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Abstract
The digital advertising industry’s revenues reached $300 billion in 2025. This massive
industry is helping brands reach consumers and accelerating innovation.

However, it has also been notoriously pervasive in regard to the privacy of online
users, using various tracking technologies and data brokerage. This vast data collection
has been argued to be important to make ads more relevant to users and improve the
campaign KPIs.

In this thesis, I set out to show how engagement metrics can be optimized without
user behavior data, achieving a modest +2% Relative Information Gain over the
baseline using a two-tower late fusion architecture, with cached inference of ≈200’000
predictions per second.

This outcome brings into question the reasoning behind using personal data for ad
targeting and offers both theoretical and practical evidence showing the potential of
privacy-first and contextual targeting approaches.

Future research may continue exploring the application of pre-trained Transformers
to solve essential problems of online advertising via contextual targeting.

Keywords contextual targeting, real-time bidding, pre-trained language models,
online privacy, recommender systems, digital advertising
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1 Introduction
Advertising could be considered the engine of modern capitalism. It can inform
consumer decisions and dramatically scale the impact of innovations. With the rise of
e-commerce in the XXI century, the ability to reach customers online and effectively
target them became crucial for businesses, and online advertising became integral to
the monetization of the internet (Evans, 2009).

More recently, big data, analytics and artificial intelligence became key enablers
of more effective digital advertising campaigns, enabling industry revenues to swell
to $300 bn annually (Interactive Advertising Bureau and PwC, 2026). Predictive
models are trained to decide in real time which ads to show to which user, based on
the estimation of probability of a conversion or engagement.

With the average internet user being exposed to thousands of ads daily, the
advertising technology companies are collecting as many valuable data points as
possible, which often involves tracking users’ online browsing and purchases to infer
their individual preferences and characteristics such as age and gender, often without
their consent (Sivan-Sevilla et al., 2025). To create persistent user identification across
sessions, advertisers deployed third-party cookies, which persist in the browser and are
managed by companies independent of those that the user intentionally interacts with.

These practices are intrusive: they violate the consumers’ privacy, and result in
unrestricted and non-consensual personal data collection and sharing, which creates
possibilities of private surveillance and data leaks. This drives regulators to enforce
data protection laws (like GDPR in EU and CCPA in California), and motivates more
and more consumers to adopt ad-blocking practices.

In reaction to that, Apple and Mozilla restricted usage of 3rd-party cookies in their
browsers, while Google (market leader) first pledged to do so, but since then seems to
have walked back their plan. Revenue is perceived to be at risk from not being able to
attribute collected data to individual profiles. Despite regulatory pressure, there is
limited empirical evidence and research on how to achieve competitive KPIs such as
click-through rate (CTR) without using personal data.

Thus, the main question this thesis aims to tackle is "How can CTR be competitively
predicted in a no-tracking environment?" The research questions I focus on are as
follows:

1. Can a CTR model using only contextual signals (such as time of day and text on
the webpage that the ad is shown on) beat the production-level baseline?

2. How can the textual and tabular inputs be combined in predictions, and does a
pre-trained language model offer an advantage over simpler methods?

3. Can such a model satisfy practical reliability and latency constraints?

In this thesis, I first provide a background on real-time bidding and ad exchange
auctions, then make an argument for contextual targeting as a viable and desirable
alternative to tracking. Then, I develop a dedicated model for CTR prediction based
on contextual targeting. Finally, I evaluate the developed model against other possible



approaches and different architectures, and show that it achieves acceptable KPIs and
fits strict system requirements even without personal data collection.
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2 Background

2.1 Programmatic Advertising
2.1.1 Display advertising and other types of online advertising

The work presented in this thesis concerns programmatic digital display advertising,
which is an open ecosystem that works to serve advertisements on potentially any
website on the internet, for example, in the form of banners, in a way where the
advertiser with the highest bid gets to show the advertisement. It is important to
understand, however, that this sector is responsible only for a subsection of all the
ads users encounter on the internet. Advertisements in search engines and large
social media networks have their own, closed advertisement systems, where they
set the prices, record users’ preferences and manage targeting and delivery on their
platforms. The rest of the internet, the so-called Open Web, is either managed by
direct agreements, where pricing is decided in advance with exclusive partners, or
open to programmatic auctions.

At its core, programmatic advertising is an automated decentralized system that
"allows organizations (predominantly retailers) to bid for the privilege to publish
personalized online advertising in the right place, to the right people, at the right
time" (Samuel et al., 2021). One event of an advertisement rendering on a user’s
screen is called an impression. From the supply side, web publishers auction off
their inventory (impressions) in real time to advertisers, usually via a supply-side
platform (SSP), which connects their website with a network of buyers. Bidding is
carried out on behalf of buyers by demand-side platforms (DSP), which utilize the
digital information about the impression and customer, and automatically calculate (in
milliseconds) whether the space is worth having and what ad to show. Ad exchanges
(ADX) connect buyer and seller side, and serve as trading desks that hold auctions.

2.1.2 Real-Time Bidding and auctions

When a user visits a page with an available ad slot, a bid request is sent to the ad
exchange through SSP. Then, the ADX forwards bid requests to the DSPs. Based on
available data about the user and impression, each DSP decides whether to bid and
how much. Once the bids are collected, the auction is commenced, and the highest bid
wins, leading to its ad being shown to the user (Ou et al., 2023). This auction-style
decision process is also called header bidding, implemented e.g. using the open-source
Prebid framework (Prebid.org, 2026).

The whole process often finishes within 100ms to guarantee a good user experience
and is thus called real-time bidding, which also puts a strong constraint on the algorithms
used by DSPs. This latency requirement includes network hops, internal auctions, ad
matching, CPM estimating, fraud detection and so on, with each step competing for
the latency budget. Meanwhile, publishers stop accepting bids that go over the timeout
and overall encourage faster bidders. This means that a candidate CTR prediction
model would ideally produce sub-millisecond responses, at scale.
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Older literature on the topic reports using second-price auctions, where the bidder
with the highest bid wins, with payment being the second-highest bid (Ou et al.,
2023). However, current standard in major ad exchanges is first-price auctions, where
the winner pays exactly what they bid. First-price auctions were initially shunned
because of their inherent incentive to "shade" the estimated value of the impression
and try to barely outbid the competitors instead of bidding the true value of the
impression. Nevertheless, the transparency and accountability of first-price auctions
proved superior. Publishers also introduced "floor prices" - the lowest accepted bidding
prices - to protect revenues.

Figure 1 offers an overview of data typically available in a bid request. Based on
these datapoints, advertisers decide the value of this impression to them.

Figure 1: Overview of data available with a typical bid request. Source: Laub et al.
(2023)

2.1.3 Pricing models

Real-time bidding auctions happen based on the suggested costs per impression,
usually in the format of CPM, or cost per thousand impressions, for easier calculations.
However, as Tiet (2020) notices, there are several key pricing models employed by
DSPs for display ads: cost per thousand impressions (CPM), cost per click (CPC)
and cost per action (CPA), where action can be e.g. viewing the ad for some time,
interacting with it or having some other signal of engagement with it. CPC and
CPA were introduced in response to advertisers’ demand for performance-oriented
advertising (Tiet, 2020). It is especially these kinds of pricing models that the methods

9



presented in the current work are most applicable to, since they directly optimize the
number of engagements or events per impression acquired.

As the industry moves towards attention-based metrics (Interactive Advertising
Bureau and Media Rating Council, 2025), optimizing for events gains more relevance,
since it could now be applied broadly to any advertiser that considers attention a good
proxy for their campaign goals.

2.1.4 Bidding strategy optimization

To deliver ads in a real-time bidding setup, the fundamental task is to develop a bidding
strategy, i.e. logic by which to bid on impressions. Ou et al. (2023) calls this task a
"constrained optimization problem in an interactive and stochastic environment with
big data as support". Indeed, an advertising engine can receive hundreds of millions
of ad requests per day, which both enables a myriad of data science and big data
techniques and puts strong pressure on inference efficiency. At the same time, there
are diverse business objectives: some seek direct engagement from the user, such as
click on the ad or conversion, while others seek long-term brand awareness. Moreover,
there is a set of constraints such as total campaign budgets; budget pacing, which aims
to spread the spending across the campaign timeline according to some pattern, such
as even or front-loaded pacing; total return-on-investment (Ou et al., 2023).

