
Cognitive Advertisement Design via
Dynamic Bayesian Network

Wei Sun Anshul Sheopuri Ying Li
IBM Watson Research Center
Yorktown Heights, NY 10591

{sunw, sheopuri, yingli}@us.ibm.com

Thales S. Teixeira
Harvard Business School

Boston, MA 02163
thales@hbs.edu

Abstract

Making successful video advertisements has long been considered a combination
of art and business acumen. In this work, we propose a system to assist human de-
signers to produce more effective advertisements with more predictable outcomes.
We formalize this concept with a dynamic Bayesian network (DBN), where we
represent the knowledge base with data collected from large-scale field experi-
ments in a novel setting. Moment-to-moment branding activities in the advertise-
ments, along with face and eye tracking which continuously measures viewers
emotional responses and viewing interest on 169 television advertisements for
2334 participants, are used to estimate the model. The resulting DBN represents
a multitude of relationship across advertisement content, viewers emotional re-
sponses, as well as effectiveness metrics such as ad avoidance, sharing, influence
on purchase. Conditioned on the specified requirement on the ad, a human de-
signer can draw high scoring samples from the DBN, which represent the opti-
mized sequences of branding activities and entertainment content.

1 Introduction

Advertising is an expensive investment in a brand. According to survey [1], the average cost of
a 30-second commercial during “The Walking Dead” on AMC was $502,500 in 2015. Making
successful advertisements has long been considered a combination of art and business acumen. Part
of the challenge is that in both theory and practice, there are still ongoing debates on principles
behind successful ads. Despite a considerable amount of research has been conducted to demystify
the process, it remains inherently complex and error-prone, because of the tremendous variety of
creative options and the large number of external factors compounding cognitive challenges for
human designers.

The primary objective of this work is to assist human designers to produce effective advertisements
with more predictable outcomes. We formalize this concept with a dynamic Bayesian network
(DBN), where we represent the knowledge base with data collected from large-scale field experi-
ments in a novel setting. Moment-to-moment branding activities in the advertisements (e.g., place-
ment and size of logo, frequency and duration of logo appearance etc.), along with face and eye
tracking which continuously measures viewers emotional responses and viewing interest on 169
television advertisements for 2334 participants, are used to estimate the model. The resulting DBN
simultaneously represents a multitude of relationship across advertisement content, viewers emo-
tional responses, as well as effectiveness metrics such as ad avoidance, sharing, influence on pur-
chase. Conditioned on the specified requirement on the ad (e.g., product category, target audience,
prominent display of brand logo in the end of the ad), a human designer can draw high scoring
samples from the DBN, which represent the optimized sequences of branding activities and enter-
tainment content that the system recommends.
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Developed in the 1980s, Bayesian networks are a mathematical formalism that can simultaneously
represent probablistic relationships between many variables in a system [17]. They have been used
in a wide variety of applications such as computational biology [8, 12], information retrieval [6, 13],
computer vision [16, 11] and risk analysis [3, 23]. Bayesian networks allow both predictive and
diagnostic inference, which is crucial for reasoning about a complex process such as ad designs.

The idea of using a knowledge-based system for advertising design has been tossed around in the
past [4, 9]. The major challenge in building such a system is constructing the knowledge base. Prior
work solely relies on input from experts to specify key variables and relationships to form a database
of rules. As expert knowledge in this domain is often perceived as “soft”, qualitative and subjective,
existing systems are unable to provide prescriptive recommendations. Moreover, they also have no
mechanism for “creative thinking”, because recommendations are template-like rules based on what
has been found to be effective in situations with the same set of characteristics. In this work, we
take a different, data-driven approach in extracting knowledge via learning the relationships between
content in advertisements and the corresponding viewer responses.

The paper is outlined as follows: In Section 2 we describe the controlled experiments and data.
Section 3 focuses on the overview of Bayesian network and its estimation. In Section 4 we discuss
how to use this system for recommendations by making inferences. Section 5 presents conclusions
and discussions about ongoing research.

