrives one
at a time, and the TV clerks need to create the schedules as quickly
as possible. To fit their workflow, we formulate an optimization
problem for creating a schedule for one TV ad at a time. In this
case, we can consider an objective function J; for scheduling TV
ad i as composed of two major parts, one for the TV network and
one for the advertiser of the particular ad. The objective function
Ji for scheduling a TV ad i can then be described as

@

Now let x;, j be the decision variable, where x; j = 1if TV ad i is
put into slot j, and 0 otherwise. The whole schedule can then be
represented by a column vector x; € {0, 1}", which contains all
xi,j’s with n; being the total number of slots in the contract period
of TV ad i. Constraints are represented simply as x; € X (u;), where
u; is the parameter that depends on the advertisers’ requirements.

Ji = Wi toJito + Wi adoli ado-
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For simplicity, we assume that each objective function part is an
inner product of a parameter 6 and a feature vector of the schedule
of the ad ¢ (x;), so by combining the parameters w and 6, we can
write the objective function J; in the form

Ji = 6] 1 bro (xi) + 6] 1y bado (xi) - (3)

One can then combine the parameters and features and write the
optimization problem used for scheduling a TV ad i in the form

max 0] ¢ (x;) )
x; €{0,1}"i
s.t. xi € X (u;). (5)

Features of the schedule which are important to the two sides are
used. For example, for the TV network, the total remaining seconds
of the slots is necessary as if its value is small, then there is no more
space for other TV ads. On the other hand, for the advertiser, the
GRPs acquired at each time is considered. The features can also be
chosen in a way that the resulting optimization problem will be at
most quadratic to prevent expensive computations.

As a result, the following features are extracted from the sched-
ules and used to represent the TV network’s features ¢4,

o The total remaining seconds of all slots after scheduling.
o The total remaining seconds of only the most expensive slots
after scheduling.

On the other hand, the following are considered as relevant to the
advertiser’s features ¢, 4,

Total GRPs acquired at each time slot.

Total GRPs acquired during weekdays.

Total GRPs acquired for each slot type.

Total GRPs acquired for each time rank, which reflects the
price rank of the slots.

The main constraints we use are listed below, all of which can
be represented in linear form:

o The remaining seconds for each slot after scheduling should
be nonnegative.

o The total acquired GRPs must not be less than required.

e Time constraints of TV ads, if available, should be satisfied.

Note that if we allow situations where a TV ad can be placed in
one slot many times, we need to consider the relationship between
the different TV ads to avoid concentration into the best slot. How-
ever, the problem becomes highly nonlinear and difficult to solve.
For simplicity, we add a reasonable constraint in which the number
of ads in the same slot is at most one.

4 AUTOMATED TV AD SCHEDULING

As is done traditionally, ad schedules can be obtained automatically
by solving optimization problems such as (4) in the previous sec-
tion. However, using such an approach by itself may not be able
to capture different nuances that exist considering the relations
between the TV network and the different advertisers or brands.
Our fundamental idea is to capture those intentions by applying
inverse optimization, which can give us the clerk or expert param-
eters 0; in (4) by learning from their previous demonstrations. This
allows us to generate schedules automatically that are close to what
are intended by using the learned parameters in the optimization
problem (4).
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Figure 3: A rough sketch of the entire system configuration.
The learning and scheduling components replace the back-
and-forth negotiations shown in Figure 1.
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To fully deploy the system, we have an additional issue related
to the cold start problem, in which we do not have any learned
objective for ads from new products or brands. To overcome this
problem, we develop an approach that applies a clustering method
on the past TV ads, and then learn objective functions for each
cluster. For the new TV ads, once they are assigned to a suitable
cluster, we can then create expert schedules using the learned ob-
jectives. An additional benefit to this approach is that the learned
objective functions can avoid overfitting to the past data because
of the variety of schedules present in the learned clusters.

