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Abstract

Real-time bidding (RTB) is one of the more popular mechanisms for trading online ad slots. RTB

enables advertisers to directly match the user’s profile and the publisher’s profile with their ads for

every ad display opportunity through real-time auctions. Properly designed and allocated ads enhance

users’ browsing experiences by providing relevant sources of information without bringing too much

interruptions. Positive user experiences encourage more ad engagements, which directly increases

high profits for both publishers and advertisers.

In this dissertation, we address three major challenges in the RTB environment for display advertising,

namely user response prediction, bidding market prediction, and bidding strategies design. First, user

response prediction models facilitate the evaluation of the value of each ad display opportunity. For

this purpose, we leverage self-exciting effects in users’ purchase behaviors to complete user profiles

with temporal features. It improves the performance of forecasting users’ future purchase behaviors.

Second, bidding market prediction models estimate the cost of winning an auction, which directly

impacts a bidder’s budget consumption. We propose two market prediction models providing price

level and distribution level estimations. The price level model captures and correlates the temporal

patterns in the bid request features with the market prices at an aggregated level. It significantly

decreases the prediction error compared to uni-variate baseline models. The distribution level model

provides fine-grained market price distribution predictions for each bid request. It facilitates estimating

the winning probability for any bid price and outperforms state-of-the-art models applied in the RTB

domain. Third, we propose two bidding strategies in the single agent and multi-agent scenarios

respectively. The former model demonstrates high-efficiency in terms of winning the auctions with

clicks under low budget constraint in a stationary bidding environment. The latter model allows each

bidder to infer its opponents’ behaviors in the partially observable stochastic bidding environment.

It shows faster convergence of the strategy training when all bidders adopt and learn their strategies

simultaneously in the non-stationary environment.

The proposed solutions have been tested on large scale real-world bidding datasets and also private

datasets from the industrial partner, OLAmobile. The results demonstrate significant improvements

over state-of-the-art studies.
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Chapter 1

Introduction

1.1 Online Advertising

Online advertising has become a multi-billion dollar industry in recent years. According to
the Interactive Advertising Bureau annual report1, in 2018, online advertising for the first
time generated over 100 billion dollar in the US market. It surpassed the second category
on the list, TV advertising, by over 30 billions. Fueled by the global proliferation of mobile
devices usage, mobile ads have brought significant revenue shift over ads on the desktop from
only 9% in 2012 to over 65% in 2018. With more user engagement in the online activities,
among all media types such as on paper or radio, online advertising is the only type with
rapid growth in the market share since 2014.

Common types of online advertising are sponsored search [64], contextual advertising [126],
and display advertising [153]. Instead of blindly serving the ads regardless of the place
where they are shown, the relevance, or the audience’s preferences, online advertising allows
the ad slots to be sold in a programmatic way to realize more efficient ad delivery. Sponsored

search uses a query-based matching criteria, where the advertisers target the key words in the
user’s search queries and submit a bid price that they are willing to pay if a user clicks on the
ad. As is shown in Figure 1.1, on the Google search’s side, on the top of the search results,
a few ad slots are available. Google AdWords [38] for example, as the platform used by

1https://www.iab.com/insights/iab-internet-advertising-revenue-report-2018-full-year-
results/

https://www.iab.com/insights/iab-internet-advertising-revenue-report-2018-full-year-results/
https://www.iab.com/insights/iab-internet-advertising-revenue-report-2018-full-year-results/
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Figure 1.1 An example of sponsored search ad on Google, powered by Google AdWords.

Google, takes a global view and allocates the submitted ads by calculating a rank score [49]
in order to optimize its revenue. The rank score is decided by the submitted bids and the
evaluation of the quality of the ad in terms of the probability of a click.

Instead of targeting the search query, contextual advertising matches the ads with the content
of the publisher’s site (e.g. in Figure 1.2a) or the use’s geographical location (e.g. in
Figure 1.2b). Google AdSense [38] is such a platform which serves contextual advertisements.
It firstly determines a set of keywords of each webpage and upon each user’s visit, same as
on AdWords, the platform then ranks the ads based on the keywords-based bid price and
allocates the ads on different locations.

