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ABSTRACT OF THE DISSERTATION

Modeling Users for Online Advertising

by Qiang Ma

Dissertation Director: S. Muthukrishnan

Online advertising is able to target users at a fine level of granularity. To do this effectively,
models are required to represent users and their behavior. In this thesis, we studied several
problems related to models of online users. In online advertising, advertisers and ad platforms
use user profiles as the language to target users, composed of user information from demo-
graphics, location, and interests. We implemented a user-profile-driven ad crawling framework
and empirically investigated the relationship between user profiles and the ads to which they
are exposed. We observed user profiles to play a greater role in display ads than in video ads.
Furthermore, the main mode of accessing online content has been shifting from website brows-
ing to mobile application usage. Mobile apps have become the building blocks to model user
behavior on mobile devices. We designed a neural network model (app2vec) to vectorize
mobile apps by studying how users employ these apps. We analyzed the learned app vectors
qualitatively and quantitatively and used them to extract user app usage profiles for app-install
advertising. Finally, advertisers are faced with the challenge of finding the optimal user profile
properties to target. We designed a look-alike audience extension system, where advertisers
provide a list of past converters as ’seed users” and our system determines users similar to the
seed. Rather than assuming linear separability of lookalike and non-lookalike users, as in prior
work, we propose a new approach with nearest-neighbor filtering. Our system works efficiently

for billions of users and improves the ad campaign conversion rate in practice at Yahoo!.
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Chapter 1

Introduction

With developments in Internet technology providing easier access to abundant information and
services, people are more and more engaged in online activities. After just a few decades, sev-
eral large online service providers have attracted hundreds of millions of active users (e.g., Face-
book [3], Google [4]) and are generating activities on the scale of billions every day. Massive
data present a challenge to service providers to understand their users with the goal of improv-
ing their services. Meanwhile, opportunities for new applications abound.

With advances such as Javascript, which supports pixel tracking and beacon tracking, users’
online activities can be logged with great detail, down to the browsing of a particular section
of a web page. Such user tracking (discussed in Chapter 2) is ubiquitous in two aspects: (1)
User tracking exists on most content providers [88], and (2) Numerous trackers can exist on
a single web page. Over time, user tracking companies can accumulate user activity data and
try to understand user behaviors. For example, it is natural to assume that if a user engage in
multiple activities related to the content of a certain topic, the user is likely to be interested in
that subject. Hence, user tracking companies invest in logging user activities, analyzing the
contents consumed by users, and finally building models to construct a user representations
which reflect online interests. However, user tracking within a single content provider is quite
limited. Since users consume various types of online content from different content providers
every day, the user representation from a single content provider can be biased. In order to
obtain a complete representation, the anonymous browser cookie syncing technique plays a
critical role. When a user visits a particular website, the content provider shares users (hashed)
cookie under its domain and the users current activity with its partner companies. Today cookie
syncing is ubiquitous [77, 11], and it enables the next level of user tracking tracking the same

user across the Internet. Over the past decade, advertising has emerged as the primary source of



revenue for many websites. The ability to track and model each user has inspired the creation
of numerous applications, one of the most important being targeted advertising.

In the early stages of online advertising, advertisers arranged with content providers to dis-
play their ads on individual web pages to a certain number of visitors over a certain period of
time. Nowadays, advertisers have much more flexibility in targeting audiences. Advertisers
and ad platforms adopt the language of user profiling, which includes demographic and geo-
graphical information as well as fine granular interests. When advertisers set up ad campaigns,
for instance, they can specify to target users interested in particular topics. Therefore, on a par-
ticular web page, instead of seeing the same ads, visitors will see different ads related to their
past online activity. Furthermore, users are likely to encounter ads based on their activity his-
tory across the web. However, a lack of systematic study of the advertising landscape prevents
understanding of which ads are shown to which types of users. In Chapter 3 of our work on
user profile-driven advertising, we report a first-of-its-kind study of the features, mechanisms,
and dynamics of ad targeting in practice. Our study takes the perspective of users who are the
targets of ads shown on websites. We developed a scalable crawling capability that enabled us
to produce synthetic user profiles and use them to gather the details of display and video ads,
including creatives and landing pages. In the display ad landscape study, we found that while
targeting is widely used, there remain many instances in which delivered ads do not depend
on the user profile. We identified over 3.7K distinct advertisers from a variety of business seg-
ments. Finally, we found that when targeting is used, the types of ads delivered correspond
to the details of user profiles, including patterns of visits. On the other hand, in the video ad
study conducted on YouTube, we found that video ads mainly target video content rather than
user profiles and can have a significant impact. Finally, we focused on an interesting type of
video content on YouTube referred to as polymorphic videos, which involve different copies of
the same video. While users watching polymorphic videos are likely to have similar interests,
our study indicates that after watching different copies of the same video, users tend to have
different interests added to their profiles.

Over the years, the primary mode of accessing online content has shifted to mobile devices,

and user online activities have transitioned from website browsing to mobile application usage.



Based on reports from Flurry Analytics', US mobile users download more than eight apps per
month on average [1], and 90% of the time spent on mobile devices was spent using apps [6].
This being the case, mobile apps are the key to understanding user behavior on mobile devices,
and it is of great interest to understand the context in which mobile apps are used. In Chapter 4,
we propose a neutral network model, app2vec, to represent apps in a vector space without
a priori knowledge of their semantics. It involves visualizing a users mobile app usage over
time as a “document” and applying to it the recent word2vec model. But the apps in a
training context are carefully weighted by the usage time interval. We show that app2vec
captures semantic relationships between apps much better than conventional bag-of-words and
matrix factorization methods. The learned app vectors can be used to extract user app usage
profiles for multiple applications in online app-install advertising. In this work, we present
ad selection, app recommendation, and conversion prediction models. In mobile advertising,
for a given impression there can be hundreds of thousands of eligible app ads to display. We
abstract a step in this advertising pipeline that preprocesses this large set of eligible ads into a
smaller set of relevant, diverse ads, which we refer to as the ad consideration set. We design
a randomized algorithm to find such a set by choosing the set of k apps as the approximate
mode of a Determinantal Point Process (DPP) distribution. While DPPs have been useful in
clustering and other applications, their use in our context is novel. In offline experiments using
app-install ad serving logs from Yahoo!, our proposed method achieves 36% lift in precision
and 47% lift in recall compared to collaborative filtering methods (for example, at k = 5). We
also use the technology of app2vec and DPPs to give a new algorithm for personalized app
recommendation, using app clustering based on app distances in their vector space. With our
additional app vectorization, collaborative filtering can achieve 7% lift in precision and 9%
in recall. Finally, app clustering based on app distances in their vector space can effectively
improve the accuracy of the conversion rate prediction model as well. According to our offline
experiments with ad server logs, user app usage profiles extracted from our app clustering
method demonstrate 4.7% AUC lift over baseline user profiles.

One key application of user online profiling is ad campaign targeting. A typical user target-

ing method is based on the pre-defined user interest taxonomy created by advertising platforms.
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Advertisers must first analyze and understand the behaviors of their existing customers. They
must then utilize the user representation taxonomy from a particular advertising platform to ap-
proximate the desired group of customers to target. It is therefore useful to relax the necessity
of such explicit user profile targeting and automatically extend the current set of customers to
a larger reach of audience with high potential value for the advertiser. In Chapter 5, we present
an efficient large-scale lookalike audience extension system, where advertisers provide a list
of past converters as “seed users” and our system automatically determines users exhibiting
behavior patterns similar to the seed and makes them available for advertisers to target. Rather
than assuming linear separability of lookalike and non-lookalike users as in prior works, we
propose a campaign-specific nearest neighbor- based method. Extensive experiments have been
conducted to compare our look-alike model with three other existing look-alike systems. The
results demonstrate that our developed nearest neighbor filtering based method outperforms
other state-of-the-art methods by more than 50% in terms of conversion rate in app-install ad
campaigns. Our system works efficiently for billions of users, has been deployed to production
in Yahoo! and boasts a significantly improved conversion rate compared to other types of user

profile targeting methods.



Chapter 2

Overview of User Online Ad Targeting

2.1 Online Advertising

Advertising online is a compelling proposition for brands and e-commerce vendors that seek
engagement with a broad cross-section of potential customers. The sheer volume of online
users and the increasing amount of time that people spend online has led to an estimated $27.5B
in online ad spending in the US for the first half-year (HY) of 2015, which represents a 19%
increase over the previous year [24]. The majority of this spending is on advertising that most
commonly appears in search results as text ads. There is, however, a growing preference for
display ads typically image and video ads that appear in response to users browsing, app usage,
and other activities on the Internet that can convey more robust and visual messages to users.
A recent report by Forrester estimates that $16.8B was spent in the US on display and video
advertising in FY2015, and this figure is growing at 13% annually [68]. Furthermore, according
to this report, mobile display advertising was estimated to reach $6.8B in the US in FY2015
and grow at 42% annually.

The ubiquity of advertising on publisher websites and apps makes it easy to overlook the
diversity and complexity of the online ad delivery ecosystem. A well-known depiction of the
online ad ecosystem is the Display Lumascape that shows Marketers (brands) and Publish-
ers/Consumers connected by hundreds of companies that provide a variety of intermediary
services [81]. The task of delivering billions of ads from thousands of Marketers to millions
of Publishers websites and apps on a daily basis is quite daunting, hence the complexity of the
system.

Of central importance in the ad delivery process is the selection of a particular ad to display
to a given visitor of a Publisher site. This is referred to as the rargeting problem. Targeting

is commonly based on such criteria as site/page context, placement size, user behavior and



geolocation. Ad serving infrastructures provide targeting information that enables Marketers
to bid on specific ad requests from a large number of Publishers. The presumption is that

improvements in ad targeting will benefit all of the constituents in the ad ecosystem.

2.2 User Targeting

The main parties in the online advertising market are described below:

e Publishers: the online content providers, including traditional ones like the New York
Times, Yahoo Finance, etc., and new types of content providers such as social networks
(e.g., Facebook) and mobile apps (e.g., game apps, fitness apps). The goal of publishers
in the market is to monetize their user traffic (ad impression inventory) by displaying ads

to visitors.

e Advertisers: the companies or individuals that seek to promote their products. These
include traditional advertisers who want to sell products or brand their companies and
the new group of advertisers in the mobile domain who want to get more people to install
and engage with their apps. The goal of advertisers is to promote their brands or sell as

many products as possible within their advertising budget.

e Ad-networks': the companies that connect publishers and advertisers, allowing advertis-
ers to deliver ads to publisher web pages. The goals of ad-networks are two-fold, to help
publishers maximize their inventory monetization and to help advertisers deliver ads to

online users which maximize their return on advertising investment.

e Online users: the online content consumers, such as web page viewers or mobile app
users. In the market, they are the creators of advertising inventory and are identified by

anonymous IDs such as browser cookies.

In the context of online advertising, the main parties conduct practices to make user target-

ing possible and drive advances in user targeting performance. More specifically:

!There are more fine divisions of ad-networks functions, in our discussion the general entity of ad-networks is
sufficient.



e Publishers embed user tracking companies user tracking code in their web pages, such
that all their users detailed content consumption activities are logged by user tracking

companies.

e Ad-networks typically do user tracking by themselves but may also purchase user data
from other user tracking companies to get a complete view of online user behavior. Ad-
networks build models to create a profile of online users, including demographics, geolo-
cation, interests, etc. These user representations provide advertisers with the flexibility

to target their desired groups of audiences.

e Advertisers are the consumers of user online profile modeling results. Given limited
budgets, advertisers cannot explore the whole user space to gain potential customers.
Instead they use their business insights to design ad campaigns targeting particular groups

of users, which are expected to bring a higher return on advertising investment.

e Users often show some consistency in their online content consumption patterns. These
patterns are captured by user tracking companies to compose online user profiles, which
are updated over time. User profiles not only benefit advertisers but also expose users to

more relevant ads and improve the online experience.

User tracking plays an important role in collecting online user activities [88]. User tracking
companies place JavaScript on their partners’ web pages such that when a user opens the con-
tent page, the browser will also initiate a request to a page owned by the tracker. Information
about this current page visit— usually including user browser cookie, page URL, time of day,
user IP address, and browser type—will be sent to trackers. Depending on the type of content
page, more detailed category information about the page may be passed as well.

Figure 2.1 shows an example of user tracking on the New York Times homepage. Using
Ghostery” plug-in, we can see that there are 23 trackers (at the time of the screenshot) on the
homepage of the New York Times. We can acquire some information about this page visit from
the URL parameters: (a) content page URL: di=http://www.nytimes.com; (b) time of the visit:

ts=1460042118435; (c) user browser type from parameter cd[userAgent]; (d) There are two ads

2https ://www.ghostery.com/
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Figure 2.2: 54 trackers on a science article page from the New York Times. Accessed on
04/07/2016.
on this page cd[ad]=2. If the user is reading a particular article, more details will be available
in the URL parameters. For example, Figure 2.2 shows user tracking on a science article page
from the New York Times. Browsing the New York Times homepage may indicate the user is
interested in reading news articles in general, but this particular article page reveals a finer level
of user interest. We can see that there are more than twice the number of trackers (54) compared
to the home page. The tracker URL from Facebook Custom Audience reveals additional details,
such as rref=science indicates the category of the article, while ri=http://www.nytimes.com
discloses from where the user comes to this article.

Using the detailed logging of user online activities, user tracking companies build models
to construct a profile for each user identified by anonymous browser cookies. The common

elements of such profiles include user demographics (age, gender), user locations, and a list of



interests revealed by historical content consumption. Figure 2.3(a) is an example of a user inter-
ests profile from Google ads settings®. This example was taken from a browser after browsing
several random web pages. This is the profile which Google provides to users themselves. Fig-
ure 2.3(b) illustrates the user interest-based targeting interface provided to advertisers, allowing
them to choose a combination of user interests to form a target audience.

Interests & remarketing

Choose interest categories or remarketing lists to target audiences with

Interest categories 7 Remarketing lists |?  Custom combinations |?
Your topics
Action & Adventure Films Arts & Entertainment Banking Search b'y list name
Cats Comics & Animation Fast Food
Home & Garden Home Furnishings Homemaking & Interior Decor Categories: 2,393
Humor Hygiene & Tolletries Jozz ; .
Make-Up & Cosmetics Mobile & Wireless Mobile Phones g Afﬁmty Categones (reach}
Movies Online Video Parenting Art & Theater Aficionados »
Politics. Rap & Hip-Hop Rock Music .
Search Engine Optimization & M. TV & Video TV Commercials Auto Enthusiasts »
Avid Investors »
+NEW TOPIC VIEW 90 MORE INTERESTS WHERE DID THESE COME FROM?
Beauty Mavens »
. [= Cooking Enthusiasts »
Your Google profile 4
30 Minute Chefs »
Aspiring Chefs »
Do-It-Yourselfers »
Fashionistas »
Fast Food Cravers »
Gender Age )
Foodies »
(a) Interests profile displayed to users themselves (b) User interests provided to advertisers for targeting

Figure 2.3: User profile example from Google.

Considering the big picture of the interactions among users, content and advertisers, there
are billions of pieces of online content, each characterized by content category and other meta-
data. A common approach adopted by online advertisers, content providers and ad networks
is to think of “profiles” of target users based on their interests. This underlying language of
profiles and categories is updated as events progress, setting up a cycle with sophisticated dy-
namics as illustrated in Figure 2.4: (a) Users view the content of interest to them; (b) Contents
viewed impact user profiles; (c) Profiles of users of a content page potentially impact categories
of the content; (d) Advertisers upload ads which also have categories; and (e) Advertisers target

content and user categories, which affects which ads users are shown, and so on.

*www.google.com/settings/ads
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Figure 2.4: Interactions among user profile, content and ads.

2.3 Research Directions

In connection with the theme of user tracking in online advertising, there are a plethora of
research directions for exploration.

Cross-device user tracking. Nowadays, users can access online content through multiple
devices. Ad-networks have the incentive to track online user activities across devices, in order
to get a complete picture of user online behavior and enable better ad targeting. However, pri-
vacy concerns dictate that cross-device tracking be accomplished without involving personally
identifiable information. One way to address the problem is based on the fact that each device
di has an IP address history Ly, = {l1,l2,...,l,}. By comparing the similarity of different
users IP history lists, one can calculate the probability that two devices belong to the same user,
given the assumption that when two devices appear at the same locations many times, they are
likely to belong to the same user. One challenge is how to efficiently compare among millions
of devices. Hopefully, with time stamp information associated with each IP address, device
matching accuracy will improve. However, there remains the problem of aligning user location
and time.

Value of user profile. For a given user u, let the profile be P, = {¢1,ca, ..., ¢y}, where ¢;

represents interest ¢.

e Several different models may be used to construct a user profile, and they may claim
different sets of interests. To add a new interest ¢y into user profiles, we need to know

the incremental value of c;. For example, when u clicks or converts for ad a;, how do
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we measure the contribution of each interest c¢;?

o If we consider the entire ad-network, different user profile elements have different costs
associated with them. The cost can come from research and development, third-party
data purchasing, etc. The problem becomes how to measure the monetary contribution

of ¢; to ad-network overall revenue to support business decisions.

e User interests are usually hierarchical. While the more detailed user interests are more
valuable to some advertisers for ad targeting, the cost of getting such fine granularity
data is also higher. Given this conflict, how does the level of profile interest granularity
impact ad-networks revenue? [86] analyzed this problem in an informal marketplace
setting without considering the dynamics of advertisers bidding strategy when precise

user data are not available.

e Without being able to target particular groups of users, advertisers must compete (bid)
for opportunities to reach the same set of users. Users are divided into groups of interest
to different advertisers. Hence, we can expect the competition for a single user to be less.
How does this affect the ad-networks revenue? Should ad-networks charge additional

fees for user profile targeting, and if so, how much?

Ad targeting on user profile. In order to set up an ad campaign to promote a particular
product g in terms of click-through-rate (conversion-rate), an advertiser supposes that optimal

target users will have profile properties P* = {p1,p2,...,pn}.

e How is a given advertiser, with or without ad campaign histories on the advertising plat-

form, to find P* for the advertiser in general or for the particular product g?

e Since different user profile properties are associated with different costs, suppose P*
is known, how to set up campaigns with profile properties P under the constraint of
argmax U N UPI\ and C(P') < B, where UF” is the set of users satisfying the
targeting criteria P* (similarly for U” /), C (P,) is the cost of running campaigns by

targeting P, and B is the budget of advertiser.

e In the field of economics, “price discrimination” is the practice of charging a different

price for the same good or service, in order to capture the maximal consumer surplus.
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In online advertising, an advertiser can take advantage of detailed user profiles to charge
online users different prices (or offer different discounts) for the same service. Although
there have been some studies of price discrimination on online shopping sites [44, 72],
there is a need for further research into the status of such price discrimination in ads
and its impact on the participating parties in the market. One of the challenges involved
in such a study is the high cost of collecting targeted ads from the web. A large-scale

profile-driven ad crawling system [22] would be useful in this regard.

Online user data storage and processing. Ad-networks may track billion of users (e.g.,
users identified by browser cookies) over time. In such cases, data storage space and data

processing time both become challenging issues.

e Once in storage, online user activity data can be used in multiple applications, such as
modeling user interests for content personalization or ad targeting, extracting user signals
for ad click/conversion prediction models, and modeling user visit patterns to forecast
future user traffic. The problem then becomes how to summarize user activity data to

reduce data size while still retaining useful information for downstream user modeling.

e Multi-pass (or even single-pass) processing of such huge amounts of data is very expen-
sive, and there is a need for streaming algorithms to summarize the characteristics of the
data (e.g.,estimate median [64, 43]). In the case of such extensive data, even streaming
through a single processing node is unaffordable. What is needed are better streaming

algorithms under the map-reduce framework.