4.1 Solution Overview

Our system is divided into two parts, a learning component and
a scheduling component. Figure 3 shows a rough sketch of the
configuration of the entire system.

The learning component is for preprocessing and has two main
tasks, clustering the TV ads and applying inverse optimization to
each cluster. We first apply a suitable clustering method to past TV
ads to get clusters of schedules with similar broadcasting policies.
We then apply IO to each cluster to learn the objective functions
that represent each cluster from the expert schedule data of all
cluster members. Note that we assume that TV ads with similar
broadcasting policies have similar objective functions. In this com-
ponent, the TV ad request data and expert schedules are the inputs,
and the TV ad clusters and the cluster objective functions are the
outputs.

The scheduling component creates schedules for input TV ads.
Once this component receives TV ad data, it chooses a suitable
cluster based on its broadcasting policy and characteristics. After
cluster assignment, an optimization problem using the learned
objective for the cluster is then solved to get a suitable schedule for
the TV ad.

4.2 TV Ad Clustering

Ideally, we want to perform clustering of broadcasting policies us-
ing informative TV ad attributes such as program preference or
target audience. In our case however, we are not able to use such
information as they are either written in free format, difficult to be

3075

KDD ’19, August 4-8, 2019, Anchorage, AK, USA

processed, or simply unavailable. We therefore applied clustering
on the features extracted from the historical expert schedules. As-
suming that the program genres are determined by broadcasting
time and day of week, it is possible to satisfy the related constraints
by checking the time and day related features. However, in the
scheduling phase, it is not possible to choose a suitable cluster au-
tomatically for new TV ads as there are no available schedules that
can be used as training data. So in this case we ask the TV clerks
to choose the clusters manually by showing them information or
features related to different clusters. This is a temporary problem,
as the clusters can be updated once the relevant information be-
comes available. By choosing a suitable cluster, the clerks can then
automatically generate the schedules.

For clustering, we choose the agglomerative hierarchical cluster-
ing method [25]. This is because the broadcasting policies of TV
ads are created in a hierarchical manner, for example, the target
audience may be determined first based on characteristics of the
product, and then the preferred programs can be selected based
on the preference of the target audience. The agglomerative hier-
archical clustering algorithm is described as Algorithm 1. For this
algorithm, we need to make two choices, a linkage criterion which
is a distance function between two clusters, and a distance function
between two schedule features.

Algorithm 1 Agglomerative Hierarchical Clustering

Input: Data points D = {x1,...,xn}.
1: Create n disjoint clusters so that all of the clusters have only
one member.
2: while the number of clusters is not equal to one do
3. Compute distance between all pairs of different clusters.
4 Combine two clusters which have the minimum distance
among all the pairs.
5: end while

For the linkage criterion, we apply the complete linkage method
as it tends to create spherical clusters which have approximately
equal diameters [12], allowing us to get clusters that each have
a reasonable number of members. In the criterion, updating the
distance between two clusters is based on the following: when
combining clusters ¢, and c;, to get a new cluster ¢, p, the distance
d between the new cluster ¢, ; and another cluster ¢ is given by

d (ck, cqp) = max {d (cx,cq) ,d (ck.cp)} - (6)

We apply the clustering method using features ¢, ,, relevant
to the advertiser, which are extracted from the expert schedules.
An example of this kind of feature can be the GRPs acquired on
each weekday. The length of the feature vector does not have any
particular importance. To illustrate, when we have two different TV
ads with total GRP requirements 100 and 200, and the respective
acquired GRPs on Monday and Tuesday are 70% and 30% in both
schedules, we assume that these two have similar broadcasting
policies. To identify such TV ads, we apply the cosine distance to
measure the distance between feature vectors of their schedules.
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The distance between two schedules is given by

d (Gado (x1) - bado (x))) %)
=1-cos (¢adv (xi) s Pado (xj)) ®)
_ Pado (xi)T Pado (xj) ©)

" Nado &0 2l $ago (x) 12

where ||x||2 is the £2-norm of the vector x.