Generally, the bid price depends on how well the ad matches the current user, and
how competitive the auction is. In first-price auctions, the optimal bidding strategy
is to bid slightly higher than the second-highest bid, but lower than the true value
of the impression. Bid shading, i.e., bidding less than the impression is worth, is
thus preferable but hard to carry out in practice because of the opaqueness of RTB
auctions, where only the winner is notified of the winning price, which makes it
difficult to collect data about the market. Ou et al. (2023) explains that it remains
a challenging task to derive an optimal bidding strategy for value maximizers in
first-price auctions. Several methods are proposed and could be used, such as a
Proportional-Integral-Derivative (PID) controller that utilizes the real-time feedback to
adjust bidding, as well as simpler rule-based approaches. For CPC-priced campaigns,
the bid price could be, for example, computed as follows:

𝑏 =
1
𝜆
∗ 𝐶𝑃𝐶 ∗ 𝑝(𝑐𝑙𝑖𝑐𝑘),

where 𝜆 is a coefficient regulating the desired delivery pacing of the campaign,
lowering bids when the spending outpaces the desired behavior.

Unless the goal of the campaign is to simply deliver a maximum amount of
impressions with minimum budget, any bid price calculation requires some estimation
of the impression’s true value to the bidder. The focus of this thesis is predicting
the probability of a click on a given impression, which is an important signal of the
impression’s worth.
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2.2 Tracking-enabled programmatic advertising
2.2.1 Advent of behavioral targeting

In the 2010s, the way people use the internet subtly but fundamentally changed.
Before, the primary behavior on the web was search: users, usually via a desktop
computer, used the web with a clear intent to find or purchase something. In contrast
with this, the user experience on smartphones and tablets is focused on discovery.
People use social media to catch up with their friends and follow sources they like,
without a concrete purpose in mind, but rather just to browse content that is relevant
to them. With the advent of infinite scroll feeds and short-form content, it became
normal to consume content on the internet for hours on end, primarily on mobile but
also on desktop.

On traditional TV, commercial breaks are standing between the viewer and the
core media they are watching, which gives them no other option but to watch the
advertisement. However, on the modern web, the core content is close and accessible
to the consumer. As Busch (2015) points out, now web users "vehemently defend
themselves against poor, irrelevant advertising" by scrolling past it or using ad blocker
software. The publisher and advertiser need to ensure individual relevance in the exact
moment the ad is seen, in order to grab enough attention for the person to read and
consider it.

Programmatic advertising was one of the main ways in which the online advertising
industry adapted to this environment. Armed with information about the person
viewing the ad, adtech operators can collectively make sure the ad being shown
is the most fitting to the user’s intent. For example, the retargeting technique is
widely used, where users who visited an e-commerce website but did not buy any
product are targeted with ads of that website, encouraging them to return and finish
the purchase. Breakthroughs in big data, machine learning and AI technologies
enable more complex inferences about user’s demographic characteristics, intent and
susceptibility to specific advertisement topics or approaches, powered by big amounts
of granular information collected by various brokers around the ecosystem, covered in
more detail in Section 2.2.2. Generally, the promise of these technologies is that the
more data is collected, the more accurate prediction is obtained and therefore better ad
campaign performance is achieved.

Tracking and programmatic technologies are meant to make sure that the ads are
showing something the users might actually want. This provides relevant suggestions
to users and informs them about new products. Theoretically, fewer resources and less
money are wasted on showing users irrelevant ads, and user experience of using the
internet improves as a result. Most importantly in our context, on an individual level,
tracking improves the revenue and metrics of both advertiser and publisher. Section
2.2.3 expands on the industry’s case for behavioral targeting.

However, the practice of behaviorally targeted advertisements came under signifi-
cant scrutiny in recent years. Section 2.2.4 explains how it violates consumer privacy,
and harms the ecosystem of open web. This scrutiny prompted the EU, the UK, some
US states and others to introduce legislation regulating and limiting these practices
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(Section 2.2.5). In this environment, it is important to develop technology to show
relevant, effective ads without infringing on privacy or harming the stakeholders.
Consequently, contextual targeting emerged as a key tool to match ads and webpages
in the absence of behavioral data, presented in detail in Section 2.2.6.

2.2.2 What is tracking

The main vehicle of cross-site tracking is so-called third party cookies. Cookies are
small data files stored in the browser that help websites, for example, to keep users
signed in. Mozilla documentation (MDN contributors, 2025) highlights three main
purposes that cookies are used for: session management, personalization (such as
language and UI theme), and tracking.

Cookies offer convenient persistent user identifiers, which enables adtech compa-
nies to collect and analyze individual data such as purchase, browsing and location
history. Even in absence of cookies, user identification can also be achieved with
device fingerprinting, based on signals such as IP, MAC-address of the device, and
other metadata.

Other tracking technologies include pixels – code injected as invisible, transparent
1 x 1 images that are e.g., embedded in an email, which collects information about
whether the individual user opened the email and when, as well as whether they
clicked any links in it. Tracking pixels also offer additional data on the user’s behavior
on the page, including how much time they spent on the page and where they clicked,
etc., which can be used to infer data about the magnitude of interest and engagement
with the content achieved, including how much attention the user paid to the ad, even
if they did not click it. Fouad et al. (2018) found that this technology was used by
83% of web domains they surveyed.

Persistent identifiers described above enable advanced profiling of users. Demo-
graphics, interests and political beliefs can be inferred, which are then made into
granular ad segments available for advertisers to use for targeting. Figure 2 shows the
process of behavioral targeting, from behavioral signal to ad impression.

Figure 2: Illustration of behavioral targeting flow. Source: Wadhwa and Bachwani
(2025)

Even more granular, hyper-personalized targeting optimizations can be achieved
by directly estimating the probability of conversion or engagement from the data
collected. Machine Learning approaches such as collaborative filtering could be used,
which assumes that users with similar characteristics behave similarly. Some of these
approaches are covered in Sections 2.3 and 3.
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2.2.3 Value of tracking

So how much value does tracking actually bring to advertisers and publishers? Why
do most publishers enable third-party cookie technologies on their websites?

Empirical evidence to answer these questions started appearing as regulators in
several countries enforced a possibility for every internet user to opt out of usage
of third party cookies, thus making tracking some users much more difficult. In
particular, several groups of researchers measured the publisher revenue lift from
tracking technologies such as cookies. Conventional thinking is that when targeting is
better, the advertisers are able to spend more per impression, driving up the ad prices
and thus publisher revenue. Most found a statistically significant difference in prices of
ads with targeting available and without; however, the magnitudes are very different.

Laub et al. (2023) carried out two separate studies using browsing traffic in 2016
and 2023, across mobile and desktop, as well as EU and US. Both studies found that
"ensuring user privacy online has substantial costs for online publishers". In particular,
the researchers found that average ad price decreases 18% (Study 1) and 23% (Study
2) when user tracking is unavailable, although there was variation between publisher
groups.

Gu et al. (2026) cover an experiment jointly overseen by Google and UK Compe-
tition and Markets Authority (CMA). The analysis of results found that unavailability
of third party cookies results in publisher revenue dropping by 29.1%. The paper
also recorded that Google Privacy Sandbox, a more privacy-friendly tool to replace
cookies, recovers only 4.2% of that lost revenue, though this number might be affected
by generally low adoption of this tool.

However, some highly cited papers arrived at different numbers. Marotta et al.
(2019) carried out an analysis of data from multiple websites with correction for
potential confounding features, which yielded a finding that cookies only bring 4% of
additional revenue.

P. Wang et al. (2024) took advantage of the GDPR compliance rollout across
European publishers to record the impact to their business metrics. Analysis of billions
of impressions showed a modest drop of 5.7% in publisher revenue, explained in part
by some advertisers not bidding at all when a tracking identifier is not available.

For an individual publisher, these studies offer a clear financial incentive to enable
tracking pixels and collection of third-party cookies, especially considering the plug-
and-play ease of their implementation. However, when these technologies are enabled
by majority of web publishers, they might hurt the collective revenues more than the
measured lift they provide, on top of obvious negative privacy impacts, as illustrated
further.