The above problems are of interest to both the industry and theoretical research.
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Chapter 3

Observe User Online Advertising Profile and Ad Targeting

As discussed in the previous chapter, users online activities are tracked by companies (from
content publishing companies to user data collection companies) to construct online user pro-
files. One significant usage of the user data is in online advertising targeting. Some natural
questions to ask are: Do ads target user profiles in the field? What are the ads shown to dif-
ferent users? How do ads impact users profiles? In this chapter, we present a first-of-its-kind
study of both display and video advertisements that are being delivered to online users.

Our objectives are to broadly characterize the online advertising landscape or Adscape and
to elucidate targeting mechanisms from an empirical perspective. The study seeks to better
understand the range of online ads, the degree of similarity between ads shown to different
visitors of the same content (web page or video), the breadth of ads that are displayed on a
given content, and the extent to which ads shown on various content pages are different from
each other. In the long term, we hope to provide a foundation for improving ad targeting
mechanisms and streamlining the ad-serving ecosystem.

The capability to gather display ads and video ads from across the web is central to our
work. The vast number of websites that run display and videos ads, the diversity and dynamics
of the targeting mechanisms, and the need to minimize the impact (load due to measurement)
on any given website all present significant challenges. We addressed these challenges by
developing novel methodologies, tools and infrastructure for ad-centric web-crawling. At the
heart of our system is the notion of profile-driven crawling, that enables each crawler instance
to interact with the ad ecosystem as though it were a unique user with particular characteristics.
Our developed framework can efficiently generate a large amount of synthetic user profiles with
desired profile properties. This capability is essential for collecting the full spectrum of ads that

are delivered across websites.
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3.1 Online Ad Landscape

3.1.1 The Anatomy of Online Advertising

The earliest online display ads, which appeared in the mid-1990’s, were simply a bright, flashy
billboard that was displayed to any visitor to the page over some period. The technology for
serving ads has evolved tremendously since then, and now ads are typically fargeted to users.
We can look at the diversity of modern display ads from several different perspectives.
Advertiser View. Whether selling a product or promoting a particular discount, an advertiser
wants to attract the attention of potential customers. They design advertising campaigns to
achieve this goal. Ad campaigns include creatives, target audience demographics and interests,
frequencies, placements, etc. Advertiser’s budget is a key factor to balance all these considera-
tions. Two example ad campaigns are as follows: (1) A local car dealer in New Brunswick, NJ
targets users living in New Brunswick from Friday to Sunday, and the ad should not be shown
the user more than seven times in one day. This campaign targets users based on location
(“geo” in ads parlance), time of the day (one or more “dayparts”), and further limits number
of times the ad may be shown within a time range (“frequency cap”); (2) A local car dealer
targets male users aged [35 - 50]. Besides, these male users are interested in “sports” and
“travel”. This campaign targets users based on their interests (“profile” in ads parlance) and
also demographics (gender, age).

Targeting strategies can be combined in sophisticated ways by advertisers, and the industry
relies on the existence of parties who can track cookies and maintain user profiles.

Publisher View. A Publisher produces content or provides services that attract users, and
with that, the opportunity to present ads to those users. On any given visit, ads can be served
from a variety of sources including (i) premium campaigns, which are contracts with specific
advertisers, (ii) ad networks, which represent multiple advertisers, and (iii) ad exchanges, which
offers an auction-based environment for matching publishers with advertisers.

Typically, publishers combine the methods, even on a single page.

The Adscape View. Consider a user u(t) accessing a webpage w(t) at time ¢. Say the
publisher of w(t) shows a set of ads a(t) to u(t). There is some allocation function fy,(t) :

u(t) — a(t). The set of all f,,(¢)’s over all w’s and all users u(¢) at any time ¢ will be the
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Adscape that is the focus of this paper. The functions f,,(¢)’s may depend on: (i) user’s
demographics, interests, location, etc; (ii) site w, its contents and context; (iii) time ¢, and the
past, including users’ past actions, w’s past contents, while f may vary over time; (iv) the set
of ads a()’s, including mutual constraints that allow or disallow each other; (v) mechanisms,
incentives and market conditions that govern the behavior of advertisers, networks, exchanges
and publishers. The function f,(¢) may ultimately be simple (all users see the same ads for a
day) or sophisticated (each ad is personalized based on multiple criteria). Our research agenda
is to broadly understand the user-targeting aspect of the Adscape of online display advertising.
We pursue this goal by crawling w’s, detecting and harvesting ads a()’s, and thereby observing

and finding patterns in fy,(¢)’s.

3.1.2 Ad Formats

Various types of publishers often serve a particular subset of ad types: text, display, stream and
video ads. Figure 3.1 exemplifies the typical pairs of publisher and ad types. Display ads and

video ads on YouTube are the focus of our study of advertising landscape.

Search Go gle e
. TextAds
Website &heNew Jork Eimes .- \:’,’,’
Social facebook e:_\”‘:\- A -:ﬁ Display Ads
Network LN
Video YouQILi:
Stream
Mobile The
App Weather

| Channel
—

Figure 3.1: Publishers’ common ad types.

e Display ads are usually in the format of image or flash objects, in the conventional con-
tent web pages (e.g.,news articles, blog posts) they are displayed at some fixed positions

of the page. Figure 3.2(a) shows display ads examples on the home page of Yahoo!.

e Stream ads are the ads embedded in the content streams, such Facebook news feed and

Yahoo! news from its home page. Users do not have to navigate to different pages to
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consume more contents, usually by just scrolling the page more contents will be fetched.

Figure 3.2(a) shows an example of stream ad in Yahoo! news home page.

o Text ads are the simplest format where the ad is composed of succinct ad texts and a link

to its landing page. Figure 3.2(b) shows examples of texts ads from Yahoo! search result.

Text Ad

Display Ad

Stream Ad

(a) Example ads from Yahoo! home page (b) Example ads from Yahoo! search result page

Figure 3.2: Ad format examples.

Video Ad Formats
Unlike textual and display ads, video ads are an emerging ad format on the Internet. They
are expensive to manufacture and hard to personalize. Two of the leading publishers are

YouTube and Hulu. There are several ad formats unique to video ads:

e Pre-roll, mid-roll, post-roll are video ad units shown before, during or after the main
video of the page, respectively. These ads are similar in nature to TV advertising, except

they have a greater capacity for interaction (e.g.,selection of an option).

e Overlay ads may periodically appear superimposed on the video. These are usually text,

image, or Flash object.

o Sponsored Videos are present on some websites (e.g., YouTube or Dailymotion). These
are entries in the list of suggested videos (usually a sidebar), where some video ad up-

loader has paid for them to appear.

Web sites carrying the videos can also use standard ad formats, such as display or textual

ads. When these ads are linked to video ads on the page, they are often called companion ads.
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Note that a video itself can contain sponsored material (e.g.,a product placement). We do not
consider this type of advertising in our study.
Taking the ads on YouTube as examples, Figure 3.3 shows the examples of the ad formats

considered in our video ads study.

Figure 3.3: Example of different ad formats on YouTube.

3.2 Measurement Methodology

Our overall profile-based crawling system uses novel methods for profile generation, uncon-
taminated profile crawling, and ads collection and classification. In this section, we describe

these methods.

3.2.1 Synthetic User Profiles

Profiles are generated for users based on their interactions with websites. Amongst the common
browser cookies and non-cookies based (e.g.,Flash cookies, server-side profiling) web tracking
technologies, ad networks, and ad exchanges typically associate user properties with users via
browser cookies. This basic observation implies a mechanism for building profiles.

There are several ways to create a user profile: (1). The first approach is to mimic actions of
a particular user (e.g., [27, 63]). Characteristics of profiles built in this fashion can be arbitrary
close to the profiles observed in reality. However, the approach is impractical for the exploration

of the large space of profiles. (2). A second method is to establish many versatile profiles
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by going to web pages of ad networks and creating profiles manually'. However, using this
approach, only the ad networks for which the profile was set, will recognize the user. Given the
complexity of the ecosystem, this method is likely to be insufficient. (3). A third approach is to
create user interest-based profiles by crawling a set of target sites. This method can potentially
generate profiles for any user interest depending on the sites visited. It assumes that a user
is assigned to profile categories based on websites visited and is presented on ad servers as a
“bag” of interests.

We selected the crawler-based approach to explore targeted ad serving broadly. We have

implemented Profile Builder as follows. For a given interest category, Profile Builder

1. fetches the top k& websites associated with an interest category (e.g.,using Google Ad-

words Ad Planner, Alexa web page categories, etc);

2. opens Firefox with an empty profile (e.g.,using Selenium WebDriver?) and visits fetched

URLs;

3. visits Google ads settings editor page and captures its content. This step is not required
for profile generation. However it allows us to check the interest categories assigned to

the profile;
4. zips the profile, including the cookies;
5. stores the profile for future use.

One can verify the state of the profile, or interest categories assigned to it, at any given mo-
ment, by opening Firefox with the profile and visiting the corresponding pages of ad networks.
There are multiple sources for input interest categories. For instance, interest trees used by ad
networks to allow advertisers to choose their target audiences.

This approach has several limitations. Profiles treated in this way do not take into account
server-side profiling or Flash cookies. Another limitation is in the ability to discover retargeted
ads, since for profile to get retargeted it has to visit the website of the advertiser first. However,

retargeted advertising, browser and device-based targeting are out of the scope of this study.

1e.g.,www.google.com/settings/ads

http://docs.seleniumhqg.org/projects/webdriver/
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Figure 3.4: Dynamics of the number of profile interests as websites are visited.

Initial Profile Contamination. As discussed earlier, for each target interest category Pro-
file Builder uses a list of websites. In general, websites have more than one category, for in-
stance, Google Display Planner associates categories News/Business News, Finance/Investing
with bestonlinetrading.info’. Intuitively, categories describing content are assigned
to a user profile. Hence, the generated profile can have multiple categories, in addition to
target category, associated with it. For instance, the profile created for interest category Fi-
nance/Accounting & Auditing contains interests Business & Industrial, News, and Computers
& Electronics etc.

Uncontaminated Crawling. Profiles are dynamic, and change as more websites are visited
(e.g.,new categories are added). For the purpose of our study, we refer to this phenomenon as
profile contamination. Profile change is undesirable when we seek to understand how ads are
targeted at a particular profile. To get a better understanding of this phenomena, we conducted
the following experiment. We sampled 60 interest topics from Google’s ad interests*, and for
each interest topic we create one synthetic user profile by crawling 50 random websites from
Alexa’ categorized websites. We checked the state of the profiles using Google’s ads settings

editor page after each visit. Figure 3.4 shows the distribution over the number of new categories

3These are the results when study was conducted, and they are subject to change over time due to changes of
algorithm from Google.

*www.google.com/settings/ads

Shttp://www.alexa.com/topsites/category
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obtained after visiting 50 websites. The figure indicates that 60% of profiles gained more than
9 new interests after 50 visits. That is significant, as an average number of interests at the
beginning of the experiment was 8. However, this issue can be mitigated by limiting website
visits to 5 or even fewer.

Harvesting and Identifying Ads Ads are often delivered to web pages by JavaScripts that
are executed at the time of page load. For instance, it is not sufficient to just send an HTTP
request and parse the response, since the ads will not be initialized. To address this, one could
potentially call JavaScripts. However, this requires calling “proper” JavaScripts with “proper”
parameters. Alternatively, one can let the browser do the work and see the page exactly the
way a user would see it. We chose to stay agnostic to JavaScript execution and load the pages
directly in a browser.

It is sometimes hard to find ads on a given web page, even for a human. We have developed a
three-step decision process that identifies ads automatically. To be classified as an “ad” a target
visual element has to pass following tests: (1) AdBlock Test. Adblock’s easy list © is a database
of regular expressions that can be used to detect ads. We test an element’s URL, iFrame URL,
div class, and a landing page URL against it to see if a match can be found; (2) Dimension
Test. Display ads frequently have standard sizes (e.g.,a standard banner is 728 x90), which
enable them to fit into the design of many pages. We maintain a list of 25 different standard
dimensions. The visual element has to match one of the entries in the list; (3) Self Ads. A visual
element cannot link to a page within the same domain. Ad elements have to have an external
link. If visual element passes all tests, it is classified as “ad”.

We have implemented a distributed ad harvesting and parsing infrastructure based on the
methods described in Figure 3.5. Ad harvesting is managed by the Controller. The Controller is
configured with a crawling plan — a list of persona/site pairs to crawl with specified frequency
— as an input, and executes it while balancing the load. The Controller manages the number
of Firefox instances (also stated in the crawling plan) that are administered via our Firefly
extensions. Most importantly, the Controller can open Firefox with profile p as per the crawling

plan. The Controller sends commands to Fireflies to visit w’s respecting profiles p that the

®http://easylist.adblockplus.org
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Figure 3.5: Ad Crawler Components.

Firefox’s are using. The Fireflies follow the order and report back harvested visual elements,
which are stored in database.

Parser instances function independently of the harvesters. They take unprocessed entries
populated by harvesting and parse them. Also they (1) identify ads and (2) resolve ad landing

pages. The Parser also downloads all visual elements and stores a local copy of them.

3.2.2 Controlled Webpage Crawling

To harvest display ads and study user profile targeting in display ads, we focus on the impact
of user interest-based ad personalization or user interest-based Adscape. More formally, we
restrict fi,(t) : u(t) — a(t) as follows: (1) we fix geolocation (by performing all data
collection from a single location); (2) we do not consider time-of-day effects. Both dimensions
are important and will be the subject of future work. This study focus is on f,, () : p(u(t)) —
a(t) where p(u(t)) is the profile (or persona which we use interchangeably) of the user. We
will make p() more precise in the future, but it encompasses users’ interests. We refer to (w, p)
as a pair where w is a website and p is a persona. While the distribution of different types of
personas on Internet can be arbitrary and can be a parameter of f,(¢), in our work we restrict
our attention to targeting algorithms given a (w, p) pair. In the future, one could expand the
study by exploring actual frequencies of different user types and shape of the traffic (e.g.,using
comScore).

Let W = (w1, ws, ... ) be set of all websites, and P = (p1, p2, ... ) be a set of all personas.
In general, we will not be able to use all pairs formed from W and P for crawling because of

the imposed load on our systems as well as ad ecosystem. Hence, we approach it in four steps:
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e Given a single pair (w, p), we crawl it — crawl site w with browser depicting persona p
—several times in a row. We study the distribution of ads over time, and propose a pattern

of crawls (crawling strategy) we will ultimately deploy for the pair.

e We model a persona as a set of user profile interests that are associated with the user
(or her browser, to be more precise). We build P from Google’s advertising interests
tree. For this study, we choose interest categories such that P is diverse and represents

interests that are popular on the Internet.

e The number of distinct web pages on Internet is huge, and grows each day. However, in
practice, only a few of these are frequently visited. For this study, we create a pool W

from top popular websites using Alexa’.

e Crawl all possible pairs formed from W and P for a short period. Analyze the data to
identify a small focus set: a subset of pairs that we will crawl operationally. The choice
is made on a budget regarding the number of crawls we can do with the crawling strategy

above.
e We crawl the focus set of pairs as per the strategy, log the crawls and collect data about
the ads observed.
3.2.3 Controlled Video Watching

In the case study of video ads targeting, our goal is to understand what video ads a user sees. A

user v at time ¢, represented by profile u,(t) at site w sees a video ad a which is a function f;:

fr(up(t),w,t) = a

where f may be sophisticated, e.g.,profile u,(¢) may depend on the entire history of user’s
behavior; ads shown may vary over time ¢; contents of w changes over time; etc. Our formal
goal is to study function f;.

Crawling. One can consider crawling video serving websites with synthetic profiles (e.g.,[27,

"http://www.alexa.com/topsites
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22]). This method is particularly attractive since one would have control over the service/video
targets, access frequency, and user profile choices. However, there are difficulties in the creation

of synthetic profiles.

e Through browsing. Synthetic user profiles can be established through targeted browsing
similar to what is reported in [22], and use a popular user tracking service (e.g.,Google)
as a proxy to find out the resulting user profile interests. Later one can use the created
profiles for data harvesting and analysis. However, it was difficult to have a fine control
of the outcome. For instance, if one wants to create a profile associated with “exotic

pets”, what content should one consume?

o Through manual setup. Some companies that profile users offer an interface for users to
monitor or modify their profiles. For example, one can change demographic information,
add or remove individual interest from Google at Ads Settings Manager>, or from eXelate
at interests settings page®. Potentially, one could visit some, or all, of these interfaces and
set up suitable profiles. Later one can perform data collection, using established profiles.
However, not all companies have such functionality. We are unaware of prior work that

uses this approach to generate synthetic user profiles.

YouTube uses Google’s first party profiles. Google allows a user to manage her profile
through Ads Settings Manager. This makes profile creation and maintenance straightforward,
provides fine control over the profile and its dynamics. Hence, one can choose to collect video
ads from YouTube via crawling with a manual setup of profiles.

Our Approach to Data Collection YouTube’s leading position among video sites makes
it a strong candidate to study and understand its advertising, but there are other reasons. In
particular, unlike most publishers, the user’s profile is accessible and modifiable by the user.
In our study, we choose crawling with the manual setup of profiles. This allows creation,
modification and easy tracking of profiles. Further, ads on YouTube are placed by Google
through AdWords, hence Google profiles are also used by advertisers for ad targeting.

Profile and Content Analysis It is not easy to compare profiles to videos. YouTube pro-

vides the following language to perform such operation:

$http://exelate.com/privacy/opt-in-opt-out/
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e Verticals describe content. Vertical is the term used by AdWords to refer to content

categories. Using verticals, advertisers can target users based on what they are watching.

e [nterests describe the user’s subject concerns (e.g.,the user likes fishing and country mu-
sic). Using interests, the advertiser can target relevant users, regardless of what they are

currently watching.

The hierarchies of verticals and interests are almost identical. However, some vertical cat-
egories are not used as interest categories, possibly because they are considered sensitive. For
example, religion, ethnic and some health categories are never assigned to users. A user or
video may be assigned a category at the hierarchy’s leaves, which are the most specific cate-
gories, or any of the interior nodes, which increase in generality as they get closer to the root
node. For example, a user may be assigned the highly specific “Shopping/Apparel/Clothing
Accessories/Gems & Jewelry/Rings” interest, or the general “Shopping” interest.

In the interests portion of the profile manager (Figure 2.3(a)), each interest is marked as
“YouTube”, “Websites” or both. This marking is intended to indicate the source of user ac-
tivity that caused the interest to be added to the profile. However, we have observed that in
many cases, visiting a YouTube video page may cause Websites interests to be added, but not
YouTube interests. If a user manually adds an interest to the profile manager, it will be marked
as both YouTube and Websites.

These findings make YouTube a strong candidate for a case study of video ads delivery
function f;. It is one of the biggest platforms serving ads, it uses first party profiles and gives
access to them. But most importantly, it provides the language of verticals and interests that
eliminates discrepancies from automated category assignments to videos and ads. While the
study could be extended to other platforms (e.g.,on.aol.com), we did not find any other
candidates that would allow the level of transparency into the platform like YouTube. For
instance, in case of on.aol.com one would: (1) create user profiles through browsing;
(2) check profiles on third parties (w.r.t AOL) e.g.,Google; (3) harvest ads; (4) analyze ad
content and map it to profiles acquired. These steps can potentially introduce a lot of noise and

discrepancies into the dataset, e.g.,profile of Google may not match the profile of AOL.
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3.3 Experiments and Analysis

3.3.1 Display Ad Targeting

Data Collection

Selecting W and P. For an initial pool of websites W, we made a selection of popular
websites from Alexa’. We took the top 1500, removed non-English websites, websites with
adult content and sites that contain no ads. The result was 314 websites.