4.3 Inverse Optimization

After TV ad clustering, we perform inverse optimization to learn
objective functions for each cluster. Compared to earlier IO tech-
niques, we consider a probabilistic IO approach based on the prin-
ciple of maximum entropy [16], which we refer to as MaxEnt IO. A
description of the algorithm is given below.

We treat inverse optimization as a maximum likelihood esti-
mation problem. Thus, the solution to the inverse optimization
problem is obtained by solving

ma)r(l¢p(Xc|90), (10)

0. €R
where
o 0. is the expert parameter of cluster c,
e ny is the dimension of the range of the feature map ¢, and
o X = {x1,x2,...,xm} is the set of expert schedules of all
member ads in cluster c.

For tractability, we assume that the schedules in X are indepen-
dent, so we can decompose the likelihood as

m
p(Xclfe) = | [p(xile)- (11)
i=1
We can thus write (10) as
max L (6.), (12)
0.eR"®
where
m
L(0c) = ) logp (xil0e) - (13)
i=1
To maximize the above we can then use gradient ascent [26]:
2™ = 0214 + VL (62) (14)
m
=02+ @y Viegp (xil629), (14b)

i=1
where « is the step size.

For the likelihood function p (x;|6.), we use the following distri-
bution which results from entropy maximization as discussed in
the case of MaxEnt IRL [28]:

1
Z(6e)

where Z(0.) = lefex(ui) exp (taﬁ (xl’)) is called the partition
function. Using the likelihood function above, the gradient is then
given by

Vlogp (xil0c) = ¢ (xi) = Ep(x:0,) [¢ (xz’)] g

p (xil0e) = exp (006 (x1)). (15)

(16)
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where the first term is the feature vector from the expert schedule,
and the second term is the expected value of the features of the
generated schedules based on the current estimated parameter. To
get the value of the second term, we need to solve the forward
optimization problem (4) and (5). As in [28], the value of the second
term can be approximated using sample-based techniques. In this
case in particular, the expected feature value is approximated by
the feature value of the generated schedule given the conditions
for ad i. We thus use the following approximation to the gradient:

Viogp (xiloe) ~ ¢ (xi) — ¢ (x]) . 7
As a result, by substituting (17) for (14b), the parameter update
equation is given by

e = 021 + @

(18)

s

Il
—-

(6 (i) -9 (x]))-

1

The MaxEnt IO algorithm is summarized as Algorithm 2. We

also summarize the components of the TV ad scheduling system in
Algorithms 3 and 4.

Algorithm 2 MaxEnt IO for cluster ¢

Input: Expert schedules X, = {x; };’; , of all ads in cluster c.

Output: The expert parameter vector 0.
1: Set the number of parameter update steps T and step size a.

2: Initialize the parameter égl).

3: fort=1,...,T do

4 Xﬁt) « Solutions of the forward problems (4) and (5) under
the parameter éﬁ” for all ads in cluster c.

s VL(0) e 2 (6 - 6 (x7)).
o O < O avL ().

7: gnd fqr
8: Qc — 0£T+1).

Algorithm 3 Learning Component

Input: All past ads and their expert schedules.
Output: Ad clusters C {c1,...,cn} and expert parameters
{0c,....0, }.
1: C « Ad clusters as obtained from the clustering method in
Algorithm 1.
2: fork=1,....,ndo
3: éck « Expert parameters for cluster c; as the output of
MaxEnt IO in Algorithm 2.
4 end for

5 EXPERIMENTS

In this section we check the effectiveness of our proposed sched-
uling system using a real dataset from a Japanese TV network.
The target ads we use have contract periods belonging to the du-
ration 2018/07-2018/12. An order to the ads is given based on the
timestamps they were submitted to the advertisers, and we create
schedules using that order one at a time. We then divide the time
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Algorithm 4 Scheduling Component

Input: Ad clusters C, objective parameters {éel s b, } and new
TV ad i.
Output: Schedule x; of the new TV ad i.
1: ¢ < Choice of most suitable cluster for the new TV ad i from
cluster set C.
2: x;j < Solution of the forward problem (4) and (5) based on the

expert parameter 0¢, of cluster cg.