Display advertising sells ad slots through direct contracts [65] or by means of real-time
auctions. Direct contract means that the impressions are pre-sold to advertisers on a predeter-
mined contract at a fixed price. The publisher guarantees to show the advertiser’s ads and
meets some pre-defined Key Performance Indicator (KPI), for instance, the publisher can



1.2 Real-Time Bidding 3

(a) Content matching (b) Geographical location matching

Figure 1.2 Examples of contextual advertisements.

agree to deliver a minimum amount of impressions or to guarantee a certain number of clicks
or acquisitions.

In contrast, RTB allows the advertisers to programmatically design their strategies for buying
ads in a more cost effective way. It allows more fine-grained targeting by directly matching
their potential customers for every ad display opportunity. In Figure 1.3, the hotel booking
ads are based on the user’s earlier browsing behavior on Booking.com which is irrelevant to
the content on the news site. In addition to the publisher’s site information, the advertisers
also receive each end user’s profile, such as the device type, the time he/she visits the site, or
the geo-location. If the user profile matches the target audience, the advertiser will set a bid
price in order to win the real-time auction.

1.2 Real-Time Bidding

An RTB system in general consists of three major parts: Demand Side Platforms (DSPs), an
Ad Exchange, and Supply Side Platforms (SSPs). Figure 1.4 shows a simplified overview
of an RTB system. Although only one SSP and one DSP are shown in Figure 1.4 for
simplicity, in practice, an ad exchange connects multiple SSPs and DSPs. When an end
user visits the publisher’s site or opens a mobile app, the publisher’s end sends a bid request
containing its own profile, attributes of the user, and the description of the available ad slots
(ad format or size) to the ad exchange requesting for the best matching ads. The publishers
usually register their ad inventories at an SSP. It provides better control for determining the
minimum inventory price to ensure the publisher’s profits and automates the inventory selling
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Figure 1.3 An example of display advertising on BBC.com.

Figure 1.4 An overview of a simplified RTB system.

process with as many advertisers as possible. The ad exchange starts a real-time auction and
distributes the request to the advertisers’ side.

Advertisers have different forms of ads such as video ads, banner ads, and pop-up window
ads. A specific ad that an advertiser wants to show is called an ad creative. Advertisers
define the budget, targeting user segments, and maybe a restricted list of publishers, together
with one or more ad creatives, to create an ad campaign. Similar to SSPs, DSPs facilitate the
advertisers to purchase ad slots from a variety of publishers by optimally deciding a bid price
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for their ad campaigns. Upon receiving the bid request, the DSP selects the campaigns with
the relevant targeting parameters. In addition to the information in the bid request, the DSP
can also collect more online behavior data of the user from a third-party Data Management
Platform (DMP). Based on all the gathered data, the DSP needs to set a bid price in order to
win the opportunity of showing the ad, also called an ad impression.

The ad exchange receives the submitted bid price from multiple DSPs and notifies the one
with the highest bid price as the winner. The winner pays the market price, also called
the winning price according to the type of the auction. First price auctions (also known as
English auctions) and second price auctions (also known as Vickrey auctions) [76] are the
two most commonly used auction types in RTB. As the name suggested, in the first price
auctions, the winner pays its own bid while in the second price auctions, the winner pays the
second highest bid. The ad exchange sends the winner’s ad creative back to the SSP and the
ad is shown to the user.

The process of the online auction typically takes place within 100ms during the page loading
time. A successful ad impression will attract users to click on it. After being redirected to the
winner’s landing page, the user may also complete a service subscription or a purchase. The
click and purchase information will be sent to the DSP as the feedback to better estimate the
value of a similar impression. The DSP evaluates the campaign performance by calculating
the Click Through Rate (CTR) or the Conversion Rate (CVR) as the reference for making
future bidding decisions. The CTR of a campaign is defined as the ratio of the number of
clicks to the number of impressions shown to the users. The CVR of a campaign is the
percentage of the pre-specified conversion actions over the total number of clicks.