We used Google’s advertising interests tree as a basis for creating the initial pool of profiles
P. We chose it because Google is the leader in display advertising, and has the largest user
interest category tree that we could find. To diversify the pool, we picked all second level
interests (251). Furthermore, to ensure that P included interests popular on the Internet, we
proceeded as follows: (1) select the top 1,000 websites from Alexa that are part of Google
Display Network; (2) for each website in the list, we used Google Ad Planner '° to get the
10 most popular interests that were present in profiles of users who visit the website; (3) we
formed the list of interests that were captured, and then added all third level interest categories
found in the list to P. The result of this process was 340 interest categories, and a total of 340
profiles are created corresponding to each of them.

The resulting focus set was 1959 distinct pairs. These pairs contain 180 distinct websites
and 340 distinct profiles i.e., we selected all p € P.

Dataset. Finally, we used our crawler to collect data on the focus set. Data was collected
over a two day period from 10/1/2013 to 10/3/2013. This data collection produced 875,209
impressions and 175,495 distinct ads. We observed ads from 3,700 advertisers served using
106 distinct ad servers. With this data set, we believe that we can extract broad attributes of the
Adscape.

Advertiser Rank Analysis. First, we seek to understand the dynamics of impression value
over time. Specifically, it may be the case that the value of an impression goes down as w is
visited repeatedly with a single p. To test this hypothesis we have considered the average rank

of the advertisers (acquired from Alexa) and the sequential number of the visit in the strategy.

‘http://www.alexa.com/topsites

Yhttps://www.google.com/adplanner/
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We used only ads acquired by long strategies for this analysis. 58 of total 3700 advertisers
do not have rank information available. The average global rank for all available advertisers
is 900K. For each visit we compute the average rank of advertisers present across all pairs.
Interestingly, Figure 3.6 shows that for pairs with non-empty p, the rank of the advertisers
drops significantly over the course of visits. If w is visited with an empty profile, the average

rank of the advertiser stays virtually constant.
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Figure 3.6: Average traffic rank of advertisers, with 95% confidence interval.

Counter-intuitively, we see that the average rank of advertisers is decreasing, which implies
that the advertisers shown in the later stage of the 100 visits are more popular. In contrast,
empty profiles do not see this trend of getting ads from more popular advertisers. Instead, those
advertisers’ ranks remain roughly constant over 100 visits.

As discussed earlier, profiles play an important role in our experimental setup. Here we
analyze the relationship between profile interest categories and ads that are served.

Defining Targeted Ads. Intuitively, a targeted ad is shown to some profiles more frequently
than to others. We use this intuition to define targeted ads. For each ad a shown on a fixed
website w, we count how many times it was shown to each of the profiles. This gives us
empirical distribution g,(p) of ad a over profiles p. If ad a is not targeted based on user’s
profiles, it is fair to assume that the observed distribution g, should be close to uniform. To

compare g, and uniform distribution we use Pearson’s x? test. We say that ad a is targeted
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Websites Profile | Gender \ Age ‘
miamiherald.typepad.com 0.96 0.73 0.92
tech2.in.com 0.92 0.61 0.84
chicago.cbslocal.com 0.86 0.68 0.70
moneycontrol.com 0.86 0.71 0.80
goal.com 0.83 0.67 0.78
xda-developers.com 0.83 0.42 0.66
community.babycenter.com | 0.83 0.36 0.70
celebritybabies.people.com 0.72 0.30 0.49
icanhas.cheezburger.com 0.71 0.26 0.34
women.webmd.com 0.71 0.38 0.49
lindaikeji.blogspot.com 0.69 0.48 0.52
ph.nba.com 0.61 0.34 0.36
shechive.files.wordpress.com | 0.58 0.49 0.51

Table 3.1: Ratio of ads shown on websites whose distribution across the property does not
follow a uniform distribution with statistical significance.

if the resulting p-value is less than 0.05. Note that for some ads our sample size is too small,
which makes it impossible to reject the hypothesis of uniform distribution, even if g, is not
drawn from the uniform distribution. Therefore, we might get false negatives i.e.,ads that are
targeted, but we falsely classify them as non-targeted.

Measuring Targeted Ads. We calculate the fraction of targeted ads for each of the websites
that are used in sufficient number of pairs (in our case, 10). Results are shown in Table 3.1,
column Profile. The table shows that 50% of the analyzed websites have at least 80% of their
ad inventory targeted at profiles. This supports the observation that using a single profile to
collect ads from many websites will not necessarily lead to a larger set of distinct ads.

Demographic Targeting. While our profiles are based on interest categories, some online
services have also attributed demographic information to some of our profiles. For example,
Google’s ads settings associates our “Pets” profile with a Female from the 25-34 age group.
We fetch gender and age groups attribute values from profiles, and similar to interest targeting,
we calculate for each website the fraction of ads targeted at age and gender. We excluded
profiles that were not attributed, or attributed inconsistently, with demographic attributes. We
considered only websites that were used in at least 10 pairs.

Since there are only 5 age groups and 2 gender groups, our sample sizes per group are
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larger than in distributions per interest analysis. Therefore, we classify ads into targeted/non-
targeted groups with more confidence than in previous analysis. Table 3.1 columns Gender and
Age show that both age and gender are highly targeted attributes. About half of the considered
websites have more than 50% of their ads targeted by gender. There is a similar targeting
percentage by age. In summary, websites that show a high level of targeting based on user
interest profiles also show a high level of targeting based on gender and age group. Note, that
here we quantify the portions of ads observed to bias towards some groups of age and gender.
We do not attempt to disentangle demographic-based targeting from interest-based targeting.
We leave that as a task for future work.

Examples of Targeted Ads. Figure 3.7 shows manually chosen ad creatives for which we
observed highly targeted behavior. Figure 3.7(a) shows an ad for clothing brand Jockey. We
observed the ad on websites moneycontrol.comand shechive.files.wordpress.
com. On both of the websites, the ad was served exclusively to profile shopping-clothing.
It is interesting to see that the ad is offering customers 15% off the entire order if they click on
it.

Figure 3.7(b) shows an ad creative targeted based on gender. It is advertising Watchismo,
online watch store. Website news.com.au served an ad total of 89 times to profiles with
male gender attribution and O times to female profiles. Figure 3.7(c) shows an example of ad
creative targeted based on age group. It is advertising Draft, a magazine for beer enthusiasts.
The ad was shown 27 times on moneycontrol.com, exclusively to profiles attributed to
age group 25-34 years. Figure 3.7(d) shows an example of ad creative that seems not to be
targeted based on our profiles. It is advertising charity campaign called Every Beat Matters.
The creative appeared on preview.tinyurl.com total of 90 times.

Advertiser Analysis As noted above, during our data collection we acquired ads from 3700
distinct advertisers. We associate a distinct advertiser with the distinct domain of the landing
page of an ad. We observe that more than 80% of advertisers had no more than 100 ad impres-
sions in our entire data corpus. The top advertiseris ht tps://www.lmbinsurance.com,
which had a total of 94,437 impressions or about 10% of all ad impressions. One of the web-
sites we used in our crawling process shows consistently 2 ads linking to it on almost every visit

by all profiles. One possible explanation is, that ht tps://www.lmbinsurance.com had
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Figure 3.7: Examples of ad creatives with different targeting strategies.

an agreement or contract with that website. This phenomenon of a huge number of impressions
from a single advertiser was not captured in while selecting the focus set, and cases like this
make the design of ad collection even more difficult.

Advertiser Categories. To find a category for each advertiser, we appeal to multiple
sources, since we did not find an authoritative source that would assign a category to all of the
advertisers in our data set. We used site categorization services from Alexa '! and WebPulse

12 from Blue Coat (which offers a web content filtering product). These two sources have

"http://www.alexa.com/topsites/category

Zhttp://sitereview.bluecoat.com/sitereview. jsp
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Alexa WebPulse Mapped
Business/Automotive Vehicles Autos
Busmess/HosplF ality/ Restaurants Restaurants
Restaurant Chains

Business/Investing Brokerage Investing
Reference/Education/ . .
Distance Learning/Online Courses Education Education
Business/Real Estate Real Estate Real Estate
Computers/Internet/

On the Web/Online Communities/ | Social Networking | Social Networking
Social Networking

Recreation/Travel Travel Travel

Table 3.2: Sample category mappings for Alexa and WebPulse.

different sets of categories for labeling sites, but most of the categories differences can be re-
solved manually. Table 3.2 shows some samples of the category mappings made for Alexa and
WebPulse.

We categorized 1480 of 3700 advertisers using Alexa and used WebPulse for the rest. Cat-
egorized impressions fall into more than 550 different detailed categories. Figure 3.8 shows
ad distribution for the top 20 root level categories. The top advertiser category is Financial
Services, which also contains the top advertiser. Some other broad categories are Shopping,
Computers, Business, Arts & Entertainment and Education. We have also collected ads from
17 advertisers that have been categorized as Spam, which implicates ad crawling may help in

online security research.

3.3.2 Video Ad Targeting

Data Collection

There are millions of videos on YouTube, and one can construct thousands of distinct user
profiles. To keep data collection feasible, we have to limit the number of both videos and
profiles in use.

For our pool of profiles P, in order to cover a diversity of interests while maintaining a
small number of profiles, we create profiles corresponding to first-level categories of Google’s
interest tree (25 in total). We add an empty profile that represents a new user that has not yet

been assigned any interest categories. In total,

P| = 26.
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Figure 3.8: Distribution of impressions over categories.

For our pool of videos V', we focus on covering the space of verticals, rather than the space
of videos. We use Google’s Display Planner!? to find top 50 channels for each of 25 first level
categories. For each identified channel we take the 50 latest videos, resulting in 1250 videos
total. We proceed by finding verticals for each of the videos in the list, and building a set cover
on verticals. We form V' consisting of 101 videos, s.t., (1) V' contains maximal number of
verticals; (2) most verticals are assigned to at least 3 videos in the cover, and only few are
assigned to less than 3.

For data collection we form all possible pairs (p,v), s.t., p € P and v € V. We visit each
pair 20 times and stay on each video for 2 minutes, which is sufficient for pre-roll, companion
and sponsored ads to load. We create a distinct instance of profile p for each visit. As a result
we obtain 52,520 data points in one week from: |P| x |V| x 20. We refer to each data point as
an instance.

In our data collection, we have observed 38,758 ad impressions, 23,600 of which are pre-
rolls. At the earlier phase of data collection we see high rate of new ads, as the crawling process

proceeds the rate of new ads slows down, as we start seeing duplicates. Interestingly, 61% of

Bhttps://adwords.google.com/da/DisplayPlanner/home
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(p,v)’s observed only one ad in 20 visits, and about half of the ads were collected from only 7
videos. As seen in Figure 3.9, Reference and Science profiles collected 2 times more ads than

profiles Real-estate and Travel. Furthermore, empty profiles collected more ads than most of

other profiles.
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Figure 3.9: Collected ad amount distribution by profile.

The largest number of collected ads are in the category of Arts & Entertainment (see Fig-
ure 3.10), which can probably be explained by the fact that YouTube is an entertainment plat-
form. However, we observe ads from all of the 1st level categories. For preroll video ads, only
15% of them are under 30 seconds, 46% of them are under 60 seconds, and 90% of them are
under 3 minutes. We have also observed few extreme cases with a duration of more than 30
minutes, e.g.,documentaries.

Impact of Video Page Visit on User Profile. We have observed that a visit to a single
YouTube video page potentially adds many interest categories to a profile. Figure 3.11 shows
the distribution of number of added interests for YouTube and Websites interests individually,
and together —combined. It is evident that the number of added YouTube interests tends to be
either O or 15. Meanwhile, the number of Websites interests tends to be between 0 or 5, although
the bimodal behavior is less pronounced than with YouTube interests. Consider distribution
of combined, there are three peaks at ~ 0, ~ 5 and ~ 20. Its shape is expected based on

the distributions of YouTube and Websites frequencies (although it should be noted that an
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Figure 3.10: Video ads distribution by top level categories.

added interest could be marked both YouTube and Websites). Thus far, we have been unable
to determine why the distributions for YouTube and Websites interests have such a bimodal
behavior. Regardless of the distributions, those big numbers of interests added to make it clear

that a single YouTube page visit makes significant changes to the profile.

0.6 ‘ :
Il YouTube
05 Websites ||
: Il Combined

o
~

©
no

Proportion of Instances
o
W

o
.

o'y LUIJIJSLLLLLLu LL il | | ..

10 1 5 25
Num Interests Added

Figure 3.11: Interests added by marked activity.

Just as additions can occur, interests may also be removed when visiting a page. Figure 3.12
depicts the distribution of interests removed. Recall that when interests are added manually, as
our Profile Builder does (see Section 3.2.3), interests are marked both YouTube and Websites.
Thus, there is no reason to segregate the types of interests removed. As seen in the figure, in

37,435 of 52,520 (71.3%) instances, zero interests are removed. However, in some cases, a
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large number (up to 22 interests) can be eliminated. This again supports the observation that

single page viewing can have a significant impact on the profile.
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Figure 3.12: Interests removed.

Impact of Video Content on the Profile. We seek to understand whether profile changes
can be attributed to the content of the video viewed. To do so, we compare verticals associated
with the video viewed and the interest categories added to a profile after viewing. We perform
the comparison using the first-level categories of the interest tree. For example, if the user has
a third-level interest, such as “Games / Table Games / Billiards”, we replace it by its root —
“Games”. The intuition for this simplification is as follows: a view of very specialized content
might not add an exact specific interest, however, if caused by the video itself, it is reasonable
to assume that the general “direction of the added category should align with the video.

For all 52,520 crawl instances, we find the overlap (i.e.,intersection) between profile added
categories and video verticals. To gauge if the impact of the video is significantly different
than random, we pair each crawl instance with a randomly selected video from our pool of 101
videos. We perform this pairing over all instances 20 times (20x 52,520 = 1,050,400 pairs) and
subsequently quantify the expected overlap by finding the intersection of added interests and
verticals for each of these random pairings. Results are shown in Figure 3.13. A value of 0.4
along the y-axis indicates that 40% of instances (pairings in the case of “Expected”) had the
corresponding number of interests (as indicated on the x-axis) added to the profile that was

also verticals for the video. From the figure, it is evident that the actual overlap is significantly
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higher than expected. These results suggest that the video content has a significant effect on
the profile. At the same time, many added interests do not overlap with video verticals. In fact,
the average number of added first-level interests not overlapping the verticals is 3.25, which

indicates other factors beyond the video must be influencing the profile.
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Figure 3.13: Added interests that are explained by video verticals.

In the following analysis, we want to study the relationship between video ads and user
profiles. We consider only instances in which we have observed preroll ads hosted on YouTube.
The resulting set consists of 5365 instances of 771 distinct (p, v) pairs. In total, these instances
saw 221 distinct YouTube hosted preroll ads. We perform analysis similar to Section 3.3.2: we
consider overlaps between: (1) verticals of preroll ads and verticals of videos; and (2) verticals
of preroll ads and profile interest categories (before video view).

Video Ads and Profile Interests. Interestingly, we found no instances where the interest
overlapped the verticals. Thus, there is no indication that pre-rolls were targeting user profiles.
While we did not consider geographic or demographic properties, we find that these results
are strong evidence that video ads are targeted at the content rather than the profile. This can
be potentially motivated in several distinct ways. For instance, video ads personalization is
premature. Alternatively, it may make greater sense for the advertiser to target content because
a user that comes to watch a particular video is “in the mood” about some particular topic
(i.e.,the user’s transitive interest).

Impact of Ads on Profiles. In the previous section, we observe that user profiles can
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change dramatically after watching even a single video. We also observe that in a significant
fraction of instances, we are unable to attribute changes of the profiles to the video’s content.
In this section we examine the impact of ads viewed on the user’s profile.

Below we show two examples from our dataset that illustrate the potential connection be-
tween preroll ads and user profile changes.

To quantify the impact of preroll ads to the user profile, we consider instances that were
exposed to a YouTube preroll ad and compare the first level verticals of video ads vs. profile in-
terests added. We exclude interests that could have been attributed to the video. Figure 3.14(a)
shows the distribution of number of categories in the overlap. Observe that around 90% of
instances have at least one first-level interest added that is relevant to the ad, implying preroll

ads have a significant effect on the profile.
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Figure 3.14: Impact of YouTube preroll ads to the profile.

Since we have seen that YouTube preroll ads have direct impact on the user’s profile, do
other ad types also affect the profile? Consider Figure 3.15(b), where violin plots are shown
depicting the number of first-level interests added, excluding interests that match the first-level
verticals of the videos’ interests. For each ad type, a thicker horizontal bar means a higher
frequency of instances had the corresponding number of interests added. The bars are normal-
ized relative to the maximum frequency observed in the column. For example, most sponsored

video ads add zero YouTube interests to the profile, thus the thickest red horizontal bar for
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Sponsored Video ads occurs at zero. Each column in the picture is akin to a normalized his-
togram with values along the y-axis rather than the xz-axis. As seen in the figure, the presence
of a YouTube-hosted preroll, companion or sponsored video ad tends to lead to more changes
to profile than externally-hosted preroll ads or overlaid ads. In particular, if an overlaid ad was

shown, there were rarely any interest additions to the profile at all.
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Figure 3.15: Impact of YouTube sponsored ads to the profile.

Figure 3.16(a) provides a heat map of the co-occurrences of ad types. The values shown
in the cells are the proportion of instances with the row-labeled ad type that also contained
the column-labeled ad type. For example, 8.4% of instances with a YouTube-hosted preroll
ad were also shown a sponsored video ad. An important observation from this figure is that
overlaid ads were never shown when preroll ads (both YouTube- and Externally-hosted) were
shown. This provides support for the central thesis that “you are what ads you watch”, since
from Figure 3.15(b) preroll ads clearly affect the profile, while overlaid ads do not.

In Figure 3.16(a), it can also be seen that most companion ads are shown with a YouTube-
hosted preroll ad. In fact, we have found that most companion ads are linked in the advertising
message to the preroll ad (when YouTube-hosted). Thus, a large number of added interests for
companion ads shown in Figure 3.15(b) can be attributed to the YouTube-hosted preroll ads. In
fact, consider Figure 3.16(b), which has similar violin plots to Figure 3.15(b) except instances
with YouTube-hosted preroll ads are excluded. We can see that the number of YouTube interests

added for all ad types has almost reduced to zero, except in the case of sponsored videos.
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Website interests are also significantly fewer for externally-hosted preroll and companion ads,
although many instances are still above zero. These observations imply that presence of a
YouTube-hosted preroll ad and, to a lesser extent, sponsored video ads are associated with the

greatest impact on the user profile.
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Figure 3.16: Impact of YouTube ads to the profile.

To further consider the impact of sponsored video ads, we perform a similar analysis to the
YouTube-hosted preroll ads at the beginning of this section. We collect verticals for all spon-
sored videos and examine the number of first-level interests added to the profile that matches
the first-level verticals of the sponsored videos but does not also match the content of the page.
As shown in Figure 3.15(a), in 78% of the instances, at least, one additional interest was added
that overlaps the sponsored video’s verticals, but was not associated with the page’s video (con-
tent). This further indicates that sponsored video ads significantly affect the profile.

In summary, the observed patterns suggest that YouTube is more aggressive in assigning
interests to user profiles sourced by its own content, such as YouTube-hosted preroll ads, spon-
sored video ads, and video content. External content, such as externally-hosted preroll ads and

overlay ads appear to play a less important role.