Table 1: Some TV ads belonging to clusters chosen in Figure
4.Each member ad is represented using its product category.

| Cluster A | Cluster B | Cluster C | Cluster D ‘
Soda 1 Detergent 1 Beer 1 Beauty salon
Soda2 | Online supermarket | Beer 2 Camera retailer
Soda 3 Detergent 2 Beer 3 Truck
Soda 4 Consumer goods Beer 4 | Tourism promotion
Soda 5 Detergent 3 Sake Smoking manner

series data into training and validation data sets, with 70% (about
2,300 ads) for training and the remaining 30% (around 1,000 ads) for
validation. The training data is used in the learning component and
the validation data is for testing the ability of the entire system.

5.1 Insights from Learning Component

We first describe the results of the learning component, which is
comprised of TV ad clustering, IO and cluster assignment.

5.1.1 TV Ad Clustering. We extracted the advertiser features ¢4,
from each expert schedule, and applied the agglomerative hierarchi-
cal clustering method with the complete linkage criterion. To get
clusters from the result, we need to choose a threshold value. If the
value is too large, the clusters can be too abstract to get meaningful
objective functions. On the other hand, if the threshold value is too
small, manually choosing the most suitable cluster for the new ad
in the scheduling phase can be too difficult to the TV clerks because
of the large number of choices. By considering this tradeoff, several
values have been analyzed and the threshold is chosen to be 0.3,
which resulted in 64 clusters. The piechart in Figure 4 shows the
relative sizes of the clusters over all available TV ads.

Due to the complete linkage method, spherical clusters with
approximate equal diameters are created, so we can approximate
the centers with the average points among overall feature points
in each cluster. To check the reasonability of the clustering result,
we pick some representatives from the clusters in order of their
closeness to the approximate centers. Table 1 shows some of the
representative members.

In Figure 4, we can see that some clusters have many members
while other clusters are relatively small. Large clusters are expected
to be formed as there are many TV ads for which the target audience
covers a wide spectrum, which means that they do not have a very
strong or specific broadcasting strategy. As an example, the largest
cluster, cluster D in Figure 4 and Table 1, has camera and tourism
ads as members, and they are favored by all ages and considered
popular hobbies. The large clusters have these TV ads that appeal

3077

KDD ’19, August 4-8, 2019, Anchorage, AK, USA

Figure 4: The piechart represents the relationship among
the sizes of the clusters. The highlighted clusters correspond
to those used in Table 1.

to a wide age range, so scattered placements are preferred to make
a large variety of people familiar with the products, and thus the
schedules do not have any very remarkable features.

There are also clusters having an intermediate number of mem-
ber ads, each having a more targeted advertising approach. For
example, consider clusters B and C in Figure 4, which have the
kinds of products as shown in Table 1. Cluster B can be interpreted
as an ad cluster targeting homemakers. These ads are broadcasted
in the daytime as many homemakers and retired people watch TV
shows during that time and other people are in offices or schools.
On the other hand, cluster C is comprised of alcoholic drink ads.
Alcoholic ads are not broadcasted in the daytime due to some self-
restraint by beverage companies, and this is considered a very
remarkable feature for this cluster.

Finally, the clusters which have a very small number of members
can be divided into two types: the outliers and the characteristic
advertisers. The latter specifically means that such clusters have
only one kind of product of the same company, so they apply their
original or unique policy for broadcasting their ads, as in cluster A
in Table 1. This example cluster has about 20 members, and all of
them are ads of the same soda drink.