2 Data Collection

The data for this research were collected from four large-scaled controlled experiments on ad-viewer
responses [19, 20, 21, 22]. A sample of 169 television commercials were selected. They feature both
well-known brands (e.g., Coca-cola, T-Mobile) and obscure names (e.g., Sobe, Radio 538) from a
variety of product categories (e.g., beverages, consumer package goods, telecom). Participants are
a random sample of 2334 consumers and ad viewers (mean age 36.5, range from 17 to 62, 47.5%
male) and are paid for participation. Each participant was exposed to a subset of commercials in a
randomized order. On average, each advertisement was watched by 66 participants.

We collect four types of data, i.e., static viewer demographics data (gender, age, familiarity with the
brand and the ad), static ad information (product category, ad length), dynamic advertising content
and ad effectiveness metrics. Two types of advertisement content are collected: branding activity
data and entertainment content data. Branding activity, whose objective is to promote awareness and
persuasiveness, refers to the appearances of brand identity (name, logo, trademark) in the commer-
cial. Ads are analyzed to identify the brand’s presence, size, position, duration across frames and
visual complexity of the scene. For entertainment content, we use facial tracking and emotion ana-
lytics to measure viewer’s moment-to-moment emotional states in terms of joy and surprise. Facial
expression footage from each participant is collected via a webcam and is subsequently analyzed
using emotion recognition algorithms which hone in on points on a face, such as the corners of eyes
or eyebrows to detect texture variations that occur people laugh, frown, or smirk. The output of the
system is a probability measure associated with the intensity of an expression. Studies have shown
that the algorithm can identify emotions such as joy with accuracy over 90% [14, 15].

In order to accurately measure ad effectiveness in a realistic experiment setup, participants are al-
lowed to skip past an advertisement, in contrast to previous studies [2, 7, 18] with forced exposure
where viewers cannot avoid the ads. The percentage of an ad that a viewer chooses to watch pro-
vides a more accurate measure on ad effectiveness in terms of viewer engagement. Infrared corneal-
reflection eye-tracking technology was used to record the focal positions of the viewers’ right eye,
in Cartesian X and Y coordinate. The output pinpoints a viewer’s focal attention in a commercial.
Other effectiveness metrics include purchase intent prior and after watching an ad, and ad virality
based on action of sharing the ad in the social network context.

2.1 Data Processing and Discretization

As advertisements have different length, to make them comparable, we vary the sampling rate. For
each ad, we divide it into K segments with equal time interval, and aggregate the time-varying
features (i.e., branding activity, eye-tracking and emotion-tracking data) for each segment.
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(a) Estimated graphical structure (b) Inferred joy trajectories

Figure 1: (a) Dynamic Bayesian network on ad-viewer response. (b) 50 sequences of joyful content
sampled from the posterior distributions, conditioned on having low engagement (top) and high
engagement (bottom) respectively.

Our data consists of both continuous (e.g., joy and surprise intensities) and discrete features (e.g.,
whether a viewer has skipped an ad and whether he has shared the ad with his friends). To con-
struct a discrete Bayesian network, we discretize the continuous variables by Hartemink’s method
[10] which preserves pairwise dependencies, unlike marginal discretization methods such as using
quantiles or fixed-length intervals. We jointly discretize all the variables into a small number of
intervals by iteratively collapsing the intervals defined by their quantiles. The process stops when
each variable has 3 levels (i.e. low, average and high intensities).

3 Knowledge Representation for Ad Designs
3.1 Overview on Bayesian Networks

Bayesian networks are a class of graphical models that allow a concise representation of the proba-
bilistic dependencies among a given set of random variables X = {X1, X2, · · · , Xn} as a directed
acyclic graph G with nodes V and arcs A. Each node Vi ∈ V corresponds to a random variable
Xi. Due to its Markov property, the factorization of the joint probability distribution PX can be
expressed as the following in the case of discrete random variables,

PX(X) =

n∏
i=1

PXi(Xi | ΠXi).

Dynamic Bayesian networks (DBN) extend the fundamental ideas behind static Bayesian networks
to model associations arising from the temporal dynamics. Each variable in a DBN is represented
by several nodes across time points. It is commonly assumed that dependence relationships are
represented by a vector auto-regressive process. For a process of order p, the variables observed at
any time t ≥ p are assumed to satisfy

X(t) = A1X(t− 1) + A2X(t− 2) + · · ·+ ApX(t− p) + B + ε(t), (1)
where nonzero coefficients in the matrix Ak defines the arc set for lag k, i.e., if the element aij
where i 6= j is nonzero, then the network includes an arc from Xi(t− k) to Xj(t).