3.3.3 Polymorphic Videos and User Interests

There are YouTube videos that cover the same content but are uploaded multiple times by

different users. We call these polymorphic videos. For example, if one searches for “Charlie
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Bit Me” on YouTube, there are various versions of the video available.

Given the fact that polymorphic videos are covering the same event, we want to see whether
(1) ads served are also similar and (2) similar ads affect user profiles in a similar manner.

Data collection. Even for a given video, polymorphic videos are not easy to discover
automatically. For example, on the first page of search results for “Charlie Bit Me” there are
several non-polymorphic videos. Automation of collecting polymorphic videos is out of the
scope of this paper. Instead, we manually compose a polymorphic video set. We take 15 titles
of the most popular (or viral) videos on YouTube. To achieve video category diversity, we
choose viral videos from topics in Sports, Music, Comedy, and Education. For each video we
find 10 polymorphic videos from search results on YouTube. The titles of the popular videos
we selected are: 1. Justin Bieber - Baby. 2. Telekinetic Coffee Shop Surprise. 3. Charlie bit my
finger. 4. Diet Coke and Mentos Experiment. 5. A Letter From Fred. 6. Gangnam Style. 7. How
Animals Eat Their Food. 8. THE NFL : A Bad Lip Reading. 9. Pitbull - Timber ft. Ke$ha.
10. Randy Pausch’s Last Lecture. 11. The Sneezing Baby Panda. 12. What Does The Fox Say.
13. Miley Cyrus - Wrecking Ball. 14. Barack Obama: Yes We Can. 15. Zidane vs. Materazzi.

We use empty profiles to find out how polymorphic videos affect user profiles. For each of
the 150 videos, we conducted 100 crawl instances. Out of these 15,000 total instances, 6,619
had ads, 862 of which are distinct.

Similarity of polymorphic videos. Polymorphic videos have virtually the same content,
possibly with slight modifications by individual uploaders. It is natural to expect, that as the
result they get similar verticals assigned. However, only 7 of 15 polymorphic video sets have
at least one common vertical in all 10 of that set’s videos. Across the video sets, the average
percentage of verticals that are common to all videos in the set is 18%. These results indicate
that, either polymorphic videos do not have identical content from Google’s perspective, or
verticals are not assigned based on the content only. Yet the question remains how similar the
videos are compared to arbitrarily chosen videos.

We represent each video by the verticals associated with it, and compute its average Jaccard
similarity with other videos in the same set (intra similarity), and average similarity with videos
in other sets (inter similarity). The average intra- to inter-similarity ratio for all videos is ~

2.2. Therefore, videos in the same set are much more similar than videos across sets. So,
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while Google does not find their content identical, it does determine that they have substantial
similarity.

Ads in Polymorphic Videos. In previous section, we have established that ads and videos
often have verticals in common. In the previous section, we have also established that poly-
morphic videos have significant overlap in their verticals. However, will the user see ads of the
same advertiser on different versions of the video?

Let advertiser be the uploader of the ad video. We found that for all sets there are no more
than 2 advertisers (about 2% of all advertisers for a video set) that appear on all videos in a
polymorphic set. One advertiser (Volkswagen) has ads on all 150 videos, which implies the
advertiser’s targeting is generic.

The overlap of advertisers among polymorphic videos is small. However, do polymorphic
videos serve video ads with similar verticals? Looking at the first-level verticals associated
with the preroll and sponsored video ads, we find that Autos&V ehicles and Entertainment
are the most common ad category across all 15 polymorphic video sets. Although most of the
polymorphic video sets do not have a specific common vertical in their ads, interestingly all of
“Randy Pausch - The Last Lecture” polymorphic videos have Science&T echonology ads.

We have also observed that polymorphic videos have different frequency of sponsored video
or preroll ads. Our investigation did not find evidence that higher view counts or higher numbers
of channel subscribers necessarily guarantee higher frequency of ads. The exact causes of
different frequencies remain unknown.

Impact on Profiles. To check whether profiles that viewed polymorphic videos change in
a similar way, we follow the paradigm of Section 3.3.2 and examine the similarity in first-level
interests added to profiles. For 9 of the 15 video sets, only one interest was commonly added
(Arts& Entertainment). For the remaining 6 video sets, a set of 9 interests were universally
added to all profiles by each of those videos (a surprisingly high level of homogeneity).

To quantify the similarity of the resulting profiles, we compute the following three Jaccard

indexes considering only crawls that did not witness ads:

o (Same-Video.) We compute Jaccard index for each video, over 100 instances of crawls

performed. We find that the profile is not deterministic (even with no ads displayed).
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o (Intra-group.) To capture the similarity across the 10 videos of a polymorphic group,
we compute the Jaccard index averaged of all pairs of crawls in the polymorphic group,

excluding pairs of crawls of the same video.

o (Inter-group.) As a baseline examining videos without a polymorphic bond, we compute
the Jaccard index over all pairs of crawls, s.t., videos in the pair are from different sets.

We then average over all pairs for the given polymorphic set.

The results are presented in Figure 3.17. As expected, profiles’ changes from different crawling
instances of the same video have the highest similarity, followed by similarity of profiles within
the same group, and finally across different groups. In a paired t-test, the difference between
same video and intra-group profiles is statistically significant (p = 0.0002). Likewise, the dif-
ference between intra-group and inter-group profiles is also significant (p = 0.002). As results
indicate, watching polymorphic videos do not result in the same level of profile similarity as
do watching the same video. So, if two users with similar profiles are interested in the same
video content but watch different versions of it, they are more likely to have a larger difference

in profiles afterwards.
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Figure 3.17: Similarities of profiles from crawls without ads, for same video, intra and inter
polymorphic video sets.

The presence of the ad increases the difference between resulting profiles. The comparison
of profile intra-group similarity is shown in Figure 3.18. For nearly all videos, witnessing
ads resulted in less similarity in the profile. This result is significant under a paired t-test

(p = 0.007).
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Figure 3.18: Profile similarity comparison for 15 sets of polymorphic videos.
3.4 Discussion

In our study, user interest profiles were simulated by automatic crawling web pages of specific
topics. The huge advantage of such method is its scalability for collecting large data. While
the main limitations are two folds: (1). it is hard to mimic real user’s browsing behaviors,
whose web page dwell time, page visit time of day, location are all possible factors that impact
the user interest profiles produced by the companies; (2). the analysis of user interest profiles
were based on the public information of web page, such as web page categories, and based on
the information disclosed by the companies. This depends on the portions of the user profile
information the companies willing to share with users being tracked.

The developped crawling infrastructure was used to gather over 175K distinct ads and as-
sociated data (landing pages, creatives, etc.) from 180 large English language web sites that
run display ads'*. We use 340 different user profiles in our crawling experiments. We make
no claims that this sampling of web sites shows all available (English) display ads since local
advertisers often focus on smaller, local sites. We employed different crawling strategies to
assemble a data corpus that is extensive enough to expose key characteristics of the Adscape
and provide insights on the most commonly-used targeting mechanisms.

When analyzing our data, we first consider the general targeting mechanisms that are used

on different sites. Not surprisingly, we find that the majority of sites do indeed use targeting

“While we restrict our focus to English language web sites for this study, our methodology and tools can be
more generally applied.
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mechanisms on over 80% of their ad inventory. However, many sites show a substantial number
of ads to all users regardless of profile. We next consider the Marketers who are engaged
in online display advertising. Our analysis shows over 3.7K distinct Marketers from diverse
business segments such as shopping, computer sales and financial services. Third, we drill
down on the details of the ads themselves. Our analysis reveals that (i) interest-based targeting,
which attempts to ensure that ad types shown generally align with the customer’s interest profile
characteristics, is widespread, and (ii) age and gender-based targeting is also widely used.

We choose to focus on YouTube, and use our user profile-aware crawler in a series of
collection experiments conducted over a one week period. We configured the crawler with 26
distinct user profiles and target 251 videos with diverse content. The result of our efforts was a
corpus of 2,290 unique video ads, and the profile data from the individual crawlers used. Some

of our findings are as follows.

e Video watched affects user profile significantly: a visit to a single video can add several
— in some cases up to 25 — new interest categories to a user profile. However, the
connection between video content and specific changes in profiles is not always evident.
There is significant overlap between video and ad contents.

e Our analyses show that video ads usually target the video content on the page, rather than
targeting video viewer’s profile interests.

o Interestingly, we also find that not only video content that is viewed but the video ads

that are shown to users can also affect user profiles.

e YouTube has polymorphic content. That is, many videos are identical or differing little
from each other. We find that different versions of the content can have a very different

impact to profiles, and the difference is larger under the impact of video ads displayed.

Our empirical results imply that the mechanisms used by video ad platforms for user profile
maintenance are complex and careful consideration of this behavior must be made in develop-
ing economic models of this ad ecosystem which is quite distinct from other online ads like
display or sponsored search and also different from traditional video ads like in TV. Further,
if we seek to understand the details of the ecosystem this is critical to understand how users’

video viewing behavior online ends up impacting the ads they are shown.
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3.5 Related work

Our ad crawling capability is most directly related to standard web crawling, which is widely
used to gather content for search engines and a host of other applications. Early web crawlers
emerged nearly two decades ago including WebCrawler [83], World Wide Web Worm [70] and
RBSE [37]. Googlebot > and Bingbot '© are two of the most prominent examples of modern
web crawlers. The on-going challenges in content crawling include the ever-increasing number
of websites, increasing use of dynamic content, and the tension between crawling frequency
for information freshness and demand on Internet resources. Examples of studies that consider
these problems include [20, 25, 29, 78].

Pandey and Olsten consider “user centric” web crawling in [80]. Their focus is on schedul-
ing web crawls to specific pages in order to maintain the most up to date versions in search
engine repositories. At the highest level, elements of our ad crawling system have similar
objectives. More recently, Liu et al. consider the problem of using hints from user browser
histories to organize URL lists for crawling [63]. We are aware of no prior work that builds and
employs user profiles for ad crawling in the way that we do.

The task of crawling ads differs significantly from web crawling in a number of ways.
These include but are not limited to the fact that (i) different ads can be shown to a user on
each page reload, (ii) ads are delivered based on information beyond page context, (iii) display
ads must be differentiated from other visual elements on a page. We are not aware of any work
describing methods for crawling display ads. However, there are number of plugins that allow
users to filter out display ads. AdBlock !7 is one of most widely used.

Our study on YouTube video ads and user profiles is most directly related to ad targeting,
ad crawling and users’ online advertising profiles. In [62] the authors performed large scale
display ads data collection by developing a browser plug-in, their results showed that most of
the ad categories are behaviorally targeted. From economics perspective, [39] studied com-

panies advertising revenues as the function of user information, they showed that most of the

mhttp://Support.google.com/webmasters/bin/answer.py*?hl:en&answer:182072

Yhttp://www.bing.com/blogs/site_blogs/b/webmaster/—-archive/2010/09/03/
bingbot-is-coming-to-town.aspx

"http://adblockplus.org
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http://www.bing.com/blogs/site_blogs/b/webmaster/-archive/2010/09/03/bingbot-is-coming-to-town.aspx
http://www.bing.com/blogs/site_blogs/b/webmaster/-archive/2010/09/03/bingbot-is-coming-to-town.aspx
http://adblockplus.org
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advertising revenue was contributed by a small portion of users. In our study we found that
video ads are mostly targeted by context in YouTube video ads market.

Shortly after YouTube got popular, studies were conducted to understand its system infras-
tructure [12], viewer characteristics and video popularity. [32, 30] crawled YouTube videos at
large scale and found that YouTube videos are different from traditional streaming videos from
length to life span. In [97], authors analyzed network traces collected by monitoring the traffic
between YouTube and a university network, they found that global and local video popularities
are uncorrelated, and alternative infrastructures were suggested based on the observations. As
the popularity of mobile devices emerge, [87] studied YouTube video format and download-
ing mechanisms on mobile devices. [38] conducted a study on traffic generated from mobile
devices and PCs, authors found that the YouTube access patterns are similar regardless of lo-
cations and user devices. Moreover their results revealed that more than the half of the video
playback was abandoned at 20% of the whole duration. This observation aligns with our con-
clusion, that in order to observe all the changes of the profile it suffices to stay only a fraction
of the video duration on the page.

There are multiple prior works on understanding YouTube video and user behaviors. Based
on a large YouTube trace data set, [28] studied YouTube video popularity properties and view-
ers’ focus evolution and provided insights into user behavior and video popularity distribution.
[36] characterized YouTube usage from perspective of video and user characteristics in differ-
ent geographical regions. We find, that frequency of ads does not depend on number of views
of the video.

Content duplication phenomenon has been studied for a long time. [28] discovered the
content duplication phenomenon on YouTube in their video popularity analysis, [93] analyzed
YouTube search results and found a large amount of duplicates (27%) in popular search results.
[82] analyzed video content to detect duplication and content overlap in YouTube, and have
discovered significant rate of duplication (16%) in their test video collection. We have explored
which categories get assigned to polymorphic videos, their similarity, as well as their impact to

user profiles.
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Several studies consider the problems associated with privacy and online advertising. Castel-
luccia et al. [27] demonstrated that one can reverse engineer users’ profiles by looking at tar-
geted ads displayed to her and making inferences about the target interests revealed in ads. In
their work, they focused on root level categories of tree of profile interests that can be found on
www.google.com/ads/preferences/. Roesner et al. [89] present a taxonomy of dif-
ferent trackers i.e., in-site, cross site, cookie sharing, and social media trackers. In experiments,
authors simulated users using AOL query search logs, and considered how prevalent tracking is
in this dataset and propose an extension that helps to protect user privacy. Finally, the study by
Gubha et al. [42], which described challenges in measuring online advertising systems, informs
our work. However, their primary focus is on privacy issues, while ours is on broader Adscape

characterization.

3.6 Conclusion

User interest profile is the common language that companies use to represent users tracked by
them and let advertisers find the right audience they want to target to show their ads.

In the efforts to find more user signals to infer their interests, companies try to understand
each webpage visited by the user in great detail, so that each user’s profile could learned and
users are distinguishable by their detailed profiles. Inevitably, some noisy signals from user
activity pages are also introduced in this process. It is still a non-trivial challenge in both
research and industry, how to identify the underlying real user interests, even if the contents are
similar by nature but with some differences in representations, and how to model the dynamics
of users interests.

We surveyed the current state of art practices how online users are represented in the adver-
tising industry. It is closed systems how companies store user activity information and produce
interest profiles for them. In order study and observe those closed systems, we proposed a
framework for creating synthetic user interest profiles by topic controlled web crawling, in-
cluding regular web page browsing and video watching, to study the correlation between user

online activities and the dynamics of user interest profiles in different companies.


www.google.com/ads/preferences/
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Chapter 4

User Modeling on Mobile

Mobile device usage is a significant part of people’s daily life. In 2014, comScore [9] reported
that 60% of American digital media consumption time was from mobile devices. According
to Flurry Analytics, in 2014, overall mobile application (app) usage grew by 76% [7], and
there is little change of the app download rate per user per month since 2011 [2]; consistently,
Americans average about 9 app downloads per month. The enormous number of app installs
drives mobile app-install ad business. According to BI Intelligence [5] the US mobile app-
install ad revenue will top 4.6 billion in 2015, and reach 6.8 billion by the end of 2019. All
these motivate efforts to understand user interests and needs in mobile app usage and improve
the way users discover useful apps.

Some time ago, website browsing was the primary mode of accessing online content. There
was progress in understanding how users consume online content and how to use their historical
patterns to predict future behavior through machine learning techniques[94, 31, 18, 71] Given
behavior targeting is a norm in the online advertising industry, [22, 75] took third party’s view
to design and conducted careful experiments to measure the extent of behavioral targeting in
online display ads.

Just as website visits reveal a user’s online content consumption interests, user activities on
mobile devices are represented by the mobile apps they install and use and the app sessions gen-
erated over time. According to a Nielsen report [8], in 2013, American users used on average
about 27 apps per month. Therefore, it is critical to find out what (new) mobile applications are
useful to a user. One can leverage users’ mobile app interests to improve the mobile application
discovery mechanisms in markets or target audiences in advertising campaigns.

In this chapter, we present a first-of-its-kind study of modeling mobile apps contextual

similarity based on a large amount of users’ app usage activities. We present an app2vec
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model [65] to vectorize apps using the app usage context, and we demonstrate the effectiveness
of thus learned app vectors through applications.

Our contributions are summarized below:

o (Vectorization App Usage) Based on the usage history of apps across a huge sample user
set from Yahoo!, we propose a model app2vec to represent apps in a vector space
without a priori knowledge of their semantics. In contrast to the word2vec model on
documents [10], we weight the apps in a training context by the usage time interval to
the target app. We show that vector operations on the app2vec representations cap-
ture semantic relationships between apps, similar to how word2vec vectors capture
linguistic relationships among words and phrases [74]. Further, we demonstrate a simple

application of app2vec in user targeting.

o (Quantitative Evaluation) A common challenge for the word2vec model and newly de-
veloped models on top of word2vec is evaluating the quality of the word similarities
using the learned word latent vectors. In our study, we conducted large-scale editorial
evaluations on the quality of learned app similarities to compare several models includ-
ing bag-of-words, matrix factorization, and app2vec. We also share the insights about
the challenges and issues of each model in comparison, and we believe they can help the

app ad research community to understand the results from word2vec framework better.

e (Application 1) In online advertising systems, there are usually hundreds of thousands
of eligible ads for a given impression, and an ad serving model has to go through each
eligible ad to calculate the probability of click or conversion to make ad selection. We
propose using a method based on a determinantal point process (DPP ) to pre-process
the large set of eligible ads to generate a smaller set of important and diverse ads (what
we call the ad consideration set) that can then be fed into an ad selection algorithm. A
DPP is a distribution on subsets of apps assigning more weight to subsets containing
popular as well as “diverse” items, where diversity is measured according to cosine dis-
tance between app2vec representations. Our algorithm outputs a set of k apps that is
(approximately) the mode of a DPP distribution on subsets of size k. In off-line experi-

ments, using app-install ad serving logs from Yahoo!, our proposed method can achieve
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a 36% lift in precision and 47% lift in recall compared to prior collaborative filtering

methods (e.g. for k£ = 5).

’

e (Application 2) For personalized app recommendation, we give an algorithm using DPP s
and app2vec to cluster apps based on app distances in their vector space. We obtain a
natural clustering of apps by sampling a set of apps from a DPP and using those apps
as cluster centers. Through off-line experiments on Yahoo! data, we show that this com-

bined technology gets 7% lift in precision and 9% in recall over conventional methods.

e (Application 3) In app-install advertising, conversion prediction model is used to esti-
mate the probability of app install given an online impression from a user, which is then
used to make the final selection of ad. In this scenario, through extensive experiments
using ad impressions from ad server logs, we demonstrate that using app vectors learned
from app2vec can achieve about 4.7% lift in AUC over baseline conversion prediction

model.