2.2.4 Negative externalities of tracking

A difference of almost an order of magnitude illustrates diverging views on behavioral
targeting in the literature. The adtech industry maintains that behavioral targeting is
a win-win situation for advertisers, publishers and consumers alike. Theoretically,
more data results in smarter predictions, which gives benefits such as lower search
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costs and better matching between advertisers and consumers. However, scholars have
found numerous inherent negative economic effects on the advertising ecosystem and
stakeholders associated with tracking. Big adtech companies end up in a position
where they are able to carry out anticompetitive practices, diminishing the revenue
flow that powers the free internet. Moradi et al. (2025) formulates these two views of
online advertising, illustrated by Figure 3.

Figure 3: Two framings of the role of data intermediaries in online advertising
ecosystem. Arrows show how value is either created (frame 1) or extracted (frame 2).
Source: Moradi et al. (2025)

Indeed, consider the nuanced impact of the tracking availability for advertisers.
Powered with behavioral targeting, merchants can reach the "right" consumers, paying
for impressions that will most likely result in conversion. Without tracking, however, a
producer of skiing equipment may have historically targeted winter sports sections of
online newspapers, where it competed with other businesses in related industries for
impressions and consumer attention. Since tracking enables targeting using people’s
inferred preferences, interests and demographics, the merchant is now competing
against an unbounded collection of advertisers of products that might be relevant
to a particular visitor of the webpage, be that luxury travel, football or professional
education. A similar dual dynamic can be traced on the publisher side. On one hand,
the content is more easily accessible for bidding by various merchants, which makes
more impressions happen, which convert to publisher revenues. On the other hand,
behavioral targeting erodes the value of publishing specialized content, which is a
tool that lets publishers achieve differentiation from competitors. In other words, the
power to match merchants and consumers shifts completely from web content owners
to data intermediaries, such as Google.

In context of limited consumer attention and budgets to spend on advertised
products, tracking intensifies competition between publishers and between advertis-
ers. Consequently, it reduces the bargaining power of both sides, which puts data

14



intermediaries in a uniquely strong position. Adding the fact that effective behavioral
targeting demands vast amounts of data collected across platforms, which restricts
this technology to be offered by big players only, tracking enables an oligopoly, as
demonstrated by anti-trust lawsuits against Google. In some prominent cases, the
intermediaries were able to charge as much as 70% of the advertisers’ budgets, leaving
less than a third to web page owners (Davies, 2017).

Advertising powers the Open Web, or the freely accessible portion of the inter-
net, such as newspapers and blogs without a paywall. Revenues from advertising
traditionally support the platforms offering democratic access to information, such as
independent local newspapers that are a primary source of news to many, offering a
sustainable alternative to subscriptions and content restricted for subscribers, which
reduces the reach and impact of the articles and is only viable for big publishers. In the
United States, almost 40% of local news outlets have shut down since 2005 (Metzger,
2025), consistent with tracking technology having a negative impact on the financial
situation of publishers.

Negative economic consequences of tracking motivate development and usage
of the machine learning approaches such as the one introduced in this thesis, for
publishers and advertisers. To the author’s knowledge, contextual targeting has not
received significant attention in data science research. If that was to change, the gap
between advertising outcomes highlighted in the previous section could be narrowed or
closed, which would motivate individual publishers to opt out of third-party tracking
altogether and reverse its destructive effects on the ecosystem. However, beyond
strictly economic effects, tracking also has important ramifications for stakeholders
such as individual internet users.

Importantly, tracking and vast data collection harms privacy of individuals. Any
one of hundreds of participants in real-time bidding auctions receives full data on
impressions, including a personal identifier, even if they do not actually send a bid.
This way, it is impossible for an individual to know where their precise location data
or browsing history might be collected and stored. Moreover, this vast data collection
happens without an explicit opt-in consent (except cookie banners). Potential harms
associated with violation of privacy are very real; one way to map them is presented
in Table 1.

Behavioral targeting also has some inherent effects on individuals. Summers et al.
(2016) studied how when consumers realize that the ads are being targeted based on
an inference made about their identity, this inference becomes the implied social label,
influencing the way individuals perceive themselves.

2.2.5 Data protection laws

Because of the harms illustrated in the previous section, countries around the world
introduced legislation to limit data collection, retention and sharing practices.

Perhaps the most consequential data protection law is the General Data Protection
Regulation (GDPR; Wolford, 2018), which is a law protecting people in the European
Union. This law enforces several data protection principles, such as purpose limitation;
data minimization; storage limitation and confidentiality. Data processors must notify

15



Table 1: A typology of privacy harms as per Citron and Solove (2022).

Type of privacy harm Subtype Example
Physical harms Data brokers giving victim’s

home address to criminals;
doxing

Economic harms Identity theft as result of a
data breach, leading to fraud

Reputational harms Incorrect data records lead-
ing to failing credit report

Psychological harms Emotional distress Fear from personal informa-
tion leak

Disturbance Telemarketing calls
Autonomy harms Coercion Higher prices for those exer-

cising privacy rights
Manipulation Cambridge Analytica influ-

encing elections
Failure to inform Background check carried

out without informing the sub-
ject

Thwarted expectations Selling of personal data to
third parties

Lack of control Retention of personal data
beyond maximum period al-
lowed/expected

Chilling effects People not engaging in dat-
ing apps anymore because of
one of them admitting to sell-
ing private information

Discrimination harms Hiring service using intimate
information to score candi-
dates

Relationship harms Disclosure of confidential
communications

the data subjects of a data breach within 72 hours or face steep penalties. Recent
regulation proposals attempt to reduce cookie fatigue and clarify usage of personal
data for AI model training (European Commission, 2025).

In the United States, California has passed the California Consumer Privacy Act
(CCPA), which is similarly consequential as many global technology companies are
affected by it. The law secures the privacy rights such as the right to know how the
personal information is collected; the right to delete personal information collected
and the right to opt-out of sale or sharing of the personal information (California
Department of Justice, Office of the Attorney General, 2024).
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2.2.6 Contextual targeting

The laws introduced in Section 2.2.5 and associated compliance costs and risks
create additional pressure for participants of the online advertising ecosystem to
consider alternative ways of targeting. Contextual targeting - optimizing advertisement
effectiveness by placing it in favorable media contexts (K. Zhang and Katona, 2012) -
has emerged as a privacy-friendly option.

In their analysis of the impact of GDPR compliance on publisher revenues, P. Wang
et al. (2024) notes that ads placed on web pages with relevant topics contributed to
40-45% recovery of the conversion rate lost with unavailability of user personal data.
In other words, relevant context softens the blow when tracking is unavailable.

Häglund and Björklund (2024) describes how a "shift in data supply" motivates
increasing use of contextual advertising. Personal data is becoming more difficult
to handle because of developing regulations and emerging privacy features, while
contextual data is getting easier to process due to advances in natural language
processing (NLP) and artificial intelligence (AI).

The researchers focus on three context factors influencing advertisement effective-
ness. Applicability denotes the fundamental way in which the content around the ad
placement is relevant to the ad content. There are nuances in how this applicability
impacts the perception of the ad. In the example used, an ad for a large car was
perceived positively in the context of safety, but it was perceived negatively in the
context of fuel economy. Affective tone is the way sentiment of the article and ad
influences its perception. Finally, content involvement is a context factor motivated by
research showing that engaging content results in better ad recall and conversion rates.
Häglund and Björklund (2024) then show how AI can be applied to detect all three of
these factors.

2.3 Machine Learning in Programmatic Advertising
2.3.1 Recommender systems

The task of deciding which ad to show to which user can be reduced to the rec-
ommendation task: based on a trove of data about past individual behavior of a
big number of users, rank the options in order of potential preference of a specific
user. Recommender systems – machine learning systems designed for this task – are
widely used in e-commerce, entertainment, tourism and other industries, as well as in
advertising technology. A timeline of development of the recommender systems is
shown in Figure 4.