One sees from the above that for TV clerks to satisfy as many
requirements as possible, the schedules of the ads in the small and
intermediate clusters can be created first, and the ones for the large
clusters can then be created using the remaining slots. As a result,
we conclude that member ads of the small or intermediate-sized
clusters can be prioritized more than the ones belonging to large
clusters.

5.1.2 MaxEnt I0. A learning curve from MaxEnt IO that describes
the evolution of the difference between the feature vectors extracted
from the expert and generated schedules is shown in Figure 5. The
distance increased suddenly in the first update due to the choice
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Figure 5: The learning curve of a house cleaning tool ad in
Cluster B. The vertical axis represents the cosine distance
(in log scale) between the features of the expert schedule and
the generated schedule.

of initial parameters, which only gives importance to the priorities
of the TV network. Observe however that after a few parameter
updates, the difference is significantly decreased and reaches a rea-
sonably low value, meaning that the expert and generated schedules
are very similar in the sense of the chosen features.

On the other hand, to visualize or interpret the learned objective
function, we show in Figure 6 a heatmap, which represents the
learned preferences for each slot, as the objective function is just
summing up the individual slot scores. It can be seen that, for the
house cleaning product, the scores are high for the 2 p.m. to 6 p.m.
slot. This is because during this time, only homemakers and retired
people are mostly available, and programs which appeal to them are
broadcasted. Note that the scores are also fairly high in the morning,
as many people have breakfast with their family while watching
TV. The interpretations derived from the learned objectives can be
seen to match expected broadcasting strategies.

5.1.3  Cluster Assignment. In this experiment, we attempt to do au-
tomatic assignment to check the results of scheduling. We trained a
classifier for choosing the clusters automatically by using the result
of agglomerative hierarchical clustering as training data. Because
we have the expert schedules for validation data, we can use them
as the input to the classifier, so we can choose the cluster automati-
cally. We use the K-Nearest Neighbors algorithm for classification.
After cross-validation with 10 splits, the hyperparameter K = 1
needs to be chosen to achieve highest accuracy, which is about 72%.

This basic test shows that given the currently available data,
training a good classifier is difficult, and one should consider train-
ing a model once informative features like genre and target audience
are obtained. Thus in the real system, we may for now ask the TV
clerks to choose a cluster by themselves. This is done by showing
valuable information such as the schedule heatmaps of each clus-
ter as in Figure 6. From the maps, the clerks can then select the
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Figure 6: The schedule heatmap of a house cleaning tool TV
ad. The depth of the color means the slot preference of the
ad. The deeper color is preferred more.

most suitable cluster for the new ad, and they can get a reasonable
schedule automatically.

5.2 Scheduling Component Results

We now schedule the ads in the validation data one by one follow-
ing the ad order described earlier. We compare three scheduling
strategies: OR 1, based on the maximization of the total remaining
seconds, OR 2, based on minimization of the total extra GRPs, and
MaxEnt I0-based scheduling. Note that OR 1 and OR 2 are con-
sidered standard TV scheduling strategies based on an operations
research approach.

For simplicity, we check the performance on the validation data
by picking ads with the highest total GRP requirement. These ads
are chosen because having a high total GRP requirement means
that the ads have to pay more, so they are considered very valuable
to the TV network. Table 2 shows the top 10 members. For the
entire validation data, we compare the average distance of the three
schedules from the expert ones. The results are shown in Table 2.

As one may expect, OR 1 is realized by satisfying the total GRP
requirement with the smallest possible number of slots. To do this,
the method prioritizes putting the ads into the popular slots which
have high GRPs. As a result, other features related to the effec-
tiveness of broadcasting are neglected, so the distance from the
expert schedules is the highest. On the other hand, OR 2 resulted
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Table 2: A comparison of the cosine distance (x10~7) between
the expert and generated schedules for the ads with GRP re-
quirements in the top 10 and the overall average in the vali-
dation data. Boldface values refer to the best scores.