4.1 The App Similarity Problem

In the mobile world, on one hand users are installing and trying new apps over time, on the
other hand, there are thousands of mobile app developers who want to get more users to install
their apps and grow their user bases. Therefore, how should app developers target mobile users
to install new apps? More specifically, for app developers, the question is how to find users

interested in their apps? First, let us look at the example below:

Example 4.1.1 Assume there are three users X, Y and Z, and each of them uses a set of
apps. User X uses { “Angry Bird”, “NY Times”, “House Finder”}; userY uses { “Six Flags”,
“Boston Post”, “Zillow”}; user Z uses { “Tumblr”, “Yahoo Mail”, “Flickr”}. Suppose the
developers of “Redfin” app want to promote it and ask the question “who are the users inter-
ested in real estate?” It is natural to think that users X and'Y are probably better candidates
than Z to target for advertising, because they use apps “House Finder” and “Zillow” that are

in the real estate category, similar to “Redfin”.
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From this example above, the reason that users X and Y seem to be better candidates to
target for advertising is that they use apps similar (e.g., of the same app store category) to
the advertiser’s app. However, how to determine which apps are similar to advertiser’s apps?
Formally, the fundamental problem we want to solve is: given a set of users U, and the historic
app usage sessions S,, of a user v € U, where each app session s; € S, is represented by
(ug, aj,ts, te), meaning user u; used app a; starting at time ¢ and ending at time ¢.. We would
like to learn a similarity function sim(a;, a;) for two apps a; and a;.

Two potential ways of solving this problem are:

e Bag-of-words. One approach to computing app similarity is through the bag-of-words
method using app meta information. We can analyze the textual information in an app’s
title, description, market categories, user reviews, etc., or even enriched information from
search engine results [95, 96]. There are several drawbacks to this approach: the app
textual information are mostly provided by app developers, so the quality of the texts
differ, and the data is noisy. For example, a game app description says how one can
run a cafe, but based on the texts it is hard to distinguish it from a real cafe shop app.
Another drawback of bag-of-words approach is that it is language specific, although
people speak different languages and use apps developed in different languages, their app
usage behavior may be similar. For example, people like to take photos of the highlights
of a day, then use photo editing apps to beautify the photo and share it with friends in
social apps. To identify such common user behavior patterns across languages, one has

to build a different model for each language.

e Vectorization. Another approach is to learn latent vectors of apps [61], and then the
distance between any pair of apps can be computed easily based on their latent vectors.
In this approach, one can compose a user-app matrix based on user app usage history.
In the matrix, a cell value is 1 if the corresponding user uses the specified app, and 0
if the user does not use the app. Or one can use normalized app usage (e.g.,based on
the number of app sessions, the amount of time spent in apps, etc) as the cell values
to represent the app usage intensity. Then low-rank approximation algorithms can be

used to get the latent vectors of users and apps. This approach does not suffer from the
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high dimension problem as the bag-of-words approach. In later sections, we compare the

learned app distances from this method to our proposed app vectorization method.

A common drawback of the approaches discussed above is they do not take app usage
context into account. Similar apps that have different descriptions, or complementary apps
which are used in similar contexts but have different functionalities, are not learned. In our
study, we model apps based on their empirical app usage contexts (i.e., the sequence of apps
used in a relatively short period) generated by millions of users. Based on usage context, we
learn a latent vector representation for each mobile app; distances between vectorizations of

the apps can then be used to measure similarity.
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Figure 4.1: Popularity of app categories.

Our data is obtained from app usage information available at Yahoo!', which includes the
app usage. From this data set, we can find out how many times an app was used, used with what
other apps, and how users switch from one app to another?. Figure 4.1 shows the top 10 popular
app categories in both platforms, based on 100 million users samples from February 2015 for
both iOS and Android users. The most popular app category in both markets is “Games”, and

the two markets have 7 app categories in common in the top 10 list, which implies that app

1https ://developer.yahoo.com/.

2For anonymity, all user IDs were removed for data analysis.
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usage behaviors have a lot in common regardless of their mobile device platforms. The studies
in later sections focus on iOS users. In both platforms, although the most popular categories
are installed by at least twice more users than the rest of the categories, there is no dominant
app category. Most of the app categories are used by a few users, implying that beyond the

most popular app categories, people have quite different tastes in apps.

4.2 Mobile App Modeling — app2vec

We now describe the background for and results of our vectorization in more detail.

4.2.1 word2vec Background

Our work is inspired by recent work on neural network models [74, 73], where the continuous
bag-of-words (CBOW) and skip-gram (SG) models were proposed. In these works, the goal is
to learn a latent vector for each word using a large corpus of documents, where the semantic
distance between two words can be measured using their latent vectors.

Continuous bag-of-words. In this model, a log-linear classifier is used to predict the cur-
rent word based on its preceding and succeeding words, where their representations are aver-
aged as the input. With different application domains, how to form the input from context words
should be adjusted according to domain knowledge. The objective of CBOW is to maximize

the log-likelihood:
T

L= Z log P(we|wi—c : wiye)
t=1

where 1" is the size of word sequence, w; is the ¢-th word in the word sequence, c is the
context length (or half of the sliding window size), and w;_. : w4, is the sub-sequence

(Wi—cy -« ., Wige) Without wy. P(wi|wi—¢ : wige) is defined using softmax,

’
vat)

w —
Y ey exp vy,

exp (v

73(10t|wt—c : wt+c) =

where v;)t is the output vector representation of word wy, and v is the average of word

vectors in the context,

1

—e<j<e,j#0
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where v,, is the input vector representation of word w.
Skip-gram model. Instead of predicting current work using surrounding words, skip-gram
does the opposite that uses current word to predict the surround words. Its objective function is

defined as,

T
L= Zlog P(wt_c : wt+c\wt)
t=1

Assuming the independence among the contextual words, the probability distribution is
simplified to,

Plwi—c:werelw) =[] Plweglw)
—e<j<e,j#0

where the probability is defined by softmax:

P(wisjlwe) =

4.2.2 App Vectorization — app2vec

Taking an analogy to word and document modeling, we can treat each app as a word and each
user as a document consisting of app sessions that take place in the order of time. However,
there are unique properties to app session sequences that do not exist in text documents. Con-
sider the below example:

Example: app session sequence of a user u is — (A, t1, A, to, A, t3, B, t4, C, t5, A).
A, B, C, are different apps, t; is the elapsed time between two app sessions. A could be a
social app that u uses quite frequently.

The example above illustrates two challenges in processing app session “documents”: (1)
there are cases that an app is used multiple times in a row. In this case, the repeated app
sessions of the same app are likely to be usage independent of other apps. Intuitively, we want
to capture the similarity between apps within close usage context. Therefore, we pre-process
the app session sequences to de-duplicate the repeated app sessions from the same app by only
keeping the session followed by a different app. So the app session sequence in above example
becomes (A, t3, B, ty,C,t5, A). (2) In the app usage context, if two app sessions are far apart

from each other, they are likely to be less similar to each other. Therefore, we need a modified
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word2vec model to consider the weight between apps, where weight is measured by the time
elapsed between two app sessions.

In the original CBOW and SG models proposed in word2vec, each word in the context
is treated equally. It is a natural and simple assumption that words in the context are equally
relevant to target word. However in the scenario of modeling mobile apps, app sessions have
varying intervals in between, and intuitively the app sessions within a short interval to target app
should contribute more in predicting the target app. Therefore, we modified CBOW algorithm
to include the weight of context words. Let weight of word w; to the target word w; be:

r(w;, wy) = o

where « is empirically chosen as 0.8, and [ is the number of minutes between app w; within
the current context and target app wy.

Plug in the recency weighting to CBOW model, v becomes,

2 —egj<ejzo T(Wh W)Y,

2 —e<j<egro (Wi wi)

v =

In our study, the app vectors are trained by using this modified CBOW algorithm.
app2vec Training Results

Dataset. Our data is obtained from app usage information available to Yahoo!3. If app
developers use the SDK provided by Yahoo!, app installation and use are tracked and recorded.
From this data set, we can find out how many times an app was used, used with what other apps
in a short period, and how users switched from one app to another.

We sampled 300 million iOS users from February 2015 and used all app sessions generated
by those users to build the app vectors. A user’s app sessions are concatenated to form a user
document #. Then we pre-process the user documents to de-duplicate the repeated app sessions
and compute the elapsed time between app sessions. Then the whole data was read in one pass

to train our app2vec model.

*https://developer.yahoo.com/

*User ids were removed after composing the app session sequences for keeping anonymity.
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Query A Based on user-app Direct application | app2vec with preprocessing
Y APP matrix factorization | of word2vec and weighting
A photo editor app A screen theme app | A text and video chat app
A social chatting app | A music discovery and .
sharing app A toolbox app A music player app
_ A schoolmate chatting app
An emergency all app | A solitaire game app (non-English app)

Table 4.1: Example of top similar app with data preprocessing.

The app2vec model generates a real vector for each app, such that the distance between
two apps can be computed by taking their cosine distance. Apps that are commonly used in
similar surrounding apps are more relevant than those used in different usage contexts.

Table 4.1 shows some examples to compare the quality of learned app similarity using
matrix factorization method and our proposed app2vec model. For app2vec model, we
also compare before and after preprocessing the user app session documents and considering
weights of context apps>. We can see that the top similar apps make much better sense for
the app2vec model after preprocessing the data and weighting than for the other models. In
this comparison, we used the dataset that is used to train app2vec model to form a user-app
matrix, and take low-rank approximation to get latent vectors of apps. One advantage of the
app2vec model over bag-of-words approach is that it is language agnostic. For example, for
the first query app, the app2vec model can identify a very similar chatting app in a different
language.

To get a better understanding of the learned app similarity, Table 4.2 displays several more
examples of relevant apps from the built app2vec model. And we compare with the similar
apps obtained from the matrix factorization (MF) method, which composes a user-app matrix
using the data set and takes low-rank approximation to get latent app vectors. In the first ex-
ample, from the app2vec model, the dictionary app’s most relevant apps are not only limited
to other dictionary apps, but also the apps that are very likely to be used in the context. There
are needs to query a (novel) word or phrase, such as in social communication and messaging
apps. Whereas the similar apps obtained through the MF method are less meaningful, except
the trivia app where one can imagine a dictionary is handy when to play trivia. In the second

example, the querying app is used to search for a house for sale or rent. For the app2vec

SDue to the privacy policy, app names are not displayed here.
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Queried App Based on user-app matrix factorization app2vec
. An app to watch, create and
A fit d .
ness and exercise app share short videos
A food take-away order app A horoscope app
A trivia a An app to share fun conversations,
A dictionary app PP photos, videos with friends

A casino game app

An app to share secrets and send
messages anonymously

An app to search for house
or apartments for sale or rent

An app to make online payment

A video streaming app

An app to search local real estate
or find homes for sale

An app to get free credit reports, credit
scores, and daily credit monitoring

A coffee shop app

An app to get free credit reports, credit
scores, and daily credit monitoring

A finance app to manage bank or
financial accounts

An app to publish items for sale or to buy

A wallpaper app

A navigation app

A news app

A car racing app

An app for home improvement ideas
and designs

An app to search for deals, coupons
An app to search for cheap flights and
compare prices

An app that help mobile device to
accept credit and debit cards payment
An email client app

A role-playing game

All 4 apps are role-playing and RPG games

All 4 apps are role-play and RPG games

Table 4.2: Examples of relevant apps from app2vec model.

model, the most relevant apps include credit checking and home interior improvement design
apps, which make sense in real life scenarios. But for the MF method, only two of the top 4
similar apps are related to house/apartment hunting. In the third example, the querying app is
used to make online payments. The relevant apps from app2vec include shopping apps and
mail client app (the latter one makes sense intuitively because it is used to check email receipts
after making a payment). But the top 4 similar apps from the MF method do not make much
sense. In the last example, all queried relevant apps for role-playing game apps are the same
type of RPG game apps. For this query, both app2vec and the MF method work well.
Quantitative evaluation. In addition to the specific examples discussed above, we also
measure the quality of app similarity in large scale through manual review. We sample 1000
apps from the data set used to train app2vec model and use different models to retrieve
the top-1 similar app to those 1000 apps. The retrieved app pairs are categorized into three
types through editorial efforts, (1). Strongly relevant: the two apps have (almost) the same
functionality, e.g. two apps are the same type of game. (2). Relevant: the two apps have
complementary functions and can be used together to achieve one task, or the use of one app
needs actions from another app. (3). Not relevant: there is no obvious connection between

two apps. The manual review process involves reading the apps’ app store page and make an



App A App B Evaluation Category
Car racing game app Car racing game app

developed by company X | developed by company Y Strongly relevant

A restaurants Food ordering and Relevant

review app delivery service app (complementary functions)
A news app A flash light app Not relevant

Table 4.3: App similarity quantitative evaluation criteria.

57

BoW BoWCategory MFBinary MFIntensity word2vecOnApp
(Bag-of-words . . . . . . .
(Bag-of A (Binary matrix | (Usage intensity (Direct application | app2vec
within same oo . Lo
-words) factorization) matrix factorization) | of word2vec)
app category)
Strongly relevant | 51% 58% 21% 18% 45% 63%
Relevant 1% 2% 13% 17% 14% 19%
Not relevant 48% 40% 66% 65% 41% 18%

Table 4.4: App similarity quantitative evaluations using different models. Each model is used
to query top similar app to 1000 sampled apps, and editorial evaluation accesses the quality of

similar apps.

assessment based on the apps’ description and screenshot images. Table 4.3 shows examples

for those three categories.

Table 4.4 summarizes the evaluation results for several different models:

e BoW: bag-of-words approach, computes two apps’ cosine similarity based on the key-

words extracted from app’s meta information, which includes app name, category, de-

scription. Standard text pre-processing steps, such as stop word removal and stemming,

were taken before extracting keywords. Each keyword is then tf.idf weighted.

e BoWCategory: intuitively, two apps from the same category are more similar than

apps from different categories. This method is also based on bag-of-words approach to

compute two apps similarity, but we retrieve the top similar app from the query app’s

category.

e MFBinary®: matrix factorization approach, the matrix used to do low rank approxima-

tion is user-to-app matrix M, where m; ; = {0, 1} to indicate whether user u; uses app

a;. The rank is set to be the same as app2vec latent vector size.

e MFIntensity: the matrix used to do low-rank approximation is user-to-app matrix M,

where m; ; is the percent of app (app j) sessions used by user (u;) among all apps used.

The rank is set to be the same as app2vec latent vector size.

SFor matrix factorization approach, one month app usage of 300 million users are used, since a user may not use

all installed apps in one day.
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e word2vecOnApp: direct application of word2vec: treat each user as a document,
apps used as words and the sequence of app sessions as sentence. Directly apply word2vec
on this set of user documents.

e app2vec: proposed in section 4.2.2, where a user’s app sessions are pre-processed to
combine adjacent sessions from the same app, to apply a larger weight to apps used

within a short time frame.

We can see from Table 4.4 that across all models, numbers of app pairs belong to the
same type are much larger than those have relevant functionalities. Especially for BoW and
BoWCategory, almost all the semantically relevant pairs (about 60%) are apps of the same
type. It is expected in that if two apps’ keyword sets overlap, they are likely used to describe
the same functions of the apps. However, due to the ambiguity of keywords, sometimes, the
same set of keywords are used in different types of apps. For example, {“food”, “drink”,
“order”, “check-out”} can be used in an app to make food delivery orders and in a restaurant
simulation game app. A simple way to improve on this aspect, one can limit to retrieve top
similar apps from the same app store category. By applying this method, BoWCategory
retrieves 13% more apps belong to the same type. BoW method relies on the quality of the app
meta information (e.g., app description provided by developers), it does not take into account
of user usage information. As to the few cases of relevant functionality app pairs, it is largely
by chance. For example, in one such pair, one app is an RPG game, and the other app is a user
guide app for this game.

MFBinary and MFIntensity generate similar results, semantically relevant app pairs
are about 35%. The amount of same type app pairs is much less than BoW approach, but app
pairs that have relevant functionalities get improved significantly. And by using user-app usage
intensity information, MFIntensity captures 26% more relevant function app pairs than
MFBinary. It is expected to have more app pairs that have relevant functionalities using MF
model since by formulation it captures the app co-use patterns across the users. For example,
one of such app pairs includes an app to help users to look for nearby outdoor fitness parks
which have exercise equipment, and another app is a fitness exercise tracking app to record
amount of exercises done. However, overall MF model does not generate better interpretable

app pair relationships than simple BoW approaches. Our hypothesis is that an individual user
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installs a diverse set of apps on his/her device, spanning from utility app, wallpaper app, battery
life monitoring app, to stock trading app. A well trained MF model probably retrieves pairs of
apps that are co-used by many similar users. However, those pairs of apps are not necessarily
semantically related.

Comparing direct application of word2vec on users app usage data (word2vecOnApp)
with the simple BoWCategory method, the total numbers of semantically relevant app pairs
are almost the same. But we can see 23% of the semantically relevant app pairs are identi-
fied as having a relevant function, comparing to 3% by BoWCategory model. It is because
word2vecOnApp utilizes the app usage contexts from users, where the function relevant
apps are likely to appear in the same contexts, and the signals can be picked up by word2vec
model. However, the difference from word documents are (1). in users’ app sessions the same
app can have many consecutive sessions (e.g., usage sessions from messaging apps, social
apps). These are noise to the word2vec model which does training on moving window con-
cept, and the context windows are not well formed; (2) the semantic contexts can be formed
better by utilizing the time intervals between app sessions. Therefore, word2vecOnApp can
be improved further by approaching these two issues.

app2vec has 82% of the retrieved app pairs evaluated as semantically relevant. Compar-
ing to word2vecOnApp, app2vec identifies 40% more pairs that are of the same type and
33% more pairs that have relevant functionalities.

App analogy examples. In the original word2vec paper [74], the authors illustrated
interesting examples of word analogies can be found through word vector operations, such as
(“man + king - woman = queen”). When the same operations are conducted on the learned app
vectors from app2vec, interesting app analogies also can be found. Table 4.5 shows some
examples of app pairs with nice semantic implications. For example (as shown in the first row),
an email client app is related to notes taking and reminder app. When we apply the vector
operation with a public transportation schedule app, we discovered that a social events app
to complete the analogous pair. It makes sense that these two are used in complementary for
going to and coming back from social events. Another example in the table (second row), for a
pair of apps including a travel guide and trail maps app. The analogous pairs found include a

daily nightlife events discovery app and an app for fitness exercise and training tracking. This
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V4 - UB

+ Vo

=vUp

Mail client app for hotmail & outlook

Sticky notes & reminders app

An app of real time bus, subway &
metrotracker with off-line schedules.

An app for finding cool clubs,
fun bars, and other events.

Advanced photography app.

App that encrypts and protects
documents, e.g., photos, videos etc.

An app for personal trip advisor,
local travel guide & on road trip planner
- An app of US trail maps

Social network app for television
fans and movie buffs.

Community app for writers,
authors and readers.

An app that shows which bars, night
clubs and pop-up parties are most
popular every night of the week.

An app that helps people do
exercises, track training progress.

An app that provides healthy
restaurant nutrition guide
- An fitness app that focus on walking training
plan, and gives how-to-lose-weight tips

An app that lists grocery cash back,
coupons, freebies, and rewards on
healthy & popular brands.

An app that lets users earn rewards
just for taking photos of their
shopping receipts.

An app for small business that enable

An app that lets users send money
for free. Transfer to any bank

phone to accept credit card payments.

overnight.

Table 4.5: Examples of app analogies.

example makes sense in that people who are social butterflies probably care more about being

in shape.

4.3 app2vec in Diverse Ad Consideration Set Selection

In online advertising systems, there are usually hundreds of thousands of eligible ads for a given
impression, and ad serving model has to go through each eligible ad to calculate the probability
of click or conversion to make ad selection. Response time to ad requests should be quite
small. Therefore, efficiency is critical in eligible ad evaluation and ad selection. We propose
using DPP method to pre-process the large set of eligible ads and generate the smaller sets of
important and diverse ads and try to optimize the total likelihood of ad click. This smaller ad

set is called consideration set (advertiser bid is not considered at this stage).