The foundational idea employed in most recommender systems is Collaborative
Filtering (CF). CF is a technique used to predict the preference of a user based on
known preferences of similar users. In its basic form, it works with a user-item matrix,
where past user interactions fill the corresponding cells. However, such a matrix is
usually very big and sparse, especially when there are thousands of items and each
user has interacted with just a few of them on average. This makes it hard to use for
meaningful predictions directly and prohibitively expensive in terms of computation
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Figure 4: Progress of research on key recommender systems. Source: Raza et al.
(2026)

and memory. Thus, the recommender systems research focused on ways to reduce
this huge matrix to smaller ones, while retaining and condensing useful information.
One widely used approach is Factorization Machines (FM), introduced in Section 3.4.
FM, as well as other modern approaches, is also able to incorporate information about
features of items, users and interactions, not just about the interactions themselves.
Thus, the latest research has been focusing on how to model feature interactions
in a way that makes compute complexity manageable while maintaining important
information. Approaches such as Wide & Deep (Cheng et al., 2016) try to preserve
both low-level, pairwise feature interactions and high-level patterns that pure FMs are
not able to model efficiently.

2.3.2 Language Models

In the last decade, data science research made serious advancements in encoding
understanding of natural language texts. In their foundational paper, Vaswani et al.
(2017) introduce the Transformer architecture, illustrated in Figure 5.

The model was originally designed for translation tasks and consists of an encoder
and decoder that use stacked self-attention and fully connected layers. "Attention
Is All You Need" (Vaswani et al., 2017) suggested using self-attention instead of
convolutional or recurrent layers for the first time. The researchers point out advantages
such as the ability to parallelize computations, since matrix multiplications are used
instead of sequential recurrent operations. Moreover, this architecture was found to be
better at learning long-range dependencies in text due to shorter paths between any
combination of tokens in input and output sequences.

Devlin et al. (2019) took this idea further by introducing the Bidirectional Encoder
Representations from Transformers (BERT) model. The main contributions of this
paper are showing how to train and use a bidirectional transformer, and making
Transformer architecture conveniently usable for a wide range of downstream tasks
besides translation. In the original Transformer paper, each token attends only to
previous tokens in self-attention layers due to the nature of training process, which
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Figure 5: Transformer architecture. Source: Vaswani et al. (2017)

constrains the representative power of the model. BERT tackles this constraint using a
masked language model (MLM) pre-training objective, where random tokens from
the input are masked, and the model’s goal is to predict the masked tokens based on
the context around them. In addition to MLM, the next sentence prediction (NSP)
task was used to train the transformer, so all inputs contained also a special [SEP]
separator token and segment embeddings. The resulting pair of "sentences" were
either occurring one after the other in the training text or randomly sampled, and the
model was trained to distinguish the two using its special [CLS] hidden state vector.
BERT input format is shown in Figure 6. Note that sentence in this context means a
portion of text, not necessarily a grammatical sentence.

[CLS] 𝐴1 . . . 𝐴𝑁 [SEP] 𝐵1 . . . 𝐵𝑀 [SEP]

Figure 6: BERT input format for a sentence pair: both sentences packed into one
sequence, with [CLS] at the front and [SEP] marking the boundaries. For single-
sentence tasks such as text classification the second sentence is simply kept empty.

This design allowed researchers to train a model with a deep understanding of
natural language, useful for various downstream tasks such as classification, question-
answering, entity recognition and others. Importantly, high performance on these
tasks can be achieved without designing a task-specific architecture, but simply by
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fine-tuning some layers of BERT model and adding an output layer on top. [CLS]
especially proved useful for e.g. binary classification tasks. Finally, the encoder-only
architecture of BERT is generally more computationally efficient for representation
tasks such as CTR classification.

Later works, notably Robustly optimized BERT approach (RoBERTa), suggested
by Y. Liu et al. (2019), improved the training hyperparameters and dropped the NSP
task at pre-training as it was not found to add performance. The model has, however,
retained an ability to fine-tune on pairs of sentences, to the advantage of the current
thesis. XLM-R, a cross-lingual language model based on the RoBERTa architecture
(Conneau et al., 2020), is a version of RoBERTa trained on two terabytes of data in
100 languages, bringing the deep natural language understanding to use cases outside
of English-speaking countries.

2.3.3 CTR prediction

Click-through rate (CTR), or simply click prediction, is one of the central tasks in
advertising technology. It measures the probability of a display ad being clicked
when shown and it is used to estimate the value of an impression and consequently
the bid price. Common CTR values for desktop display advertising are below 0.1%
(W. Zhang et al., 2014).

The simplest way to predict CTR for bidding purposes is a rules-based system
which, for example, extrapolates past statistics for a specific ad format. However, the
high-volume nature of real-time bidding and straightforward formulation as a binary
classification task offer opportunities to use machine learning approaches to achieve
better performance. Strict inference time constraint and high class imbalance (about 1
click in 400 impressions) make it a challenging problem.

Historically, logistic regression was once a popular tool for the task, for its
simplicity and interpretation, as well as low computation cost. After that, several types
of recommender systems have been used as more data and compute were available:
namely, factorization models, deep learning models and hybrids, as shown in Figure 4.

Since the problem statement of the current thesis does not allow the use of any
data traceable to individual users, we are unable to utilize the collaborative filtering
assumption and are especially interested in methods that put an emphasis on contextual
features, including data about the ad and the article. Intuitively, the ad should address
the same interest or intent which brought the user to the page where the ad is shown.

In this regard, it is useful to consider models designed for a related problem:
CTR prediction in search advertising. Search engines use CTR predictions to provide
relevant sponsored placements in the search results. (Notably, the context considered
here is search engines before they started to use AI for features such as generated
summaries and direct question answering.) Typically, it is important that paid
suggestions are relevant to the search query, which is similar to our goal of making a
display ad relevant to the web page it is shown on. The BERT-CTR model developed in
this thesis is based on one such recommender designed for sponsored search (D. Wang
et al., 2023).
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2.3.4 Key evaluation metrics

CTR prediction is essentially a binary classification task with two classes: click and
no click. Because of very high class imbalance (≈ 1:400 ratio of clicks to non-clicks),
accuracy and related performance metrics are not usable, since a naive model always
predicting 𝑝(𝑐𝑙𝑖𝑐𝑘) = 0 would yield an almost perfect score. Instead, CTR prediction
literature commonly uses two more robust metrics: log loss and AUC (Alotaibi and
Alotaibi, 2025).

Log loss, or binary cross-entropy loss, is defined as follows:

L = − 1
𝑁

𝑁∑︁
𝑖=1

[𝑦𝑖 log( 𝑦̂𝑖) + (1 − 𝑦𝑖) log(1 − 𝑦̂𝑖)]

where 𝑦𝑖 are ground truth labels from the training dataset, and 𝑦̂𝑖 are the model’s
predictions. Log loss measures the difference between the distribution of predicted
scores and real labels. Smaller values mean better performance. Importantly, log loss
penalizes confident but wrong predictions, which is important in CTR prediction since
it alleviates the chance of overpaying for some impressions.

AUC measures the probability that a randomly selected positive item ranks higher
than a randomly selected negative item, also formulated as the area under the ROC
curve (Bai et al., 2025). A random classifier yields AUC of 0.5, while 1 is the perfect
score. AUC is a metric insensitive to class imbalance.

Relative information gain (RIG) shows the difference in log loss compared to a
baseline, as follows:

RIG = 1 − NormalizedEntropy = 1 − Lmodel
Lbaseline

In this thesis, as in D. Wang et al. (2022), RIG is used for presentation convenience,
to show the performance improvement of models. Often the baseline in RIG is a naive
fixed-CTR predictor, but, since a slightly less naive and more meaningful status quo
predictor is available, this work uses it as the baseline instead. One advantage over the
absolute log loss difference is that it is independent of the base rate of click probability.
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3 Methods
To answer the research questions, I compare three models of increasing complexity
against a production rule-based baseline (RQ1, RQ2), and separately evaluate the
developed model against practical constraints (RQ3).

3.1 Data
In the absence of personal data, we need to utilize all contextual information available.
Contextual signals for prediction of a click include 1) temporal features, such as
hour of day and day of week (perhaps, some ad is more effective late at night or
during the workday); 2) client context, such as whether the ad is shown on a mobile
or desktop device, and whether it is shown on an Apple device or an often cheaper
Android device; 3) ad context, such as type of creative (e.g., video or text) and textual
description of the product being advertised; and 4) webpage context, such as title and
excerpt of the page, as well as position of the potential ad relative to other content.