Ideally, advertisers aim to pay less for a high valued impression to achieve higher Return on
Investment (ROI) and in the meantime publishers work on selling their inventories at a better
price to maximize their revenue. The advertisers usually have three pricing models to pay
for the DSPs, Cost per Mille (CPM), Cost per Click (CPC), and Cost per Acquisition (CPA).
The CPM model defines the cost for winning 1000 impression. It is usually used for
branding ad campaigns which aims for the wide exposure to users. CPC and CPA are the
performance-driven models which charge the advertisers for every click or post-click action
correspondingly. Thus, the DSP earns nothing by winning an impression alone. From the
advertisers to the publishers, the cash flow in the RTB system goes though many entities and
due to the non-transpatrent setting of the ad market, publishers usually do not get as much as
the advertisers pay [159]. For instance, a DSP may pay the market price to the publisher by



6 Introduction

Figure 1.5 Major components on a Demand Side Platform (DSP).

the CPM scheme and could get paid by the CPA scheme of the advertisers. Consequently,
the DSP exploits the price discrepancies between these two schemes and earns the difference
between the CPM cost and the CPA payoff. Intermediary agencies may exist between the
publishers and the advertisers, which could buy an ad slot with low price and sell it with high
price [159]. In this case, each entity in the chain takes a percentage of the payment as profit.

The second-price auctions have so far been the dominent model in RTB where the winner
pays the second highest price in the market which may be lower than the price at which the
publisher is willing to sell. Therefore, SSPs uplift their revenue by setting a hard floor price
and a soft floor price [152, 153]. If the highest bid is lower than the hard floor price, the ad
slot remains unsold which defines the minimum price for a inventory. If the highest bid price
surpasses the hard floor price but is lower than the soft floor price, the auction is turned into
a first price auction. Only if the winner bids higher than the soft floor price, the second price
auction takes place.

This dissertation focuses on the design of bidding strategies on the DSP’s side. Figure 1.5
shows the major components of a DSP. The goal is to design a bidding function which
maps each bid request into a competitive bid price and maximizes the profits. The bidding
function should evaluate the value of the ad impression through the user response prediction,
estimate the competition in the bidding market, and consider the budget limit of each
campaign. The user response prediction and cost estimation models are usually trained
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offline. Each bid request firstly goes through preprocessing steps on the DSP. The DSP filters
out some campaigns with the targeting criteria mismatching the bid request. For instance,
the ad campaign may target only users from a specific geo-location or a certain device type.
The DSP can also aggregate more user behavioral data from a third party DMP and more
customized feature selections. The bidding function integrates the above components and
determines a bid price.

1.3 Research Problems

With the research presented in this dissertation, the goal is to design an optimal bidding
algorithm which allocates the budget sequentially in order to win impressions with high
potential of a click or purchase from the DSP’s perspective. The advertisers usually define
specific KPIs for each campaign, for example, the total number of clicks, the total number of
purchases or the Effective Cost per Click (eCPC). Here eCPC means the average cost per
click, which can also be called the expected CPC.

One concern raised by using the number of clicks as the performance measure is click
frauds [130, 156, 106]. Some dishonest publishers may create fake websites with ad slots to
attract advertisers. Malwares are used as bots to automatically simulate clicking the ads. In
this way, the publishers can maintain high CTR which further encourages the advertisers to
bid higher for the fake high valued ad slots. It is more difficult to mimic a post-click behavior
like purchasing which requires instant spending of money. Therefore, it is effective to focus
on predicting the conversion rate.

To observe a conversion, the first step is to win the auction so as to show the ads to the users.
A busy DSP may receive millions of requests per hour [77]. The market price of each auction
fluctuates heavily over time due to the stochastic competitions in the bidding market. In
this dissertation, we investigate solutions for addressing the winning price prediction in the
bidding market at an aggregated level and on the per impression level.

An optimal bidding algorithm integrates the winning probability, the potential gain, and the
budget limit to calculate a bid price for each bid request. We start from optimizing a strategy
for a single bidder where the bidder takes all the external parts in the bidding market as the
environment. We further extend the bidding problem into a multi-agent scenario where all
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Figure 1.6 An overview of the research problems and their connections. (1). Conversion Rate
Prediction. (2). Cost Estimation. (3). Single agent bidding optimization. (4). Multi-agent
bidding optimization

bidders in the environment learn and optimize their strategies simultaneously. Figure 1.6
shows the relations between the research problems discussed next.