4.3.1 Determinantal Point Process (DPP) Background

Determinantal point processes (DPPs) [52] were initially used in physics to model repulsion.
Recently this technique has received attention in machine learning; the focus of DPP-based
models has been on diverse subset selection from a discrete and finite base set. A DPP-based
method selects a subset of most diverse items from a given set. Some variants of DPPs can con-
sider the quality of items and restrict the size of selected subset. In this section, we give some
background to DPPs, and present our proposed applications in app clustering (see section 4.4),

and personalized app-install ad selection (see section 4.3).
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A point process P on a discrete set I' = {1,2,..., N} is a probability measure on 2T, the
set of all subsets of I'. P is called a determinantal point process (DPP) if when Y is a random

set drawn according to P, and its probability is represented as

det(Ly)

P = ety

Where L is a matrix indexed by elements of I', L; ; is a measure of similarity of elements ¢ and
J, and Ly is a sub-matrix of L with only the elements in Y.

Intuitively, if elements included in the sub-matrix Ly are dis-similar (diverse) the values of
the diagonal are smaller, then det(Ly ) is larger, and Pr,(Y) has larger probability.

Original DPP models the diversity of elements in the set, a simple modification, can also

take element’s quality into account.

e Let ¢; be a normalized feature vector describing element ¢, similarity of two elements
T
(z)i ¢j € [_17 1]

e Let g; be the quality measure of element ¢

o Let Lij = qid} b4

Li,;

o LetS;, = —L—

‘We have

PL(Y) = (H q?) det(Sy)

€Y
Intuitively, a set Y has higher probability if elements in it have higher quality (first term) and
dis-similar (second term).

A basic DPP process does not restrict the size of the selected subset, in empirical applica-
tions very often it is desirable to select the most diverse and important subset of size k [52]. A
k-DPP on a discrete set I is a distribution over all subsets Y € I' with cardinality k. A k-DPP
is obtained simply by conditioning on a standard DPP on the event that the set Y has cardinality

k. A k-DPP probability PF is:

d€t(YL)

Pp =
> yr=k det(Yy)
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4.3.2 Our Approach

To demonstrate the idea of our approach, instead of using DPP without restricting the set output
size, we use k-DPP to select the mode of app sets at different size k. To choose a set of k apps
from all eligible ad apps, we need to prepare two inputs for DPP. One is the similarity between
two apps and the importance of an app to a given user. In our proposed method, app similarity
is computed through app2vec model introduced in Section 4.2. To get app importance ¢(a, u)
for a given user u, we use the average of an app’s similarity to all currently installed and used

apps A of this user.

1
q(a,u) = - ; sim(a, A;)

This is inspired by the classic, simple recommendation algorithm based on app similarity.

To optimize app-install ads click, our intuition is that ad apps that are relevant to the ones
being used by users are useful to complement users ordinary usage scenarios. However, it is
necessary to display a set of apps covering different categories to explore ad apps performance.
Therefore, our proposed method is to select the k¥ most important and diverse apps using k-DPP
(recall Section 4.3.1) from all eligible ad apps (apps that being advertised). To assess the quality
of selected ad apps in off-line experiments, we measure if the clicked apps are “contained” in
the selected & ad apps. We use precision and recall introduced in Section 4.3.2 as evaluation
metrics.

In the scenario of ad app consideration set selection, we want to generate ad app sets much
smaller than the set of all eligible ad apps. To enforce the limit of £ ad apps to be selected, we
use a greedy algorithm inspired by [76] for k-DPP, which is described in Algorithm 1.

Comparison Models Now we list the four baseline models used to compare with our pro-

posed model.

¢ Random model select k apps randomly from the set of available apps. This model serves

as the baseline without any user modeling efforts.

e Popularity model builds apps global rank based on the number of users who use those

apps, and top k apps are recommended to all users, so app j’s rank score for all users is:
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Algorithm 1 Greedy MAP for k-DPP

1: procedure SELECTKDPP(L, 5)

2:

10:

N A

Y+ o U+—%
while U is not empty do

i* < arg max;ep log det(Ly gy )

if |Y| > k then

break

end if

Y «YUs*

U+ {ili¢Y,I(YUi) e S}
end while

11: end procedure

Tuj = |Uj|

where Uj is the users who installed app j.

Naive similarity model measures the similarity between two apps using Jaccard simi-

larity,

_|uinyy)

? J

where U is the users who installed app ¢. Then the recommendation rank score of app j

for a user is computed as weighted average of its similarity to all apps installed by user:

L Dier, Sim(i, )
u,j ‘Iu‘

where I, is the set of apps installed by user u.

e Matrix factorization model used in our comparison is a low rank approximation model,

where given a user-app matrix M, m;; = 1 if user u; uses app a;. We want to find two

matrices PP and () such that

M=PxQT

with the goal to minimize the error:
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K
eij = (mij — Zpikaj)2
k=1
Evaluation Metrics Several evaluation metrics are applicable here, let the set of apps
clicked by user u in the test data be T'(u), and the selected ad app consideration set for this

user is R(u), where k = R(u). Then for recall and precision at consideration set size k are

computed as:

e Recall measures how many apps user clicked in the test data are included in the consid-

eration apps:
R(u) N T (u)

rQk = )

e Precision is the average precision over all users:

= [R(w) N T(w)
POk =3 R

4.3.3 Experiments and Results

We evaluate our proposed method through the off-line experiments. We consider the ad apps
that were displayed to a user as the whole pool of eligible apps to select consideration set,
and our goal is to select a small subset of the ad apps such that the ad apps clicked by the
user are contained in the selected apps. By varying k£ we want to measure the performance of
consideration set at different sizes. In ad serving systems, this ad app consideration set can
be used by ad selection algorithm to make ad serving decisions. Note that one can avoid the
deterministic set of apps from greedy algorithm output by using sampling-based approach to
approximate the mode of DDP’s output sets.

We sampled 300K users’ from February 2015 (after app2vec training data date) from the
ad server log, who had impressions from more than 5 different ad apps. In our evaluations, for
each method in comparison, we take top k£ (1 < k < 5) ad apps from all ads that were shown

to the user, and compare the precision and recall.

" Anonymized user IDs from ad servers were used to evaluate method accuracy.
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Figure 4.2: Performance comparison on ad click predictions for sampled users, for k& € [1,5].
Each point corresponds to one value of k, and value of k increases from left to right.

Figure 4.2, shows the precision and recall comparison different top k’s. Firstly, Random
model serving as the baseline without any modeling efforts has the lowest recall and preci-
sion. As k increases, the precision stays almost the same due to the randomness of the se-
lected ads. At k = 1, where we only select the top 1 predicted app, Popularity based
prediction method performs the best, followed by Matrix Factorization method and
Similarity method. This result makes sense since users are more or less aware of the pop-
ular apps (probably influenced by ads), so they are likely to click on the ad of the popular app.
However when k is larger than 1, we can see that Similarity based method outperforms
Popularity method, where similar apps to the ones used by the user are more relevant than
most popular apps. Note that when k£ > 2, Popularity model has lower precision than
Random model, it implicates that besides the very popular apps, the installation of most apps
is not due to its global popularity. More importantly, when £k is larger than 1, we can see that
DPP method achieves better precision and more interestingly it gets a better recall. The per-
formance decay, when increasing k is much slower than other methods. It implies that users
tend to click on a broad span of app categories, so the diversified ad app sets are more effective

than the classic methods.
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4.4 app2vec in App Recommendation

The output from app2vec can be utilized to improve the performance of existing models. In
this section, we showcase the application of app2vec model plus DPP in mobile app recom-
mendation.

The app recommendation problem we want to solve is: when given a set of users U and the
list of apps A; used by each user u;, how to generate a ranked list of & new apps for user u;
as recommendations. Such that the user is likely to use the recommended apps, and the apps
ranked higher in the list should have higher probabilities to be used by the user.

In conventional collaborative filtering (CF) approach, one can construct a user-item matrix
(M) with real or binary values for the matrix cell to indicate the strength of the signal, then
factorize the user-item matrix to obtain low dimensional latent vectors for users (L,,) and items
(Ry). In rating predictions, the values in M are the ratings, with the following object function

in matrix factorization:

min (Lu - Ry —7i5)% 4+ M| |L|13 4+ M| |RI I3
us o i

where 7; ; is item rating given by user i to item j.

4.4.1 DPP-based App Clustering

A common challenge shared by clustering algorithms that how to determine the proper number
of clusters. Trial and error are one of the popular methods that one can vary the size of clusters
then use some cluster quality checking metrics to find the best number of clusters.

One natural application of DPP on top of our app2vec model results is to cluster apps
into semantic clusters [50, 15]. The two critical elements of DPP are similarity measurement
between any pair of items and quality of items. In our scenario, app similarity can be easily
computed from latent app vectors produced by the app2vec model, where the similarity be-
tween apps means the how related in usage context are the apps. As to app quality (importance),
it can be measured by the number of users who installed the app as a proxy for its popularity.

We use the popular greedy algorithm proposed in [76] to find the most likely set of diverse
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and important apps, it is described in Algorithm 2.

Algorithm 2 Greedy MAP for DPP
1: procedure SELECTKDPP(L, S)

Y+ o U+—%

while U is not empty do
i* < arg max;ep log det(Ly gy )
if log det(Ly+y) < logdet(Ly ) then

break

end if
Y+~ YU
U+ {ili¢Y, I(YUi) e S}

10: end while

11: end procedure

R e A

From the same day of app2vec training data, we filtered out apps that were used by
less than 10 users. From the rest, we applied DPP to generate the most diverse and popular
apps without limiting the result set size. The result set contains 197 apps and below are some
examples of the found apps:

10 sample apps from the DPP result set: a weather app, a wallpaper app, a balloon shoot-
ing game (for kids), an app for a country’s maps, a checker game app, a movie maker app, an
adventure game, a navigation app, a news app, a financial account management app.

In next section, we propose a method to combine the DPP selected apps with the classic

collaborative filtering method to boost app recommendation performance.
CF Combined With App Clustering In app recommendation task, the user feedback is im-
plicit in that if an app is not used by a user, we do not know if it is because the user does not
like the app or user does not get a chance to see the app. We take implicit feedback matrix
factorization approach, which treats the task item prediction instead of rating prediction [47].

In addition to the classic matrix factorization based methods to approach recommendation
problems, we propose taking advantage of the app similarity learned from app2vec model
results to further improve the recommendation engine’s performance. We create app clusters
where the cluster centers are selected by DPP, which consumes app popularity (number of
users) as app importance, and app similarity is computed based on apps’ latent vectors.

The new objective function is:
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Method Precision@5 | Recall@5 | Precision@10 | Recall@10
Popularity Model 0.039 0.095 0.029 0.142
Naive Similarity Model | 0.057 0.143 0.042 0.204
MF 0.033 0.086 0.026 0.130
MF & App clusters 0.061 0.154 0.045 0.223

Table 4.6: App recommendation performance comparison.

i Ly - R, ) - — )2
L min ST (Ly s Ry (W4 W) - d(a) = i)+
Tij

MlIZIB A+ Aol [RI13 4 Mol W13 4+ X, [[Wal 3 4.1)

where W is the global weight vector for added features, W, is the user-specific weight vec-
tor, which emphasizes personalized recommendation. ¢(a) is the added app-related features.
This modified objective function unifies matrix factorization and regression models, where the
added side information eases the inherent cold-start problem of matrix factorization method for
apps. To utilize the app clusters identified by app2vec and DPP, we let ¢(a) be the nearest

cluster center’s ID.

4.4.2 Experiments and Results

To evaluate app recommendation performance, we sampled 100,000 users® from February 2015
(after app2vec training data date), where each user has at least 5 apps actively used in that
period. For each user, 80% of the used apps are randomly selected to train matrix factorization
model, and the rest are used to test model performance. The methods used in the comparison
are the same ones used in Section 4.3.2.

Table 4.6 presents the performance comparisons of different approaches. Naive similarity-
based model outperforms popularity model and matrix factorization model. It shows that users
tend to use similar apps whereas most popular apps do not meet every user’s need.

Our approach captures app similarity in usage pattern in addition to co-installation among
users (captured by naive similarity model). Our proposed method combines matrix factoriza-

tion and app clusters, generated based on app usage similarity and popularity, shows significant

8 Anonymized user IDs from ad servers were used to evaluate method accuracy.
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improvement. At k = 5 it has 7% precision lift and 7.7% recall lift over similarity-based model,

and for £ = 10 it has 7.1% precision lift and 9.3% recall lift over similarity-based model.

4.5 app2vec in App-install Ad Conversion Prediction

When an ad impression is available, ad selection algorithms need to estimate the probabilities
of click and post-click conversion (app installation) for each eligible ad. A typical ad selection

method is to rank ads by their expected revenue. For ad a;, it is calculated as:

E(a;) = b; x p(click) x p(conversion|click)

Where b; is the bid price for a click from the advertiser. The estimations of click and post-
click conversion probabilities usually use information from impression context (e.g.,publisher
meta-information, past performance), current user’s profile (e.g.,demographics, geo-location,
interests) and current ad (e.g.,type of ad, ad format, past performance, etc.). In practice, since
ad conversions are very rare events, click prediction and post-click conversion prediction have
separate models.

In this section, we focus on how to build user’s app usage features to improve the post-
click conversion prediction. One can use all apps as binary features in the model, but there are
hundreds of thousands of apps in the markets and used by all users, these features will be very
sparse, and rigorous regularization is probably needed to do feature reduction. Suppose a set
of apps A are used by user u;, if apps can be categorized into different types, one can compose
user’s app usage profile by the types of used apps, C,,, = {c|cis type of aj,a; € A}.

Then the question is how to categorize apps into different types. From our app2vec
model, a vector representation of apps is learned from a large set of users app usage. Then apps
can be clustered based on the distances computed based on their latent vectors. One can apply
k-means clustering algorithm on the app vectors to cluster apps, and use the cluster membership
as app type.

Experiment and Results

In our experiment, we use a logistic regression model to test the impact of models trained

with user app usage profile created by different methods.
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A logistic regression model is trained for each of the sampled 17 advertisers, where positive
examples are users’ who installed the advertised app after clicking on the ad, and negative
examples are users who clicked on the ad but did not install. In our experiments, we sampled
ten of thousands of positive examples for each advertiser, and down sampled negative examples
to be about four times of positive examples (from our empirical experience this ratio yields
better accuracy).

The baseline features used to train the models include features from the user (e.g., age,
gender, categories of clicked ads, categories of converted ads), publisher (e.g., publisher id), ad
(e.g., the category of the ad).

Here we want to compare the impact of users’ app usage features created from different app

categorization methods, as described below:

e Store category: apps’ store categories are determined by app developers, who should
presumably have the best understanding of the app and choose the most relevant app

category.

e k-means: use k-means clustering algorithm to cluster apps based on the learned app
vectors from app2vec. Here we let K = 60, which is about the amount of app categories

in the app store.

For each advertiser, we conduct 3-fold cross validation to evaluate the model performance,
where 66% of the data are used for model training, and the other 33% are used for accuracy
evaluation. Figure 4.3 shows the conversion prediction models accuracy (AUC) comparison
(with 95% confidence interval) by using different user app usage profiles. It is clear that adding
user app usage features can improve baseline model’s accuracy. Simply using app store cat-
egories achieves the smallest improvement. Maybe the predefined app store categories have
ambiguity and developers of similar apps may assign their apps into different app store cate-
gories. However, the app similarity from app2vec results are from a huge number of users
usage patterns, and we have shown the learned app similarities have high quality (see Table 4.4
in Section 4.2.2). Therefore, clustering apps into the same amount of categories as store cate-

gories generates better accuracy, with 4.7% AUC lift over the baseline.

° Anonymized user IDs from ad servers were used to evaluate method accuracy.
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Figure 4.3: Install prediction model, AUC comparison using different methods to provide user
used app category information. Error bar for 95% confidence interval is shown.

4.6 Discussion

There are several drawbacks of the discussed app2vec model in this work, (1). For rare apps
which are used by small amount of users, this app usage based learning process suffers from
lack of training data. In model training phase, these apps are filtered out by frequency thresh-
old, since they only cover a small amount of cases in practice. One option is to utilize app
store category information. We can conduction the vectorization process twice. First compose
user app usage sequence just composed of app store categories, and learn latent vectors for app
store categories. Then in second round, we can use the learned store categories as priors to
initialize app vectors. In this case, for the apps that have small user bases, these priors from
store categories may give them better chances to result in positions close to apps in the same
store categories. (2). the quantitative evaluation of learned app latent vectors is expensive, and
does not scale. This is a common problem for many follow-up work inspired by word2vec.
One option is to apply the learned latent vectors in the end application (e.g.,classification task)
and use impact on final application performance as feedback of the learned latent vectors qual-
ity. Then go back to the training process and adjust the parameters (e.g.,window size, context
words weight, down sampling ratio). The use of domain knowledge will probably help save
quality check efforts, without repeating the expensive feedback loops. For example, in our
app vectorization case, we may use app store category to get coarse level quality check, where

apps from the same store category should have smaller distances than apps from different store
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categories.

In this work, we focused on vectorization of mobile apps, and a future work is to learn
user vectors based on the apps used and the learned app vectors. Then the user latent vectors
can provide a dense set of user features to end applications. To do use vectorization, some
directions can be explored are: (1). Learn a global vector to represent a user while learning
individual apps’ latent vectors, prior work paragraph2vec [35] already show significant perfor-
mance improvement in content personalization. (2). After learning app vectors, we can form
a tensor for users and the app vectors used by them. Then we can obtain users latent vectors
through tensor factorization. However, the user vectorization model still faces the challenge
of quality measurements, and how to get systematic measurements before applying in the end

applications.

4.7 Related work

Our work is directly related to mobile application recommendation work. In [51] authors pro-
posed that the context of user state and time can help significantly in recommending apps to
users. [79] takes the user to user social network structure and social influence into account to
predict app installation, instead of using the user to user graph constructed by commonly in-
stalled apps. Besides user interests, [61] considers the privacy preferences of a user to generate
app recommendations. However for the cold-start problem, when there is no prior information
about a user’s preference, [60] proposed to use Twitter followers app preferences to make rec-
ommendations. In our study, we augment the start-of-art collaborative filtering approach with
semantic relationships among apps from their usage contexts.

Our app2vec is inspired by word2vec work [74, 73]. The proposed concept of using shallow
learning, but taking advantage of big data opens up research and applications in various areas.
There is various follow-up work applying word2vec concept to other domains. [21] builds event
level model of user’s mobile activities, authors demonstrated the learned latent vector of events
are effective in predicting what the next app user is going to use. [35] proposed a hierarchical
model that by maintaining a document as the global context of words in the document, after the

training process word vectors and document vector can be learned together. In our work, we
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treated each mobile app as a word and the app usage sequence from one user as a document.
Through examples, we show that the learned app semantic similarity is meaningful.

In recommender system area, it has been recognized that it is important to recommend di-
verse content to users. In search results diversification efforts, [16] formulated the problem as
selecting a set of result documents across different content categories such that the probability
of at least one result document is useful to an average user is maximized. The similarity be-
tween documents is implicitly captured by the different document categories. In our study, the
similarity between a pair of apps is modeled directly based on their usage contexts.

There is rich research work done on determinantal point process. Some focused on de-
signing more efficient algorithms. [13] proposed sampling algorithms to approximate DPP in
discrete and continuous spaces. [40] proposed a 1/4-approximation algorithm to find the most
likely configuration. And some work focused on applying DPP in machine learning problems.
[14] proposed Markov k-DPPS to select news articles for users over time, where the goal is
to avoid focusing on a small set of items of users interest, given the dynamic nature of news
articles. Different from prior work that used sampling based solutions to DPP and computes the
average performance over a large number of samples, in the app-install ad selection scenario
considered in our study, the items to select from are relatively stable, and it is more beneficial

to approximate the most likely configuration to DPP.