The data for this thesis has been collected using internal infrastructure of an
advertising technology company, a demand-side platform called C Wire. C Wire is a
participant of online display advertising ecosystem in Switzerland and neighboring
countries. The company focuses on delivering advertisements online where third-party
cookies are unavailable.

Models were trained and evaluated on historical data collected in the period from
February 1 to March 31, 2026. Each datapoint is a single event of an advertisement
rendered and shown to a user, also called an impression. The dataset contains 15.2M
impressions. The full list of columns suitable for use as features is shown in Table
4. Click, specifically the event of the user clicking on the ad and thus opening the
advertiser’s link, was taken as the target for prediction and the label for supervised
learning. Other relevant events could, however, also be used, such as time on screen
metrics or non-click interactions with interactive ads, which could signal attention
spent on the ad.

It is worth noting that profiling is one approach sometimes used in the advertising
industry in an environment where conventional personal tracking is not available. This
technique uses granular information about the client and connection that still makes it
to the adtech provider, such as IP address, browser version and viewport dimensions,
to deanonymize the user and connect impressions of the same user, possibly with
other known personal information. Resulting deanonymized data could be used with
mainstream personal-data-based click prediction approaches. However, this approach
violates privacy of internet users and often betrays their explicit choice to opt out of
personalized advertising, and so is not a part of this thesis.

All of the methods described in the following sections used 80% of this dataset
for training and the remaining 20% for validation. The train-test split was not carried
out randomly, but rather chronologically: the first 80% of impressions were placed
in the training set, while later impressions were held out as the validation set. This
makes evaluation closer to a real-world scenario and avoids leakage of future data into
training.
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3.1.1 Dataset statistics

Table 2: Basic dataset statistics.

Train Test Total
Impressions 12,169,368 3,042,345 15,211,713
Clicks 29,574 7,769 37,343
Click-through rate 0.2430 % 0.2554 % 0.2455 %
Start 2026-02-01 2026-03-22 2026-02-01
End 2026-03-22 2026-03-31 2026-03-31

The dataset is characterised by heavy class imbalance: a click happens for every
≈400 impressions. Negative downsampling could be used for training efficiency
(taking fewer examples of the negative class and correcting the prediction accordingly
post-hoc). It was not used in the current thesis, since calibration of the models was
crucial for the requirements. Moreover, training costs were manageable, and the loss
function and metrics are agnostic to class imbalance. Future work could experiment
with using downsampling for training the models in this thesis.

3.1.2 Textual data

The articles are scraped using Mozilla’s readability library. In particular, title
and excerpt fields are retrieved. This library is an industry standard, in part because
its speed is suitable for extremely high data volumes of adtech. However, it often
comes at the cost of data quality. Designing a scraper was out of scope for the current
thesis, but there might be significant potential improvements to be found from a better
dataset of article texts.

Ad texts were not readily available and were scraped as part of the current work.
The commercial LLM Claude Sonnet 5 was used to scrape and summarize the
call-to-action (CTA) URL of the advertisements. The prompt used can be seen below:

System Prompt for summarizing the landing page of advertised product

Based on the web page content below, write a single short
sentence naming the product or service being advertised and
the company offering it. If the page does not clearly advertise
a specific product or service (e.g. it is a generic login page,
a cookie/consent interstitial, an error page, or the content is
too sparse), respond with exactly: unclear

URL: {final_url}
Title: {title}
Body excerpt: {body_excerpt, first 2000 chars}

In the textual part, the ad text (scraped description of the advertised product) is
encoded with the title and excerpt of the webpage as a BERT sentence pair (in original
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paper, search query and ad text; see Figure 6). This way, during fine-tuning, the
transformer model learns which combinations of ads and articles are most effective.
Before training and inference, textual pairs are truncated at 128 tokens (≈0.5% records
affected), longest-first. Distributions of token lengths in the data are noted in Table 3.

Table 3: Token length distributions

Field Mean P50 P90 P95 P99
ad_text 21 20 33 38 39
title 12 12 18 22 29
excerpt 33 31 46 55 68
title+excerpt 45 43 62 74 89
combined pair 70 68 92 102 121
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Table 4: Features used in training. LR/FFM use the tabular features only; BERT-CTR
additionally consumes the text fields.

Feature Type Card. Models Description
Temporal
hour_sin dense cont. all 𝑠𝑖𝑛(ℎ𝑜𝑢𝑟 · 2𝜋/24)
hour_cos dense cont. all 𝑐𝑜𝑠(ℎ𝑜𝑢𝑟 · 2𝜋/24)
day_of_week categorical 7 all day name

Client context
Endpoint_OS categorical 7 all Client OS (iOS 46.7%)
Endpoint_Country categorical 101 all Mainly Switzerland

Ad context
Creative_Type categorical 6 all text / story / video
Creative_Variant categorical 16 all creative layout
ad_text tokenized 356 BERT LLM summary of the product

Webpage context
publisher categorical 23 all Publisher
pl_position categorical 12 all Ad position on the page
title tokenized 46,616 BERT Article title
excerpt tokenized 46,996 BERT Article excerpt

Historical prior
ctr_baseline dense / binned 64 bins all Hierarchical historical CTR (3.2)

Label
HasOpenedTarget binary 2 all User opened the advertised target.

Note: hour was encoded with sin/cos to preserve its cyclical nature and the close
relationship between 23:00 and 00:00.

FFM uses binned ctr_baseline because the implementation used (libffm) does
not normalize dense features, which would give a small weight to a feature that
generally has such low values.
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3.2 Baseline: rule-based algorithm
As a baseline, I took a historic average click rate based on data available. In particular,
the CTR was computed over a 60-day lookback window, with three hierarchy levels:

• CreativeType level, most broad

• (CreativeType, PlacementId)

• (CreativeType, PlacementId,LineItemId), most specific

For each impression, the baseline CTR prediction was computed over the most
specific level that had over 1000 impressions accumulated. For example, for a
campaign that just started, the CTR could be computed as a count of all clicks recorded
on the same placement by creatives of the same type in the last 60 days, divided by the
count of all impressions recorded in those conditions. This way, we ensure that the
empirical CTR is as close to the expected click probability as possible with a reliable
leverage.

3.3 Logistic Regression
The logistic regression model is one tool which has been used for CTR prediction
(Richardson et al., 2007). As a shallow model, logistic regression offers interpretability
and low complexity compared to other models, at the cost of limited predictive power.
Richardson et al. (2007) applied this approach to search advertising and used carefully
engineered features, such as bid term statistics and 81 manual ad quality features. This
highlights how performance of logistic regression is sensitive to feature engineering,
because the model assumes a linear relationship between input features and the logits
of the outcome, and it is unable to model feature interactions.

Logistic regression uses the following formula for its predictions:

𝑦̂ =
1

1 + 𝑒−w⊤x

Here, 𝑦̂ denotes the predicted variable (in our case, probability of a click), w is the
learned weights vector and x is a vector of features in numeric form. In this thesis,
logistic regression was trained with a set of dense features as well as one-hot-encoded
categorical features described in Table 4. Textual features are not directly applicable
to this shallow model.

The model was trained using the classic limited-memory Broyden-Fletcher-
Goldfarb-Shanno (L-BFGS) method (D. C. Liu and Nocedal, 1989). Cross-entropy
loss (also called log-loss) was used, which is defined as follows:

L = − 1
𝑁

𝑁∑︁
𝑖=1

[𝑦𝑖 log( 𝑦̂𝑖) + (1 − 𝑦𝑖) log(1 − 𝑦̂𝑖)] (1)
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3.4 Field-aware Factorization Machine (FFM)
Factorization machines (Rendle, 2010) are a class of models designed for huge and
sparse data, with the additional benefit of modeling pairwise feature interactions.
These qualities proved to be very suitable for the ad targeting context, when a lot
of data is mined for each user, and a new inference often needs to be processed in
milliseconds.