Products l OR1 l OR 2 l MaxEnt IO ‘
Cat food 27.1 | 3.46 0.73
Investments 223 | 29.0 8.07
Hometown tax 1 211 17.1 6.07
Internet TV 103 | 24.4 14.2
Hometown tax 2 242 | 23.6 7.93
Delivery pizza 7.65 | 1.72 0.99
Energy drink 169 | 43.0 20.3
Online travel agent 1 | 194 | 44.8 13.5
Online travel agent 2 | 158 | 17.4 14.5
Organic vegetable 172 | 20.0 0.88
Overall average 25.6 | 6.01 3.66

in schedules closer to the experts’ than OR 1. However, it tends to
use the slots which have small GRPs since they are easy to use for
acquiring just the required amount of GRPs. Thus, it uses too many
slots to meet the requirement, and the scores are relatively higher.

Finally, one sees that the MaxEnt IO-based scheduler generated
schedules that have significantly better scores than the standard
approaches in all the ads. The proposed data-driven approach is
the best in producing schedules that resemble those of the experts,
and the results demonstrate our system’s potential in improving
the TV clerks’ scheduling workflow.

6 CONCLUSION

We proposed a data-driven approach to the automation of TV ad
scheduling systems. We developed an inverse optimization method
which learns expert objectives, which are then used in a mathemat-
ical optimization problem we formulated to automatically generate
schedules that resemble actual TV clerks’ schedules. In addition,
we solved an associated cold start problem related to ad requests
from new companies or products by applying a suitable clustering
method and recovering intentions for the learned clusters. Finally,
we demonstrated the effectiveness of our proposed system in au-
tomating scheduling and imitating expert decision-making using
actual data from a TV network in Japan. Due to its promising results,
our proposed system is being prepared for commercial deployment.
Future work includes automating cluster assignments using natural
language processing techniques and evaluating an online imple-
mentation of the proposed system in TV networks.
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A DATA DESCRIPTION

Considering its confidential nature, we present here general and
abstract information on the ad scheduling dataset we used in the
main paper.

A.1 Slot Data

The TV company plans the schedule of future programs first before
it considers the slots in each program. The TV clerks then put the
TV ads into the slots based on the following information:

The parent program’s name.

The slot start and end time.

The duration in seconds.

The slot type: Slots between two different programs and be-
tween program contents are distinguished. The former is
called station break (SB) slots and the latter is called partici-
pation (PT) slots. Some programs have other types of slots,
like those just before and after the programs. The former is
called cowcatcher (CC) slots and the latter is called hitchhike
(HH) slots.

The time rank: The slots are divided into 4 ranks according
to their GRPs: we have A, super B, B and C in descending
order. In general, the slots between 7 p.m. to 10 p.m. have
the highest GRPs, so their ranks are A. On the other hand,
the midnight slots have the lowest GRPs, and therefore their
ranks are C. The time rank is a function of the time and day
of the week.

A.2 TV Ad Data

This data contains requirements for broadcasting TV ads from the
advertisers. The TV clerks create the schedules to satisfy as many
requirements as possible. The data consists of the following:

e The company name and contract name.

e The contract start and end date.

o (Optional) The contract start and end time. The advertisers
may indicate the specific time to start and end the broadcast-
ing.

e The minimum total GRP requirement.

o (Optional) The free format constraints. Advertisers can give
more detailed requirements in the free format section. Due to
the difficulty in preprocessing this information, this type of
constraint is not used in this paper. If available, this dataset
contains the following:

— The target audience.

— The GRP ratio throughout the contract period. For exam-
ple, 30% of the total GRPs should be assigned in the first
half, and the remaining 70% should be acquired in the
latter half.

— The preferred time and day of week.

— The preferred and undesirable program genres or specific
program names, actors and actresses. For example, insec-
ticide ads should not be placed in cooking programs.