DBN can be further categorized into homogeneous versus nonhomogeneous models, depending on
whether the coefficient matrix Ak changes across time steps. As empirical evidences suggest that
viewers responses depend on time (e.g., tendency to skip an ad is higher in the middle of the ad than
in the beginning or the end [21]), we use a nonhomgeneous DBN as our model.

3.2 Estimation

We learn the structure of the DBN via a greedy algorithm (i.e., hill-climbing with random restarts)
which explores the search space starting from an empty network and adding, deleting, or reversing
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one arc at a time until the score can no longer be improved. Prior knowledge on the data is integrated
in the learning algorithm to prune the existence of equivalence classes of networks indistinguishable
from a probabilistic point of view. For instance, we set constraints which state that viewer attention
cannot influence branding activity, i.e., prohibiting arcs in the specified direction.

Since the result on learning can be noisy, we use nonparametric bootstrap and learn one network
from each bootstrap sample. We repeat it for 500 times and the network structures were averaged in
to reduce the impact of locally optimal but globally suboptimal networks [5]. The resulting network
for K = 10 (i.e., each ad consists of 10 equally spaced segment) with 137 nodes is shown in
Figure 1(a). Once that the Bayesian network structure is specified, we fit the parameters of the local
distributions, based on posterior Bayesian estimation.

The learnt DBN structure in Figure 1(a) reveals two large clusters of nodes which are predominantly
composed of ad branding activities (shaded in blue) and emotion tracking data (orange). Nodes cor-
responding to viewer eye tracking data (orange) are closely linked to branding activity nodes (blue),
while ad effectiveness metrics (pink) are directly linked to emotion tracking data nodes (orange).
The encoded relationships are in agreement with empirical observations on the impact of branding
activities [21] and the use of entertainment content on viewer engagement [20, 22].

4 Recommendations with DBN

Given a Bayesian network with structure G and parameters Θ , the effects of a new piece of evidence
E on the distribution of X using the knowledge encoded in the model, can be investigated by two
types of queries, namely, maximum a posteriori and conditional probability queries.

Maximum a posteriori queries are concerned with finding the configuration q∗ that has the highest
posterior probability for a given subset of variables Q, i.e.,

q∗ = arg max
q

P(Q = q | E, G,Θ).

Thus, conditioned on the specified requirement on the ad (e.g., target audience, product category,
last 5 seconds must show logo), a human designer can determine the best combinations of ad content
decisions learnt from the existing ad data encoded in the DBN.

Conditional probability queries focus on the distribution of a subset of variables Q given evidence
E on another set of variables in X, which is computed as the posterior probability, P(Q | E, G,Θ).
Conditioned on the specified requirement on the ad as evidence, the samples drawn from the pos-
terior distribution represent “design proposals” consisting of sequences of branding activities and
entertainment content. The versatility in the inference enables the system to be “creative”, as some
sequences do not exist in the data. The system will then recommend the proposals that have high
scores based on the existing predictive models on ad effective metrics [19, 20, 21, 22].

Consider one of viewer engagement metrics as an example, which is measured by the percentage of
an ad which a viewer has finished watching. Conditioned on having low (i.e., viewers skip early in
the ad) and high engagement, we generate 50 samples from the corresponding posterior distributions
on the level of joyful content. Each sample consists of a sequence of intensity on joyful content
across all segments in an ad. Intensities correspond to the beginning, the middle and the end of an
ad are shown in Figure 1(b). Compare two sets of trajectories, we observe that the high engagement
posterior generates more “up-and-down” sequences than those with low engagement. It coincides
with empirical observation on building an “emotional roller coaster” [22] to improve engagement,
by briefly terminating viewers’ positive feelings and then quickly restoring them.

5 Conclusion and Future Work

Ongoing work is focusing on model refinement (e.g., increase segments per ad) to give more granu-
lar recommendations and model validation. While we have observed some relationships learned by
the DBN are empirically supported, one important criteria is validation against viewers. We are col-
laborating with subject experts and an affective computing measurement company, nViso (Lausanne,
Switzerland), and structuring a controlled experiment in which allows us to compare ads made using
the machine-learnt recommendations from this system with those of human ad designers.
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