The core idea of the algorithm is to avoid having a matrix of n² weights for feature
interactions by maintaining n latent feature vectors, the dot product of which would be
the weight for the corresponding feature pair. This idea is somewhat similar to matrix
factorization, which is why it is called a factorization machine. In more formal terms,
the model equation is as follows:

𝜙FM(x) := 𝑤0 +
𝑛∑︁
𝑖=1

𝑤𝑖𝑥𝑖 +
𝑛∑︁
𝑖=1

𝑛∑︁
𝑗=𝑖+1

⟨v𝑖, v 𝑗 ⟩ 𝑥𝑖𝑥 𝑗 (2)

where the model parameters that have to be estimated are:

𝑤0 ∈ R, w ∈ R𝑛, V ∈ R𝑛×𝑘

And ⟨·, ·⟩ is the dot product of two vectors of size 𝑘:

⟨v𝑖, v 𝑗 ⟩ :=
𝑘∑︁
𝑓=1

𝑣𝑖, 𝑓 · 𝑣 𝑗 , 𝑓

Rendle (2010), which introduced the model, also suggests a way to construct a "d-way
Factorization Machine" that would model d-way feature interactions. However, as Guo
et al. (2017) points out, the computational complexity grows significantly, limiting the
real-world usage to d=2.

When a lot of past decisions by users are known (for example, whether they went to a
certain product webpage), millions of sparse features are created via one-hot encoding.
Thus, significant research efforts were spent on trying to model more complex feature
interactions in an attempt to increase the predictive power of factorization machines,
while taking advantage of their light computational costs. In particular, DeepFM
(Guo et al., 2017), DCNv2 (R. Wang et al., 2021) and Wide & Deep (Cheng et al.,
2016) became some of the state-of-the-art recommender systems, combining the
expressiveness of deep neural networks and the efficiency of factorization machines.
These are widely used in advertising, when a lot of sparse data is available, which
makes CTR prediction a recommendation task.

In a privacy-preserving context, however, large datasets of individual choices are
not available. FM-like models are often designed for millions of features, while the
data examined in this thesis only offers thousands. However, it is still worth it to
evaluate the performance of this class of models in this environment.

The model chosen in this thesis is called Field-aware Factorization Machine,
introduced by Juan et al. (2016). The approach took several top spots in public
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contests by major adtech companies such as Criteo and Outbrain, and its code is
readily available on Github.

In FFM terminology, a column of categorical data such as Endpoint_OS in our
dataset is called a "field". Since the model cannot process values such as "iOS" and
"Windows" directly, we first need to convert this column into numerical features.
Usually this is done using one-hot encoding, in which each possible value of the
column gets its own feature that takes a value of 1 when this value appears in this
column and 0 for other rows. The intuition of FFM is that interactions between
different OS-derived features are different in nature than interactions between the OS
column and e.g. day of week.

While in FMs weight computations use a per-feature latent vector v, in FFMs there
is a latent vector for each feature-field pair. In formal terms,

𝜙FFM(w, x) =
𝑛∑︁

𝑗1=1

𝑛∑︁
𝑗2= 𝑗1+1

(w 𝑗1, 𝑓2 · w 𝑗2, 𝑓1)𝑥 𝑗1𝑥 𝑗2

Taking 𝑛 as the number of features and 𝑓 as the number of fields, the total number
of parameters rises to 𝑛 𝑓 𝑘 from FM’s 𝑛𝑘 , so the authors recommend taking a lower
𝑘 value. In this thesis, a random hyperparameter search was carried out in order to
find the best model configuration for the given dataset, details of which can be found
in Table 5, with results demonstrated in Figure 7. All runs used early stopping as
recommended by the authors.

Table 5: Configuration of FFM hyperparameter search.

Parameter Distribution Range
n of latent factors 𝑘 uniform discrete 2, 4, 8, 16
learning rate 𝑟 log-uniform [0.01, 1.0]
L2 regularization parameter 𝑙 log-uniform [1e-6, 0.1]
instance normalization flag 𝑛𝑜_𝑛𝑜𝑟𝑚 bernoulli true, false
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Figure 7: Results of FFM random hyperparameter search (n=30).

3.5 Late fusion BERT-CTR
Intuitively, an important signal of ad effectiveness is its relevance to the content around
it. Indeed, the user is already interested in the topic of the web article they are reading,
so it makes sense to show ads related to that interest. However, the methods covered
above do not offer a productive way to capture the complex connections between
the ad and page content and their impact on click probability. At the same time,
the transformer architecture, introduced in the foundational paper by Vaswani et al.
(2017), has recently demonstrated advanced understanding of natural language in a
range of tasks.

Naturally, the numerical contextual signals still carry a significant signal, which
should be incorporated into predictions alongside text. D. Wang et al. (2023) compares
several ways to achieve this blend. One technique is to simply concatenate the numbers
as textual tokens with actual text, and feed it to the pre-trained language model as
input (X. Zhang et al., 2020). However, this approach was found to underperform
compared to others, while having large requirements for inference, since computations
over the numerical data now unnecessarily include the whole transformer, instead of
optimized models like FFM.

D. Wang et al. (2022) notably use a pre-trained language model (LM) for CTR
prediction in the sponsored search use case for Microsoft’s search engine Bing. The

29



architecture combines a textual tower, with a fine-tuned BERT-family LM, and a non-
textual tower with embeddings over non-textual features, with node-wise summation
providing the fusion of features and resulting in a low-dimensional set of numeric
features to be fed into a subsequent CTR prediction pipeline.

In the current thesis I use a variant of this architecture that functions as a standalone
CTR prediction model, suggested by D. Wang et al. (2023) in their follow-up paper
(referenced as "Shallow Interaction architecture" baseline), illustrated in Figure 8.
Section 5 explains why the paper’s flagship BERT4CTR model was not considered in
the experiments of this thesis.

Figure 8: Late fusion architecture used.

The pre-trained transformer model published as xlm-roberta-base is used,
a version of the XLM-R model introduced in Section 2.3.2, since the corpus is
multilingual. Dense features are z-score standardized and concatenated as raw scalar
floats into the fused vector, as opposed to being 101-dim one-hot-encoded in the
original paper.

3.5.1 Training details

The training setup includes data processing, which aggregates the ad events data
by impression, removes the impressions for which not all training data is available,
performs data augmentation and cleaning. Training experiments are monitored and
tracked using the open-source framework MLflow (mlflow.org). Various memory
optimizations are performed in the training code to keep the requirements feasible
despite large datasets. The main training job of BERT-CTR model has 150GB RAM
requirement, while data preparation requires up to 300GB of available memory. The
high-performance polars Python library and rigorous batching are used.

The training was carried out on Nvidia A100 and H100 GPUs using the Triton
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high-performance cluster of Aalto University. Training architecture, optimization
choices and hyperparameters are shown in Table 6.

Table 6: BERT-CTR model training hyperparameters.

Hyperparameter Value
Architecture
Backbone xlm-roberta-base (hidden size 768)
Frozen backbone layers embeddings + lowest 8 of 12 blocks (top 4 trainable)
Cat. embedding dim min(50,max(4, round(1.6𝐶0.56))), where 𝐶 - cardinality
MLP head hidden dims 256, 64 (ReLU)
Dropout 0.2
Output bias init logit(base rate in training set)
Max sequence length 128
Optimization
Optimizer AdamW
Loss Binary Cross-Entropy with logits
Backbone learning rate 1 × 10−4

Head learning rate Learned in hyperparameter sweep per variant, see Figure 10
LR schedule linear warmup → linear decay to 0
Warmup fraction 0.1 of total steps
Weight decay 0.01
Epochs 2
Effective batch size 2048
Gradient accumulation steps 4 (micro-batch 512)
Train/test split ratio 0.8 (temporal)

Note that the experiments found that the model had a high variation in validation
loss and AUC from training initialization (seed). In particular, since no downsampling
was done, high batch size means that there is a high probability that almost every
batch will have at least one positive datapoint, resulting in a productive gradient
update. Warmup of learning rate stabilizes early BERT fine-tuning and MLP training
by gradual ramping up of the learning rate over the first 10% of steps. This way the
model is less sensitive to random weight initialization. Finally, the bias of the MLP
output layer is also initialized to the logit corresponding to the training set ratio of
positive samples. This makes the training start with weights already roughly reflecting
the real, highly imbalanced nature of the data, and avoids spending training steps on
correcting the output bias.

Furthermore, the model training was designed with efficiency in mind, to bring
the training and retraining costs down despite handling large datasets. Thus, gradient
accumulation steps were introduced, to split the big batch of 2048 into micro-batches
of 512 which would each fit in GPU memory, with the optimizer updating the weights
only after all 4 of the micro-batches are computed.