— The preferred and undesirable slot types.

o The actual GRP point. Each TV ad indicates the point when
to use the actual GRP to estimate the total acquired GRPs.

e The duration in seconds. Almost all TV ads run for only 15
or 30 seconds, but some TV ads have several variations.
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o (Optional) The prohibited period. Advertisers can indicate
the specific period when the broadcasting of the ads is pro-
hibited in the contract period.

o (Optional) The time constraints. Advertisers can indicate the
specific time when the ads can be broadcasted strictly.

A.3 GRP Data

The GRP is a function of GRP points (when to use the actual GRPs)
and the slots. We used large table data which contains the values
of all combinations of the points and the slots.

A.4 Expert Schedule Data

An expert schedule is just a matrix where each element means the
number of putting the TV ad into the slot. In addition, we have
timestamp data related to when the ads were put into the slots
for each ad and slot pair. Therefore, the expert schedules can be
reproduced at any time.

B EXPERIMENTAL DETAILS

Here we describe the experimental details which were omitted in
the main paper to encourage reproducibility.

B.1 Train/ Test Splits

The target ads we used have contract periods belonging to the
duration 2018/07-2018/12. The total number of TV ads is 3,260.
An order to the ads is given based on the timestamps they were
submitted to the advertisers. As time series data, we used the initial
70% for training, and the remaining 30% for validation. The numbers
of ads for training and testing are then 2,282 and 978, respectively.

B.2 TV Ad Clustering

To group the TV ads, we extracted the advertiser features ¢, 4., from
each expert schedule in the training data and performed clustering.

We applied the agglomerative hierarchical clustering algorithm,
which is implemented in SciPy [17] version 1.0.0. The linkage
method chosen is complete, the metric is cosine distance and the
other options are kept default.

To get the ad clusters, we set the threshold value as 0.3, resulting
in 64 clusters.

B.3 MaxEnt IO

To get the objective functions for each cluster, we applied the Max-
Ent IO algorithm for the clusters individually. Here we describe
some of options or parameters in Algorithm 2.

e Parameter initialization. We set the initial parameter to be 1
in only the first TV feature (the total remaining seconds of
all slots after scheduling) while the others are set to 0. There-
fore, the first objective for creating schedules in the learning
component is the maximization of remaining seconds, which
is also described as OR 1 in Section 5.2.

e Number of parameter updates. We set this to 200. Some
learning curves, however, start to oscillate near this number
like in Figure 7.

e Optimizer or forward solver. When solving the scheduling
problem given an estimated parameter, we used the Gurobi
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Figure 7: The learning curve of a consumer finance ad.

Optimizer [19] version 6.0. Gurobi was also used in the vali-
dation scheduling phase.

o Step size. We fixed it as 1 throughout the learning phase as it
gives the most reasonable behavior among trials. For exam-
ple, we tried another step size, @ = 1/ Vi, and a comparison
is shown in Figure 8.

B.4 Cluster Assignment

In the experiment, we trained a classifier for assigning new ads
in the validation data to learned clusters by treating the clusters
obtained from the TV ad clustering as the supervised training data.
For training (given 2,282 TV ads), we used the K-Nearest Neighbors
algorithm with the cosine distance in scikit-learn [22], version
0.19.1.
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To choose the most suitable K, we applied the stratified K-fold
cross validation, which is also implemented in scikit-learn [22]. The
number of splits is chosen to be 10.

As aresult, K = 1 gives the highest accuracy of about 72%.

B.5 Scheduling

After cluster assignment, the algorithm executes ad scheduling by
using parameters learned by MaxEnt I0. We used the parameters
which got the smallest difference between the expert features and
the ones extracted from the generated schedules during learning.
For example, for cluster B in Figure 4 and Table 1, the 156th param-
eter was chosen to create the schedules (see Figure 5 for details).
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Figure 8: The learning curve of a house cleaning tool ad. The
blue curve is the one corresponding to « = 1 (this is the same
as Figure 5). The orange curve is for the case where o = 1/t
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