1.3.1 User Response Prediction

User response prediction is one of the more popular topics in the online advertising literature.
Most attention has been given to CTR prediction, which is vulnerable to click fraud. In
addition, on the mobile devices, due to the limited screen size and the ad design, users may
easily misclick on the ad when they try to tap on the small close button on the ad, known as
the fat-finger effect [70]. Comparing with clicks, the conversion event, i.e. the action of a
purchase, subscription or similar, directly reflects the user’s interest. However, conversion
events are even more sparse than the clicks and consequently even harder to predict. In
previous studies, the purchase events are commonly treated as independent [124, 84]. As
opposed to that, this dissertation deals with the data sparsity of individual users by aggregating
them into groups and models the cascading positive effects of the previous purchase events
within the group. We introduce new features of showing self-exciting effects of historical
purchases and the campaign level CVR changing signals into the CVR prediction model and
improves the CVR prediction performance.
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1.3.2 Cost Estimation

In RTB, ad impressions are sold upon every user’s visit to a web site or an app. A group
of unknown bidders with different strategies compete in every auction. In addition, the
supply side may introduce a soft floor price to avoid selling its inventory lower than its
expectation. The decisions of all the participants in the market determine the winning price
distribution. It is essential to estimate the market price which provides a reference for
deriving the winning probability of each bid price. The winning probability is the Cumulative
Distribution Function (CDF) of the market price distribution with respect to a certain bid
price. Previous studies have focused on either predicting the exact market price of each
impression [146, 145] or estimating the price distribution [142]. Similar to stock market
price [139, 123], the bidding market price can be formed as a time series. The dependence of
the market price on time have been neglected by previous works. Therefore, in Chapter 4, we
propose to formulate a time series of the average market price and adopt a Recurrent Neural
Network (RNN) to model such dependencies and provide a more accurate prediction.

However, predicting the market price on an aggregated level may not be adequate since it
does not reflects the price fluctuations on the per impression level. Another challenge is
that from each bidder’s point of view, in the second price auctions, the market price is only
revealed to the auction winner. The other bidders only know that the market price should be
equal to or higher than their bids. In this case, the true market price is called right censored.
With only partially observable information, the winning probability can be overestimated.
Thus, it requires the prediction model to handle the bias in the training data. In Chapter 6,
we adopt an attention-based deep neural network model to learn the correlation between the
user features and the impression level winning price distribution.

1.3.3 Single Agent Bidding Optimization

The goal of a DSP is to apply a bidding algorithm which makes sequential decisions maxi-
mizing the profits within a budget limit. The ad campaign usually defines a daily budget and
when the budget is used up, the campaign stays out of the market for the rest of the day. Many
efforts have been made to smooth the budget spending process to avoid a fast and early drop
out and to reach a wider range of users [148, 83, 4]. These methods are usually called pacing

algorithms in which the spending speed relies on the traffic volume or performance driven
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metrics. The descriptive user profile information in the bid requests and the competition
in the market are usually neglected. Other attempts to design bidding algorithms integrate
the cost model and the user features but restrict the form of the bidding function to be
concave [160, 119]. We treat the bidding market, and all the bidders, as the environment

and model the interaction between one bidder and the environment as a Markov Decision
Process (MDP). In this way, we avoid pre-defining the form of the bidding algorithm and
the optimal bid price can be derived by maximizing the value function under constraints
in a constraint Markov decision process framework. Another limitation in previous studies
is that the market price is usually modeled independently [23, 160]. However, the bidding
decisions of all bidders depend on the same bid requests. Without information regarding
other bidders, the bid request is considered to be an importance source of information to infer
the market. Therefore, instead of an independent model, we introduce a conditional market
price distribution with respect to the user features. The proposed method outperforms the
state-of-art bidding algorithms in terms of the total number of clicks.