D. Wang et al. (2022) treats position on the page as a special case, essentially
joining it with other features only at the very end of the pipeline. The authors argue
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that position should be independent of the ad’s own qualities. In this thesis, however, I
don’t see a justification to make the same distinction, so I treat position (pl_position)
as just another part of context.

3.5.2 Experiment: dimension reduction

D. Wang et al. (2022) suggests using a dimension reduction step before fusion.
Moreover, the paper found a 0.06% AUC boost (which the authors argue is significant
in their context) from using node-wise summation rather than concatenation in the
fusion step, which motivates validation of this improvement for our model. Thus, in
this thesis two comparisons were carried out: 1) dimension reduction vs. status quo
as described above, and 2) node-wise summation vs. concatenation.

Indeed, in the architecture shown in Figure 8 the fusion vector consists of a
concatenation of the 768-long [CLS] pooling vector from XLM-R and 52 floating-
point numbers from non-textual features. This might overweight the impact of the
textual tower in predictions. Dimension reduction would also reduce the required size
of the head MLP. In this thesis, I implemented dimension reduction as a linear layer on
top of the textual tower, as well as one on the non-textual tower. Both project the data
on 30 output values. In the node-wise summation case, the resulting fusion vector is
of length 30. In the concatenation case, the fusion vector, input to the MLP head, has
length of 60.

Figure 9: Late fusion with dimension reduction.

Final comparison included three variants: 1) no projection variant as depicted in
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Figure 8, 2) linear projections with fusion as concatenation, and 3) linear projections
with node-wise summation on fusion step. Since the number of parameters varies
significantly (two-layer MLP head in no projection setup; one-layer with different
number of inputs for the other two), a separate head learning rate sweep was performed
first, to determine the best value for each variant. Other hyperparameters were fixed
across these runs, as was the initialization seed. Results of the sweep are shown in
Figure 10. The learning rate with the lowest loss was selected for each variant (marked
with a star on the figure). 10-seed final comparison of variants, each with its best
configuration, is presented in Table 9.
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Figure 10: Learning rate sweep over three variants of BERT-CTR architecture.
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3.5.3 Implementation

The late fusion architecture has a significant benefit for real-world applications. Since
the 270M-parameter transformer only processes the ad and article texts, its output - the
768-dim [CLS] pooling vector - can be precomputed and cached, saving significant
time at inference, achieving single-digit millisecond prediction times, even on CPU.
Exact numbers are shown in Table 7.

Table 7: Benchmark results (batch size 128, 5000 inference samples / 20 training
steps). train_frozen denotes training of the model with frozen RoBERTa weights
(no fine-tuning). Python code was used, which makes these results an upper bound on
cached inference time.

Run Scenario Wall (s) Throughput Unit Peak mem (MB)

CPU

infer_full 414.591 12.060 rows/s -
infer_cached_cls 0.026 189877.321 rows/s -
train_full 826.771 0.024 steps/s -
train_frozen 357.251 0.056 steps/s -

GPU (A100)

infer_full 1.361 3672.885 rows/s 1511.2
infer_cached_cls 0.018 285359.754 rows/s 1087.2
train_full 1.835 10.902 steps/s 9777.7
train_frozen 0.519 38.549 steps/s 1443.5

The benchmark results show that precomputing the [CLS] cache makes the
real-time computation cost 16’000 times lower, making this architecture attractive
for real-world usage. Moreover, the hot path inference may be implemented in a
performance-optimized programming language of choice (such as Go), since the MLP,
embeddings and sigmoid function contain relatively simple computations. This avoids
the traditional overhead of a Python or ONNX environment. In particular, I leveraged
these benefits in my implementation for the ad server of C Wire, achieving p99 latency
of 50𝜇𝑠, or 0.05𝑚𝑠 for calls to the prediction service.

Since trends and patterns in advertising have a tendency to change, a DSP
implementing such model would have to watch out for model drift. Model drift, or
model degradation, is a phenomenon that occurs when the environment is dynamic,
and the model’s predictive power deteriorates as its training data does not reflect
the patterns seen in real-time data. For example, an event like the World Cup might
happen, which changes the distribution of football-related content, as well as changes
people’s predisposition to products around it.

To address the issue of model drift, an adtech operator needs to periodically retrain
the model on new data. Luckily, with a late-fusion architecture, the costs of this can
be mitigated by freezing the weights of the textual tower for more frequent retrains.
For example, the categorical & dense features could be retrained along with the MLP
head every week or more often, while the expensive full retrain with fine-tuning the
transformer weights could be run every 2-3 months, to incorporate new longer-term
trends in data.
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4 Results

Table 8: Comparisons of CTR prediction models on validation dataset. Higher AUC,
lower log loss and higher RIG are better; the best AUC is shown in bold. Results from
initialization sweeps are shown as mean±std

Model AUC Log loss RIG
Baseline (historical CTR) 0.6729 0.01727 –
Logistic regression 0.6840 0.01719 +0.47 %
FFM (best of sweep) 0.6892 0.01702 +1.47 %
BERT-CTR 0.6954 ± 0.0070 0.01690 ± 0.00009 +2.15 % ± 0.53 %

Table 8 shows the headline comparison between the models presented in Section
3. Models used the features as noted in Section 3.1, with the following exceptions:

1. The predictions of the baseline (historical averages) were one of the features of
all models, so it is expected that all evaluated models beat the baseline.

2. Moreover, the historical averages were computed using data from both training
and validation set, instead of freezing them for evaluation. They were computed
and evaluated on a rolling basis, where each prediction is calculated only using
impressions before the current one. This models the real-world performance
the best, but introduces a small degree of validation set leakage to the models,
because the historical CTR is one of the input features. Arguably, this evaluates
the models in a way closest to their potential behavior when deployed, and it
does not affect model vs. model comparisons.

3. BERT-CTR model used textual data from the ad and article (see Section 3.1.2).
This naturally adds some performance gain on its own, which is here counted
towards BERT-CTR improvement.

4. FFM results might be slightly inflated since only the best result of the hyper-
parameter sweep is taken, with no account for possible overfit or initialization
dependency, as in BERT-CTR.

Relative information gain (RIG) is shown alongside AUC and log loss to provide
an interpretable "lift" value. Note that RIG is computed relative to the baseline model
from Section 3.2. More information on definition and calculation of metrics can be
found in Section 2.3.4.

Logistic Regression and FFM show small wins over the baseline, with FFM
showing 1.47% RIG, and LR only 0.47%. FFM might have shown significantly
better results if a collection of high-cardinality features was provided such as those
commonly found in personal data.

Transformer-based late fusion model ("BERT-CTR") shows about 2% positive
relative information gain and an ≈0.02 AUC lift over the baseline. Alotaibi and
Alotaibi (2025) claims that even an increase of 0.001 in AUC is significant when
deployed in practice, which makes the results worthwhile.
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4.1 Experiment: dimension reduction and node-wise summa-
tion

default
(no projection)

lr=1e-3

projection + concat
lr=3e-3

projection + sum
lr=1e-4

0.680

0.685

0.690

0.695

0.700

va
lid

at
io

n 
AU

C 
 (h

ig
he

r i
s b

et
te

r)

Seed spread per architecture (best LR): AUC vs. CE loss (points = seeds; diamond = mean ±1 std)

AUC seeds (left axis) CE loss seeds (right axis) mean (±1 std)

0.01680

0.01685

0.01690

0.01695

0.01700

0.01705

0.01710

cr
os

s-
en

tro
py

 lo
g 

lo
ss

  (
lo

we
r i

s b
et

te
r)

Figure 11: AUC and cross-entropy loss for three variants of BERT-CTR model with
different fusion approach, across 10 runs with different initializations.

Table 9: Seed-to-seed variation of BERT-CTR architectures on the validation dataset.
AUC and log loss are reported as mean ± sample standard deviation over random
seeds; higher AUC is better, lower log loss is better. The last two columns are the
ablation CE gains (mean log-loss increase when a tower is removed; higher = that
tower contributes more): non-text ΔCE zeroes the categorical + dense towers, text
ΔCE zeroes the text tower.