4.8 Conclusion

In this paper, we introduce a new way to vectorize mobile app usage. This is inspired by deep
learning technique in word2vec for word documents (in contrast to the conventional bag-of-
words or collaborative filtering approaches), and this models mobile applications based on app
usage contexts and captures semantics. Also, we showed to use Determinantal Point Processes
(DPPs) in conjunction with our app2vec app vectors for three problems: (1). diverse ad
selection, (2). mobile app recommendation, (3). app-install ad conversion rate prediction.
Through extensive experiments with real data, we show the effectiveness of this combined
technology. We believe that app2vec and DPPs will find many more uses in mobile app ad

research.
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Chapter 5

Large Scale Look-alike Audience Modeling

5.1 Look-alike Audience Targeting

Using look-alike audience in on-line advertising campaigns helps an advertiser reach users sim-
ilar to its existing customers. It can be used to support many business objectives like targeting
users who are similar to a list of past purchasers, web service subscribers, installers of particu-
lar apps, brand lovers, customers from customer relationship management (CRM) systems, ad
clickers, supporters for a politician, fans of a sports team, etc.

The advantage of look-alike audience extension technology is that it can dramatically sim-
plify the way to reach highly relevant people comparing to other targeting technologies in on-
line advertising. An advertiser can just upload a list of users to generate customized audience
without knowing any details about the user features used in an advertising system.

The input to a look-alike audience system is a list of user IDs (e.g., browser cookies, ad-
dresses, phone numbers or any other identifiers') called “seeds”. The seed users can be convert-
ers of advertiser’s past ad campaigns, or the existing customers who have stronger purchasing
power, etc. The output is a list of users who are believed to be look-alikes to the seeds according
to certain look-alike model. Then advertisers can target to show ads to those identified look-
alike audiences in ad campaigns. The efficacy of a look-alike audience system is measured by

multiple business concerns:

e Scalability - What is the maximum size of the look-alike audience output? What are
the upper and lower bounds of the seed amount that can lead to a reasonable size of

look-alike audience?

"The original values of Personally identifiable information (PII), such as phone number, are not used. Instead,
the hashed and anonymized user IDs are used in the system.
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e Performance - How fast can the system generate a look-alike audience after advertiser
uploading the seed list? How much return on investment (ROI) lift can look-alike audi-
ence achieve in a real ad campaign?

e Transparency - Is the system working as a black box or can it generate feedback and
insights during an ad campaign setup? How fast can these feedbacks and insights be

generated, in a few seconds or days?

In other words, there is no unique “best” design of a look-alike audience extension system
given different requirements on scalability, performance and model transparency. The main

contributions of our work [66] are summarized as follows:

e We present a large-scale look-alike audience extension system from Yahoo!, where the
similar user query time is sub-linear to the number of query users. The core model of this
look-alike system is based on graph mining and machine learning technique on pairwise
user-2-user similarities. The system can score 3000+ campaigns, on more than 3 billion

users in less than 4 hours.

e Through extensive experiments using real-world app installation campaigns data, we
show that the recommended look-alike audience by our method can achieve more than

50% lift in app installation rate over other existing audience extension models.

e Furthermore, we also discuss the challenges and share our experience in developing
large-scale look-alike audience extension system. We demonstrate that by using weighted

user-2-user similarity graph, the app installation rate can be further improved by 11%.

5.2 Existing Look-alike Methods & Systems

The look-alikeness between 2 users is measured by their features. A user u; can be character-
ized by a feature vector, f; = (fi1,--- , fi,k). In an on-line advertising system, each feature
fi,k could be continuous (e.g. time spent on a certain site), or in most situations, categorical or
binary (e.g. use of a certain mobile app or not). Features can come from a user’s attributes, be-
haviors, social interactions, pre-build audience segments and so on. Different companies may

use different features to represent a user based on their businesses and understanding of users.
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The dimension of a feature vector varies from thousands to millions. In this paper, we con-
sider the case where f;; € {0,1}, and continuous features are bucketized into multiple binary
features if needed.

Although the business motivation is simple and straightforward, we share the same view of
[90] that there is a significant lack of prior work of look-alike audience modeling in literature.
To our best knowledge, look-alike systems being used in the on-line advertising industry can
be categorized into three categories: simple similarity-based model, regression-based model,

and segment approximation-based model.

5.2.1 Simple Similarity-based Look-alike System

A straightforward method to find look-alike users is to compare all pairs of seed users and
available users in the system, then determine look-alikeness based on distance measurements.
A simple similarity-based look-alike system can use direct user-2-user similarity to search for
users that look like (or in other words, be similar to) seeds. The similarity between two users, u;
and u; is defined upon their feature vectors sim(f;, f;). Cosine similarity (for continuous fea-
tures, Equation 5.1) and Jaccard similarity (for binary features, Equation 5.2) are two possible
measures.
_ f; - f;
Slmcosine(fi f]) = Tenie (3.1
’ |1 []11£;1]
K .

Zg:l min(fig, £4)

S g maz (g, £ig)

The similarity between a given user u; (with feature vector f;) and seed user set S = {u; :

SimJaccard(fia f]) = (5.2)

f;}, could be calculated as the similarity of this user to the most similar seed user, i.e.

sim(f;, S) = rf%%( sim(f;, £5) (5.3)

A more complicated method is probabilistic aggregation of user-2-user similarity measures.
This method only works with those user-2-user similarities that are strictly limited between 0

and 1. A pairwise similarity is treated as the probability of triggering a “look-alike” decision.
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Therefore, the similarity from a user to seed set can be measured as:

sim(f;, §) = 1 — [] (1 - sim(£;, £;)) (5.4)
f;eS

The simple similarity-based method is easy to implement on a small scale. It also has the
advantage to leverage the information carried by all seeds in the user feature space. However,
this method has a couple of the main concerns. The first is scalability because calculating
pairwise similarities among a large number of users is not a trivial task. The brute force solution
has computational complexity O (kM N), for N candidate users and M seeds with k features on
average per user. In a typical online advertising market, there are billions of candidate users and
more than tens of thousands of seeds with hundreds of features per user. The second concern
is different features of seed users are treated equally, and the model does not distinguish their
power of identifying the most relevant candidate users. For example, the predicting power for
ad clicks or conversions is not considered. Therefore, some less relevant candidate users may

be regarded as look-alike users due to similarity from less important features.

5.2.2 Regression-based Look-alike System

Another type of look-alike audience systems for online advertising is built with Logistic Re-
gression (LR) [84]. For a given user u; who has a feature vector f;, a logistic regression model

can be trained and model the probability of being lookalike to seeds as:

p(u; is a lookalike to seeds|f;) = %
14 e fB

“Seeds” are usually treated as positive examples. Whereas, there are several options to
select negative examples. The simplest negative example set can be a sample of the non-seed
users. This is not the best choice since the potential ad converters may also be included in the
non-seed users. Another choice is to process ad server logs and find out the users who have seen
advertiser’s ads in the past but did not convert. However, it suffers from the cold-start problem.

If the seeds are from a new advertiser, or will be used for new ad campaigns, there are no users

who have seen the ads. When the number of features is large, feature selection is conducted



78

by imposing an L; regularization to the loss function to reduce the number of non-zero values
in the final model. In practice, machine learning packages, such as Vowpal Wabbit, provide a
flexible and scalable solution for training logistic regression on a large scale (e.g., with millions
of features) on Hadoop clusters and predicting such probabilities for a massive amount of users.

The advantage of this modeling methods is that information carried by seeds are com-
pressed into a model (e.g. a B) and there is no need to remember the feature vectors of seeds
for scoring users to be a look-alike or not. Apart from the huge benefit, there are some potential
caveats for applying regression modeling methods to the look-alike problem. LR is a linear
model, although a lot of conjunctions, cross or other dependencies can be embedded into the
features, it may not be perfect and efficient for clustering users. We implement an LR based

look-alike system for comparison with our proposed system.

5.2.3 Segment Approximation-based Look-alike System

Another type of look-alike system is based on user segment approximation, where user seg-
ments can be user characteristics such as user interest categories. For example, if a user likes
NBA games, this user is considered to belong to Sports segment. In comparison to other meth-
ods, a segment approximation-based system uses pre-built user segments as user features. The
general idea of segment approximates based method is to find out top segments that are “shared”
by as many seed users as possible.

Here we discuss one the most recent published segment approximation based method from
Turn Inc, [90]. In their approach, each user is represented as a bag of segments, u; = {c;j1, -+ , Cix }-
The optimization goal for look-alike audience extension is, given an advertiser’s provided seg-
ment set C' (i.e., the segments that appear in seed users), to recommend new users with a

segment set C’, satisfying following three properties:

sim(aud(C), aud(C")) > « (5.5)
per f(aud(C")) — per f(aud(C)) > 8 (5.6)
laud(C U C")| > |aud(C)| (5.7)

where aud(C) is the set of users who have any of the segments in C, per f(aud(C)) is the

performance of users aud(C') regarding ad click-through-rate or conversion-rate. Intuitively,
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the above criteria mean that: (1). the extended audience set aud(C”) is “similar” enough (in
terms of user overlap) to the seed audience aud(C) (Eq. 5.5); (2). The performance of the
extended audience set aud(C') should be better compared to the seed audience set (Eq. 5.6);
(3). And the size of the extended audience set aud(C') should be much larger than the seed
audience (Eq. 5.7).

There can be many segments that satisfy the above properties so a scoring function is needed
to distinguish the importance of segments. [90] discussed a greedy approach, which is an ap-
plication of the set cover algorithm, and a weighted criteria-based algorithm. For any newly
recommended category (or segment) c,..,, they calculate a score by combining the three func-

tions (Eq. 5.5, 5.6, 5.7) above:
score x sim(aud(cpew), aud(C)) X per f(aud(cpew)) X nov(aud(cpey)|aud(C))

where nov(aud(cpeqy)|aud(C)) (corresponds to Eq.5.7) measures the proportion of users
from this new category that are not in seed users. Based on this score, the authors sort all
existing user segments and recommend top-k segments to the campaign for user targeting (for
more details, refer to [90]).

Segment approximation works well when the pre-built segments quality is high and have
good coverage. It is particularly the case for big branding advertisers, but maybe less useful for
small advertisers. The pre-build process also introduces another computation pipeline which
may delay the look-alike audience generation. We implemented the algorithm described above,

as another method for large-scale comparisons.

5.3 Graph-Constraint Look-alike

In this section, we present the details of our developed graph-constraint look-alike system,
which takes advantages of both simple similarity and regression-based methods. First, a global
user-2-user similarity graph is built, which enables us to limit candidate look-alike users to the
nearest neighbors of seeds. Then the candidate users are ranked by their feature importance
specific to ad campaigns.

Training and scoring look-alike audience per ad campaign against all users is a low-efficiency
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process. A typical look-alike audience size is 1 to 10 million, which is about 0.1% to 1% in
a 1 billion user pool. Scoring a lot of irrelevant users wastes a significant amount of compu-
tation resources. Also, training to get feature weights against the 99% irrelevant users faces a
challenging user sampling problem. We propose to generate look-alike audience in two phases,

namely global graph construction and campaign specific modeling.

5.3.1 Phase I: Global Graph Construction

In this phase, a user-2-user similarity graph is built for all available users in the system, where
an edge between two users indicates their Jaccard similarity (Eq. 5.2). The goal is to find look-
alike candidates for a particular set of seeds using this global graph. The core formulation of

our approach is a pairwise weighted user-2-user similarity, defined as:

£/ Af;

simif ) = TR 6]

(5.9)

where fj, f; are feature vectors of users u; and u;. The weight matrix A can incorporate
the importance of linear correlations for both individual features and pairwise feature combina-
tions. For example, a pairwise weighted user-2-user similarity is a weighted cosine similarity
if the weight matrix A is diagonal. A non-diagonal matrix A can model pairwise feature com-
binations. Higher order feature combinations are rarely observed to be useful in a large and
sparse feature space. Therefore, our feature modeling is only limited to individual and pairwise
features to avoid over-engineering a look-alike system. The scale of the weight matrix is de-
termined by the total number of features which is relatively smaller in comparison to the total
number of users. This property allows us to build a specific weight matrix for each ad campaign
to leverage more tuning power on features.

The challenges of building the global user-2-user similarity graph live in both the high
complexity of user pairwise similarity computation (O(N?)) and similar user query (O(N)).
To approach these challenges, we use the well-known Locality Sensitive Hashing (LSH) to put
similar users into the same clusters by reading user data in one pass and enable similar user
query in sub-linear time. Here we briefly introduce the background of LSH.

MinHash Locality Sensitive Hashing (LSH). Using LSH [85], each user is processed once
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in two steps. The first step is using a set of hash functions to transform a user feature vector
into a similarity-preserving signature, which consists of a much smaller amount of values than
original user feature vector. Then the second step is to assign the user to clusters based on the
signature. Signature values are grouped to create clusters of users who are similar to each other
(above a predefined similarity threshold) with a bounded probability. At query time when given
an input user, we can hash this user to find out the clusters it falls into and the users in those
clusters are the candidate similar users. Both cluster construction and the retrieval of similar
users are per user based process without pairwise user operations. Therefore, LSH dramatically
simplifies the simple similarity-based look-alike system. Below we use MinHash LSH as an

example to discuss the details of those two steps:

e MinHash. Hashing technique is used in LSH to reduce user feature space while preserv-
ing their original similarity with high probability. Different choices of hashing schemes
can be applied, such as using random projection to approximate cosine similarity and us-
ing MinHash to approximate Jaccard similarity etc. In our case users’ Jaccard similarities

are computed on their binary features, so MinHash is used:

( ) argxe(l»"'lzlllé)l’lfi,zzl (:1:)

where f; is a K-dimensional feature vector of user u;, = is the index of features in f;.
Hash function h(z), [h : (1,...,K) — R] maps the index of a feature into a random
number. A function Ay, (f;) is then defined as the feature index that has the minimal
hash value, and Ay, (f;) is called the hash signature. It can be proven that MinHash
preserves Jaccard similarity (refer to Chapter 3 of [85]), which means that the probability

of two users having the same MinHash value equals to the their Jaccard similarity:

SimJaccard(fiu f]) =P (hmm(fz) = hmzn(fj))

In other words, if two users’ Jaccard similarity is 7, and a total of H MinHash functions
are used to hash the two users independently. Then the two users are expected to have

H - r signatures identical.
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e LSH. Signatures generated by I Minhash functions form an H dimensional vector.
Signatures for all N users form an N-by-H matrix, known as signature matrix [85].
As H < K, the signature matrix can be considered as a dimension reduction result from

the raw user-feature matrix, which is a N-by-K matrix.

Using the H -dimensional signatures, LSH method provides various flexible ways to clus-
ter similar users into buckets for retrieval purposes. The most popular approach is the
“AND-OR” schema, where H signature dimensions are partitioned into b bands. Each
band consists of r signature dimensions, where b x r = H. Users are clustered into the
same bucket only if they have the same r-dimensional signature within a band. A user
can only fall into one bucket in a band. Therefore each user has b buckets in total. If a
seed user is found to fall into bucket b;, all users in b; can be retrieved as its look-alike
candidates, which is a small amount of users compared to the whole user population.
The retrieved candidate users can be then scored for exact ranking if needed. The val-
ues of b and r are usually determined empirically based on application data similarity

distribution, and the desired the item-2-item similarity threshold.

The LSH technique introduced above can be used to reduce the complexity of the system
implementation. After conducting MinHash LSH, each user w; has a list of bucket ids generated
by the hash signatures. Candidate look-alike users for a campaign can then be generated by
looking up the hash signatures of all the seeds and merging their similar users fetched from
the global graph. A reasonable good size of candidates varies from 5x to 10x of the final
look-alike audience. A too small candidate set may have risks of missing good look-alike users
that may not be selected to the candidate list. A too large candidate set increase the cost of
computations in Phase II. When the number of candidate users fetched from the graph is small
(e.g., due to a small amount of seeds), one can use regression or segment approximation-based
methods to ensure the desired size of look-alike audience. In the rest of this paper, we only
consider the cases that sufficient number (e.g., more than 10 million) of candidate users can be

fetched.
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5.3.2 Phase II: Campaign Specific Modeling

In this phase, the goal is to train a simple campaign-specific model and refine the audience
candidates from Phase 1. The candidates are scored by the campaign-specific feature weights,
and top ranked users are selected as the final look-alike audience.

Different ad campaigns may care about different user features. A retail store’s ad campaign
may care more about users’ location rather than their education. An insurance ad campaign
cares more about users’ financial status than their social status. An optimized weight matrix
(Eq. 5.8) for an ad campaign can ignore the irrelevant features and help generate look-alike
audience that can lead to a better return-on-investment for ad dollars.

Intuitively a relevant feature should have more power to distinguish seeds from other users.
There are many off-the-shelf methods and algorithms for feature selection, feature ranking, and
modeling labeled data. The popular ones are simple feature selection and linear model, e.g.
logistic regression (with regularization), or decision trees. Here, we discuss a simple feature
selection method as an example because the simple method is a non-iterative feature selection
method which can be run very efficiently. Also, it gives a reasonably good performance in
a sparse user feature space in comparison to linear models and other complicated methods.
However, other methods are still highly recommended if computational cost and response time
are not the bottlenecks.

A simple feature selection method calculates a diagonal weight matrix A, where A;; =
0, fori# 3,1 <i,5 < L and A; ; is the importance of the feature j calculated from a set of

seeds .S and a set of comparing users U. Let us denote the proportion of users in seeds that has

feature j as p; = %, and the proportion of users in the comparing user set U that has
. v fig
feature j as q; = %

The seeds set S is provided by advertisers. But there are multiple options for composing
user set U, such as the users who have seen ad impressions from the advertisers but did not
click or convert, or the whole pool of candidate users. The benefit of the latter method is that
the computed ¢; can be shared across all campaigns to improve system efficiency.

There are several options for evaluating feature importance through univariate analysis,

such as mutual information [23], information gain [54] and information value (IV) [91]. The
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advantage of these methods is that they assume independence of features such that features can
be evaluated independently of each other in distributed manner. Based on our experience, these
different methods yield similar results. Therefore, in this paper, we take IV as the example
implementation, which measures the predictive power of a feature. The importance of the

binary feature” j is calculated as:

P —qj pi(1—4;) .
Ay, = (pj q;)log (({_pj);j) , ifp; > 0.5

0, otherwise

The directional filter p; > 0.5 is optional that enforces only positive features will be selected,
which means those features are more significant in seed users than in other users. Negative
features can be used to discount a user’s rank, and it is one of our future exploration directions.
The positive features for a particular campaign can be ranked by their IV values where features
with higher values have more predictive power. Furthermore, those top-ranked features can be
displayed to advertisers to provide transparency of the model.

To further motivate our proposed I'V based method, we can look at the predicted hyper-plane

for classification in logistic regression (with standardized features) [46]:

K
> Bai=C
i=0

Where C'is a constant. Further, the probability of being positive or negative-labeled can be
obtained. If the features, x;’s are binary, those estimated Bi’s are (roughly) a measure of the
impact of the log-odd ratio given a presence/absence of the feature f; ;. In such situation (i.e.
features are binary), the estimated Bi’s are of the same scale and is a measure of the importance
of the corresponding feature. In other words, a ranking of the absolute value of these Bi’s
corresponds to a ranking of the feature importance.