Architecture AUC Log loss Non-text ΔCE Text ΔCE
default (no projection) 0.6902 ± 0.0052 0.01693 ± 0.00010 0.00069 0.00027
projection + concat 0.6891 ± 0.0008 0.01705 ± 0.00003 0.00079 0.00002
projection + sum 0.6954 ± 0.0070 0.01690 ± 0.00009 0.00061 0.00040

Table 9 and Figure 11 show the results of the experiment described in Section
3.5.2. As can be seen, dimension reduction with node-wise summation ("projection +
sum" variant) wins by mean headline metrics. It is notable, however, that this variant
also has the highest initialization-related variation in performance, which makes these
results more suggestive than statistically significant. At the same time, this variant
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results in the lowest parameter count, and the "hot path" computation of the non-textual
tower with the MLP head is the lightest compared to other variants.

Additional analysis was carried out to determine the true contribution of the heavy
textual tower compared to other signals via ablation. The model was evaluated on the
validation set while replacing the output of the non-textual tower with a zero-valued
vector, and then separately similarly hiding the output of the textual tower. Increase
in the loss in each case was measured and mean value over the runs was recorded in
Table 9.

It can be seen that the "projection + concat" variant basically ignores the signal
from textual tower altogether. Meanwhile, "projection + sum" gives the textual tower
the highest weight across the variants, which seems to result in generally higher AUC
and lower loss. Based on this and the above evidence, dimension reduction with
node-wise summation is the preferred architecture for this kind of model.

4.2 Calibration analysis

Figure 12: Observed vs. expected CTR by hour of day.

Calibration is an important qualitative metric for CTR prediction. Instead of
aggregated, "mean" performance, it shows how the model performs on different subsets
of data. Analysis of calibration helps spot potential problems with the model and gaps
in its understanding of data. In a real-world implementation, it is crucial to not only
predict well on average, but to also avoid very poor performance on specific segments.
For example, constant underbidding on an individual site or publisher would result in
a possible violation of the contract with them.

Figure 12 shows a plot of calibration by time of day. It can be seen that CTR
naturally rises during late evening and night, although there are also significantly fewer
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impressions during that time, which might explain why the predicted values do not
follow the curve of real CTR as well during that period. There seems to be a dip in real
CTR on hour 23, which might be explained by some errors in attributing clicks across
days. The baseline predictor seems to be overestimating CTR at most of the hours,
compared to the model, predictions of which are more correlated with the real CTR.

Figure 13: Observed vs. expected CTR by Creative_Id.

Figure 13 shows an observed vs. expected CTR plot, where each point corresponds
to a single creative (advertisement). Bigger bubbles correspond to campaigns with
more data and traffic. High-traffic campaigns seem to be well-represented by the
model (big bubbles are close to the y=x line on the plot). A cluster around 0.003 click
probability is observed despite some variation in real CTR. This might show that the
model could get better performance if it is trained on more data than in this thesis’
experiments.
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5 Discussion
Evaluation of the models for CTR prediction shows that Transformer-based BERT-CTR
model achieves the best performance on the task, compared to the baseline as well
as popular algorithms (RQ1). This thesis demonstrates the potential of architectures
based on pre-trained language models for CTR prediction and similar tasks in online
advertising, especially in the environments where rich personal data is not available.

Results are consistent with findings of D. Wang et al. (2022): node-wise summation
and dimension reduction indeed seem to do the best job at capturing the textual and
contextual signals (RQ2). The implementation is shown to fit the strict inference
requirements, with sub-millisecond latency and good calibration (RQ3).

Textual data is shown to be valuable for predicting click-through rate, as shown
using the pre-trained language model RoBERTa, while a Factorization Machine
showed decent but worse results. At the same time, the AUC increase observed from
BERT-CTR was less than 0.02, with RIG 2%, which both point to a positive yet not
overwhelming result. A 2% increase in revenue would be a good result – however, the
actual impact on revenue numbers is difficult to predict due to many factors beyond the
machine learning task of predicting click-through rate. These include, for example,
available ad and placement inventory, and market competition. However, there are
also known limitations of the research done in this thesis:

1. Performance of BERT-CTR may be partially explained by introduction of textual
fields, unavailable to other models. A more fair comparison could include e.g.
TF-IDF embeddings as a feature for FFM.

2. The BERT4CTR paper introduced by D. Wang et al. (2023) points out that late
fusion loses out to another approach the authors called Uni-Attention. In that
architecture, in addition to final concatenation / summation of tower outputs, the
non-textual tower has a set of attention layers that takes Key/Value from textual
tower’s transformer layers. Since one-directional attention is used, it is still
possible to cache the outputs of the textual part to avoid expensive inference (the
approach from 3.5.3), however, the Key and Value matrices for each attention
layer also need to be cached, raising the amount of memory required per cache
entry from kilobytes to megabytes. Uni-Attention was decided to be left out of
scope for the current thesis, since basic late fusion offers the proof of concept
with lower architectural requirements.

3. Evaluation on real campaigns, for example, via A/B tests, could be carried out
to get more realistic measurements of the revenue lift achieved over baseline.
As discussed above, the real revenue impact depends on several other factors
beyond the CTR estimator itself. Such evaluation decidedly did not fit into the
timeline of the current work. However, it is on the roadmap as an essential step
in the integration of this model into the production adserver.

4. More deliberation could be done on the exact formulation of what an "ad text"
is. In fact, it was more of a product description than text on the ad, since the
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information came from the scraped call-to-action (CTA) link of the ad. This
enables the information about product-context fit to be modeled by the predictor,
but loses the semantics of the ad itself. One could experiment more with the
specific way these ad texts are generated.

5. Other events than click could be modeled. Once again, the current thesis offers
the proof of concept solution on the most impactful type of event, but a practically
identical model could be trained to predict, for example, the probability of a full
view or engagement by an arbitrary definition for which there is enough data.
This would enable a DSP to offer competitive cost-per-action pricing schemes
to its customers.

6. Finally, an inherent limitation is present in the dataset used. J. Wang et al.
(2017) highlights that the data about won bids collected by a single DSP is
biased, because only the winning price for the auctions that this DSP won is
known.

6 Conclusion
This thesis investigated the problem of online ad targeting in the context where
personal data is not available. Personal data is becoming more scarce and problematic
to handle, while contextual data is now richer and easier to process than ever, due
to breakthroughs in the NLP domain. Moreover, contextual targeting may offer
better long-term outcomes for all participants of the ecosystem than tracking-enabled
personalized targeting.

The paper examines solutions to the cornerstone problem in digital advertising -
click-through rate prediction, which is an important part of the optimization of online
ad campaigns. Using data from a Swiss adtech provider, a proof-of-concept model
is developed and trained. It is observed to fit the acceptability criteria (reliability
and strict latency requirements) and beat both the provider’s existing solution and
versions of popular CTR prediction algorithms, adapted to the no-tracking context. In
particular, a two-tower architecture is proposed, where heavy pre-trained language
model inference may be pre-computed and cached. The trained model is observed to
offer a 2% Relative Information Gain and 0.02 AUC lift, while being well calibrated
and showing sub-millisecond times on cached inference.

This thesis is meant to test whether online advertising is possible without collection
and processing of granular personal data. Indeed, according to my literature review,
studies disagree on the actual added value of tracking, while there is mounting evidence
of its negative impact for consumers, advertisers and publishers alike. In this thesis,
I go further and show a potential alternative: a model that leverages the depth of
available contextual data to deliver advertising outcomes in complete absence of
tracking.

Online advertising helps promote new brands and products, and supports webpages
that offer free access for all, from news media to personal blogs. Contextual advertising,
where the displayed ad is relevant to content around it, is a simple yet powerful method
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of ad targeting, with obvious relevance to the reader. Such an approach avoids damage
to personal privacy and does not even require e.g. collecting timestamped browsing or
location history, or inferences about interests and mental state. As an added benefit,
there are vastly reduced risks of abuse and data leaks.

Testing in a production scenario, on running ad campaigns, is to follow the
current research. Limitations discussed in the previous section show possible future
improvements to the model design. Future research could also focus on experiments
with new architectures and variants, as well as more rigorous evaluation of the model
introduced here. Moreover, a proper comparison against a personal-data-powered
model could be done on live data.

I hope that this thesis contributes to more research of privacy-friendly solutions in
advertising technology. While AI offers novel forms of hyperpersonalization, it also
unlocks heaps of new value in contextual data, and with it new long-term benefits to
consumers and industry.
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