Following almost exactly the same logic mentioned above for logistic regression, the user

scoring method falls into the following framework:

In our system, we only consider binary features, where continuous features are bucketized to create binary
features as well.
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K K
s(f) = Bifig+ Y Bighiilig

J=0 9,j=0
where ;s are a measure of the variable importance; 3,4, are a second order measure, a
measure of the interactions of the variables. One realization of the above campaign-specific

scoring framework is based on IV values, the score of a user for a specific campaign c is,

s(fi,e) = Z Ajjifige (5.9)

1<j<K

Note that the above scoring (Eq. 5.9) is unbounded. Although in our final audience rec-
ommendation, we only need to use this score to rank candidate audience and recommend a
specific amount of audience, it will be useful to rank the audience and let advertisers control
and leverage the size of the recommended audience and the “quality” of the audience. If one
wants to derive a “normalized” score, i.e. to create a mapping from the raw score to a score
with range in [0, 1].

s() : s(fi) = [0,1]

A candidate for this is to use a sigmoid function s(t) = It is possible to use this

1
I+e—Ft-

normalized score to determine a threshold that top-N users can be selected without sorting.

5.3.3 System Design and Pipeline

Our graph-constraint look-alike system is running in production at Yahoo! and generating
thousands of look-alike audience sets. The sketch of the system is depicted in Figure 5.1,
which contains four major components:

Construct global user graph. The system periodically builds global user graph based on
user-2-user similarity. When global graph builder (component 1 in Figure 5.1) is triggered to
run, it loads configured user features from user profile service for each user, and calls our in-
house LSH package to hash users into different buckets. If two users’ similarity is above our
configured threshold, they may be found hashed into the same bucket in multiple bands of the
min-hash table. After processing all users, a map-reduce job is run to group users by bucket ids,

such that users fall into the same bucket can be stored together to enable efficient user query.
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Figure 5.1: System Architecture and Pipeline.

Collect candidate users. Look-alike audience extension system takes a list of seed user ids
as input. Component 2 hashes all seed users features and uses the hash signatures to find out the
buckets those seed users fall into. Users in those buckets are all merged into the candidate user
set. At the end of seed extension process, user profile service is queried for candidate users,
and the output user id with feature data are saved on HDFS.

Compute feature importance. To compute feature importance, component 3 reads global
user count and seed user count for each feature. Then it calculates feature importance and saves
the results on HDFS. The global feature distribution can be shared by all campaigns to make
the feature importance learning very efficient.

Score and recommend audience. As the last procedure of look-alike audience extension
system, component 4 reads two data sets from HDFS: top K feature list and their importance
score, and candidate users and their features. It iterates through all candidate users and scores
users by the campaign specific feature importance. As a final step, all candidate users are
ranked, and top N users ids are sent to user profile service to update user profiles for campaign

targeting.

5.4 Experiments and Results

In this section, we evaluate look-alike models using back-play tests on real mobile app install

campaigns data, where the goal of the campaigns is to get new app installers while meeting the
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advertiser’s target cost-per-install.

Evaluation Methodology

In app install campaigns, advertisers (usually the app developers) want to get more users
to install their apps while meeting their target cost per install. In our evaluations, we focus on
the user targeting side and measure how accurate the targeted audience is for specific ad apps.
The problem of which app ad should be served to the targeted user at impression time is out of
the scope of this paper, and it should be handled at downstream by ad selection algorithms. As
running online campaigns for experiments is costly, the performance of a look-alike model can
be evaluated by using off-line back-play tests.

Depending on their objectives, advertisers have many choices to put together a seed user
list to use a look-alike system. For example, an advertiser may select users who made in-
app purchases in the recent past as seeds and use look-alike to find similar users who may
potentially also make in-app purchases. Another example is that an advertiser can put together
some existing installers as seeds and aim to find similar users who may install the app. In our

experiments, we try to simulate the second scenario using the following steps:

1. Fix a date ¢, collect the installers from ¢g to ¢1 (e.g., t;1 — to = 1 month) as seed users

for an app.

2. Use a look-alike audience extension system to extend seed users into a look-alike audi-

ence with size n.

3. Calculate the performance (app installation rate) of recommended audience in the test

period (t1,to] (e.g., ta — t1 = 2 weeks).

4. Compare different look-alike systems’ performance by varying audience size n.

Data and Evaluation Metrics
User features. If app developers use the SDK? provided by Yahoo!, app installation and
use are tracked and recorded. We also derive user app usage features (e.g., a user is likely to

be interested in which categories of apps) from this data to construct user feature vectors. The

3https://developer.yahoo.com/flurry/
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global graph is built on a user profile snapshot right before the testing period, which includes
more than a billion mobile users. The user features include apps installed, app categories, app
usage activities, and app meta information. These same features are also used for the simple
similarity-based method and logistic regression method in comparison. When we compare with
segment-approximation based method, user app interest categories (e.g., Sports, Adventure
Games, etc.) are used as the segments.

Seeds. From Yahoo! advertising platform, we sampled 100 apps which have more than
10,000 converters per month. For each app, the seeds were app installers in May 2015. The
testing examples are active users in the first two weeks of June, where new installers of the test
apps are positive examples and non-installers as negative examples.

Performance metric. We use installation rate (IR) to measure the percent of recommended
audience (A) that install the target app (P) in the testing period. It is computed as: IR(P, A) =
%, where I is the set of new installers from A. Note that in conventional conversion rate
computation the denominator is the number of impressions, whereas here the denominator is
the number of unique recommended users. The motivation is that we want to capture whether
the recommended audience is more likely to install the ad app, without considering ad serving
time decisions.

Experiment Results To compare the installation rate (I R) of different methods, we com-
pute I R at various recommended audience sizes. For graph-constraint model and the logistic
regression model, each candidate audience has a score from the model so that we can rank all
the users and take the top-n scored users for evaluation. The candidate audience output from
Phase I of our graph-constraint method already have similarity to seeds larger than the pre-
configured threshold. Therefore, for the simple similarity-based method, we randomly sample
n users from the candidate set to avoid pair-wise user similarity computation between seeds and
candidate users. For segment-approximate based model, there is no rank among the candidate
users, and we randomly sample n users from the candidate set.

Figure 5.2 shows the weighted average of installation rates for all four methods. The axises
are normalized by constants to comply with company policy. The evaluations were conducted
on audience size in the scale of millions. GC'L is our proposed graph-constraint look-alike

model (section 5.3.2). LR is logistic regression model (section 5.2.2), where seed users are
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Figure 5.2: Weighted Average Installation Rate Comparison on 100 Apps. Axises are scaled
by constants.

positive examples and non-seed users are used as negative examples (the same way to compose
training data as the GC'L model). Since the majority of users are non-seed users, so downsam-
pling was done on negative samples. JaccardSim is the simple user similarity based method
(section 5.2.1). Segment is the segment approximation method (section 5.2.3). We can see
from the plot that GC L model performs best among the models in comparison, as audience size
increases the installation rate decreases. JaccardSim model’s performance remains relatively
stable across different sizes of audiences, which reflects the average installation rate of users
similar to seeds. When audience size is small, top ranking users identified by GC'L performs
more than 50% better than the average similar users.

At smaller recommended audience sizes, the L R model performs better than JaccardSim
model and Segment based model. It seems the top features play a key role. When the audience
size increases the LR model performance goes down dramatically. This may be due to the
sparsity of user features (e.g., apps installed), when none of the apps plays a significant role in
the LR model, its effect is down to random user picking. As the audience size gets larger and
there is more noise in the larger candidate set.

Figure 5.3 shows 4 example apps installation rate comparisons from different categories.
Since segment based method does not rank users, so we take all the recommended audience by
segment based method and select the same amount of top audiences from the logistic regression
model and our graph-constraint look-alike model. For all methods in comparison, they work

better for entertainment and action game apps than social apps. Our hypothesis is that users



90

10.0%

8.0%

6.0%

4.0%

Installation Rate (scaled)

2.0%

0.0%

Entertainment Music Action Game Social

HGCL OLR BESEGMENT OJaccardSim

Figure 5.3: Installation Rate Comparison of 4 Example Apps. Axises are scaled by constants.

usually do not frequently install new social apps, and they stably use the apps where their
friends are, so it is hard to get relevant features to predict what additional social apps they will
install. On the opposite, users are more likely to explore new entrainment apps (new sources
of entertainment), and play new action games when the already installed games are done or
got stuck. Therefore, there are more user signals related to those types of apps, and look-alike

models can pick up those signals to make better predictions.

5.5 Discussion

Our look-alike system is a running product at Yahoo!, where the production pipeline can score
3000+ campaigns (using about 3000 mappers on 100 nodes), on more than 3 billion users
(with millions of features in total) within about 4 hours. In empirical on-line campaigns, these
generated look-alike audiences are driving up to 40% improvements in conversion rates and up
to 50% reduction in cost-per-conversion compared to other targeting options like demographic
orinterests”. It is challenging to develop an efficient and effective large-scale look-alike system,
in this section we share some experiences in tuning a look-alike system and running on-line
look-alike audience targeting campaigns.

Weighted LSH. Intuitively, users with similar app usage behaviors should be more similar

than users who use apps quite differently even if they have the same apps installed. For example,

*nttps://advertising.yahoo.com/Blog/GEMINI-CUSTOM-AUDIENCE-2.html
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given three users uj, u2 and us, and they all have a sports app installed. u; and ug use this
app more than ten times a day, while user u3 uses this app only once a week. For these three
users, intuitively us should be more similar to u; than usz. To encode this key observation, we
compute #f-idf weight for each feature of a user, where each user is treated as a document, and
the intensity of a feature is treated as the frequency of a word.

MinHash LSH discussed in Section 5.3.1 approximates Jaccard similarity between two sets
of items. To extend LSH to encode weighted Jaccard similarity, several prior works proposed
different methods [33, 48, 67]. One straight-forward method is: suppose w; is weight of feature
1, and w; is integer. One can generate w; replicas of feature 7 to replace the original feature,
then proceed with LSH on the transformed feature sets. It can be shown the MinHash LSH on
the transformed item sets approximates weighted Jaccard similarity.

In our scenario, the feature weights are real values. So the approaches discussed above is
not directly applicable. We adopted the approach proposed in [33] to do a transformation on
the original MinHash value to encode feature weight: f(X;) = %‘%Xi where w; is the weight
of feature f;, X; is the original MinHash value normalized to (0, 1). Intuitively, when feature
weight wj is larger, the hashed value f(X;) is smaller, so feature f; is more likely to be selected
as the signature, and two users are more likely to have the same hash function signature if both
of them have this feature with higher weights.

We use this weighted LSH scheme to build a weighted global graph, and the campaign spe-
cific modeling is the same as Section 5.3.2. Figure 5.4 compares the performance of weighted
graph-constraint look-alike model with the non-weighted model on the same 100 ad apps (see
Section 5.4). We can see that when considering user feature weights, audience generated from
weighted graph consistently has about 11% lift in installation rate.

Seed size effect. The number of seed users input to look-alike system will affect the number
of direct neighbors (or similar direct users) that can be found. By varying the size of the input
seed set, we can empirically observe the trade-offs between recommended audience size and
expected installation rate performance. Figure 5.5 show the 100 campaigns weighted average
performance at different sizes of seed sets. A small number n = 1000 is used as the base value,
and we sample k£ x n seeds for each of the 100 ad apps. We can see that as the number of seeds

increases:
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Figure 5.4: Installation rate improvement achieved by weighted global-graph. Audience sizes
are in millions. Axises are scaled by constants.

e For a fixed amount of recommended audience, larger seed size generates better perfor-

mance. This is because when seed user size is small, noise is stronger than signal.

e The maximum size of recommended audience increases, but performance decreases.
This is expected in that the more seed users, the more neighbor users can be found in
the graph. But meantime more noise are introduced into the model, hence the perfor-

mance at the maximum number of users decreases.

e The improved performance and the maximum number of recommended audience do not
change much when seed user size reaches 40n. This value could be used to make sug-
gestions to advertisers as how large the seed size should be to have more freedom in
performance and audience reach trade-off. But a rule of thumb is that more seeds are

better regarding both installation rate and audience size.

However, an optimal choice of the seed size depends on many factors, such as campaign,
users features, etc.

Audience reach. Look-alike audience expansion system is to help advertisers find a set of
audiences who look like the provided seeds, the audience size is much smaller than the overall
targetable audience. This imposes two challenges: (1). It is beneficial for advertisers to target
on the smaller set but with high conversion potential users, saving budget from exploring the
whole audience population. However, it may not benefit the marketplace where advertisers

bid to show ad impression to users. If all advertisers only target on their specific set of users,
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Figure 5.5: Different seeds set size for 100 apps. n = 1000, and audience sizes are in millions.
Axises are scaled by constants.

the competition on the ad impressions from a user is reduced. Hence, the bid price may drop.
The challenge is how to maintain the revenue of the marketplace. One possibility is to charge
advertisers additional fees for use of look-alike audience targeting if the cost-per-conversion
still meet the goals of advertisers; (2). Lookalike audience targeting campaigns usually have
better conversion rate performance comparing to other campaign targeting methods. However,
the high-quality look-alike audience size is limited. If advertisers want to increase the spend
on look-alike audience targeting campaigns, a trade-off has to be made between look-alike
audience size and quality. In online advertising, ad platforms may give suggestions about the
expected performance at different audience sizes and leave the decision to advertisers to choose
the desired audience size.

Clickers vs. converters. Clickers are the users who click on the ad while converters are
the users who finally convert on an ad (with or without clicking on the ad). Finishing a car
insurance online quote, for instance, is an example of conversion to a car insurance ad. In
online advertising, users who click on ads may behave differently from users who convert on
ads. In look-alike audience expansion system, advertisers have the freedom to upload seed
user ids (e.g., browser cookies), or specify the rule to collect users as seeds (e.g., users who
visit a particular web page). When the seeds provided to look-alike systems are past ad cam-
paign converters or users who completed some actions on the advertiser’s website, then the
extended audience look like those converters but may not necessarily look like clickers. In on-

line campaigns that target look-alike audience, the ad click through rate (CTR) may be lower
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than campaigns that use other targeting methods, although the conversion rate may be higher.
This is a concern for cost-per-click price type where ad-network’s revenue is at risk. In such
cases, look-alike system could differentiate the seed users by introducing weights on seeds,
where a seed has higher weight if the seed generated both ad click and ad conversion whereas

a seed has lower weight if the seed only converted on the ad.

5.6 Related Work

The most related prior work is from Turn’s audience extension system [90], the authors pro-
posed a systematic method to extend the advertiser provided audience using weighted criteria
algorithm. The algorithm balances the quality of extended audience using three key metrics
namely user similarity, size of new users and the past performance of extended users. In that
work, users are extended on predefined segments, so the quality of existing segments in the
targeting system affect the extended audience performance. In our work, the audience exten-
sion is at the user level, where a model is learned on user features. [19] describes a large-scale
system to classify users for campaigns, where the goal is to predict the likelihood of a user to
convert to an existing campaign. The system we propose is generic and can be applied to any
set of seed users, which can be generated with different goals.

Behavioral targeting is an area that focuses on inferring users interests from past behaviors,
with the assumption that users’ past interests can help improve prediction and recommendation
tasks. [18] introduced a large-scale distributed system to infer users’ time varying interests. In
recommender systems, [49] combined taxonomies and latent factors to predict users purchase
behavior; [17] proposed a content based latent factor model to infer user preferences by com-
bining global and individual users preferences. Using the trending deep learning technique,
[34] proposed to use hidden conditional random field model to model users online actions,
such as click and purchase. These prior work are orthogonal to our proposed system, where
the learned user interests and preferences can be converted to user feature vector as input the

look-alike system for further improvements.
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To deal with a large number of objects, especially when objects pairwise distances is im-
portant, hashing techniques are heavily used to improve efficiency. The locality sensitive hash-
ing [92] used in our proposed look-alike system was also applied to many areas, such as used
the technique to detect duplicate images [33, 53]; extract topics from a collection of docu-
ments [41]; web page clustering [45], genomic sequence comparison [26]; 3D object index-
ing [69]. The original LSH algorithm treats the features of objects equally. However, in-
tuitively the features do not have equal importance when measuring the distances between
objects. Therefore, there are prior works focused on how to factor in feature weights in the
algorithm [33, 48, 67]. In our look-alike system, LSH is used as the initial step to cluster users
at a coarse level. After user filtering at this step, campaign specific model ranks the candidate
audience which has a larger impact on the final performance.

Ad-networks are tracking hundreds of millions anonymous online users (e.g.,identified by
browser cookies), and the daily activity data could be in scales of tens of terabytes. Therefore,
even before modeling user for various applications, the data storage and processing cost is not
ignorable. As data warehouse computing becomes available, advanced server technology can
be used to improve overall performance and reduce the capital and operational cost [55, 56, 57,

58, 59].

5.7 Conclusion

In this work, we present a large-scale look-alike audience extension system, where the simi-
lar user queries time is sub-linear. The core model of this look-alike system is based on graph
mining and machine learning technique on pairwise user-2-user similarities. Through extensive
evaluations on app installation campaigns, we show that the identified look-alike audience can
achieve more than 50% lift in app installation rate over other state of the art audience extension
models. We also discuss the challenges and share our experience in developing look-alike au-
dience extension system, and running online look-alike targeting campaigns. One of our future
work is to leverage the real-time campaign feedback signals into the continuous optimization

process of look-alike campaigns.
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Chapter 6

Future Work

Although user targeting has been known to the industry for more than a decade, among aca-
demics there has been a lack of systematic study of how users are targeted by ads and how ads
impact the online user experience. In our user profile driven ad crawling study, we investigated
the interactions among content, ads, and online user profiles. The study was conducted under
considerably informal conditions, and even the user profile, at the center of this study, is a much
simplified version of reality. We need better models to simulate users online behavior. In fact,
each user activity is going to impact user presentation in ad platforms and in subsequent ads.
A more careful study is required in order to understand such dynamics. Finally, in such ad
crawling studies, the traffic generated by ad crawler is going to impact the performance of ad
campaigns and campaign targeting strategies. It is therefore important to find ways to minimize
the impact on the market.

For many types of ads, profile information is key in targeting and in building prediction
models. The problem is how to represent the pieces of user information in models. In our
context-based app vectorization work, user features learned from the app vectors found useful
applications in app-install advertising such as in ad selection and conversion prediction tasks.
However, the concept of vectorization of entities is not limited to mobile apps. Query terms,
web pages, even users can be vectorized together based on the activities users generate over
time. In such shared latent space, it will be useful to explore the relationships amongst users,
ads, and content.

While online user activities are often difficult to grasp, the situation is even more complex in
the case of ad clicks and ad conversions. Although ad platforms provide the common language
of user interest profiles, which give advertisers the freedom to specify the audiences they wish

to target, it is often quite challenging to determine the optimal targeting criteria. Look-alike
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audience models present a form of black box to advertisers, with user similarities calculated
according to all available user information within the ad platform. However, while a look-alike
audience extension system works well with existing users, it misses a lot of opportunities to
identify new users.

In general, user targeting provides advertisers a way to identify users at a fine granularity
without exceeding their exploration budgets. However, this goal conflicts with the marketplaces
revenue model which states that the price of impressions depends on the competition in ad
impression auctions. A way must be found to balance the competing interests of advertisers
and the ad platforms.

Apart from online advertising, as discussed in this thesis, a multitude of areas benefit from
user modeling as well, such as social networks, online content personalization, online gaming,
and online shopping. As technology advances, new forms of consuming online materials will
continue to emerge. However, the need to understand online user behavior and model user on-
line representations will remain. At this point, the relevant questions are: What new properties
will users reveal on the new platforms, what new methods will enable better user modeling,

and what new applications will user models be applied to?
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