1.3.4 Multi-Agent Bidding Optimization

In RTB, a large amount of unknown bidders with unknown strategies participate in every
auction. A traditional reinforcement learning framework, from one bidder’s perspective,
assumes that the environment is stationary. A single agent interacts with the environment and
learns to adapt its behavior. However, in a competing market like RTB, other bidders may
learn and adapt their strategies as well, which consequently change the environment to be
non-stationary. Therefore, in a multi-agent scenario, for each agent, it is necessary to model
the joint behavior of all agents. Most research in the multi-agent learning problems assume
that the other agents’ actions or states are fully observable [151, 68] or their strategies are
known a priori [34]. Dynamic online bidding can be viewed as a stochastic game which
requires equilibrium-solving solutions. The actions of other bidders are only shown to the
winner of the auctions. In this specific application, since only the second highest bid decides
the market price, all the lower bids bring zero gain to the bidders. Although the participants
in the market can be numerous, it is not necessary to model them all except the market price.
This dissertation assumes a virtual opponent who represents the unknown number of bidders
and always bids at the market price and proposes an opponent model to solve the partially
observable problem.
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Bidding in the online auctions can be seen as games defined by Game theory [102] in which
two or more rational players make decisions on how to interact with each other. In such
games, if every player follows its strategy and no one can improve its utility by deviating from
its own strategy when others fix their strategies, the game reaches to the Nash equilibrium and
the strategy is the optimal solution [102]. The optimal strategy in the second price auctions
is known as the truthful bidding where each bidder submits its true valuation for the item
as the bid price. However, in practice, the bidding process is a sequential decision making
process and has a budget constraint which makes the bid price deviate from the true value of
each bidder. This dissertation assumes that all the bidders adjust their strategies towards the
Nash equilibrium. It proposes a multi-agent framework which integrates an opponent model
into the policy learning process as modeling the joint actions. To the best of our knowledge,
such a solution addressing the partially observable opponent in the multi-agent RTB scenario
has not been proposed in existing literature.

1.4 Summarized Contributions

The dissertation addresses the challenges on the demand side in the real time bidding system.
The contributions are summarized as follows:

First, a self-exciting user behavior prediction model is proposed. The focus is on predicting
the probability of a purchase event given the user profiles and their purchase history. We
focus on the top active user groups with long purchase histories. Two new sets of features
are introduced to the prediction model which provide the globally short term campaign
performance indication and the intra-group purchase intensity measure. The new feature sets
boost the prediction performance with respect to the baseline model significantly for the top
user group.

Second, to model the dynamic bidding market and provide reference to estimate the winning
probability and the budget spending process, two market price models are proposed. The first
model formalizes the market price as time series data and focuses on modeling the average
price changing patterns over time. It captures the temporal dependencies of the market price
and integrates the aggregated features into the Long Short Term Memory (LSTM) model.
The prediction error decreases significantly over traditional uni-variate time series models.
In addition, instead of predicting an exact price, a more fine-grained and generalized solution
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is proposed to estimate the impression level market price distribution. To differentiate the
contributions of different user features to the market price, an attention model is proposed
to map the input from the feature space to the market price space. The proposed model
outperforms many state-of-the-art bidding market models and serves as the opponent model
in the later work to support the bidding strategy learning.

Third, from a single bidder’s perspective, we formulate the bidding problem as a constraint
Markov decision process. The proposed model considers the bidding risk in the reward
function and demonstrates better performances in terms of total clicks against other state-
of-the-art bidding algorithms. The market model used in this work is derived from all the
winning bid requests and provides coarse-grained estimation on the impression level and
neglects the losing auctions with censored winning price. In addition, the proposed model
assumes the controlled bidder is the only learning bidder in the environment.

Fourth, to overcome the shortcomings in the above single agent solution, a novel multi-agent
bidding optimization framework is provided. In the multi-agent scenario, each bidder models
its opponent’s behavior by an unbiased opponent model proposed earlier and integrates
its estimation into a model-free deep neural network based policy learning process. We
demonstrate faster convergence of the learning algorithm with the support of the opponent
model comparing with the baseline model.

1.5 Thesis Structure

The rest of this dissertation is organized as follows. Chapter 2 provides a literature review
of the related research topics. Chapter 3 presents a user behavior prediction model with the
integration of self-exciting effects in the purchasing histories. Chapter 4 investigates the
bidding market modeling both on the aggregated level and on the impression level which
provides insights into the highly dynamic bidding competitions. Chapter 5 discusses an
optimal bidding solution for one single bidding agent combining a user behavior model and a
market model. Chapter 6 takes one step further, by allowing each bidding agent to be aware
of other opponents in the same bidding environment and study the optimal bidding strategy
for the multi-agent scenario. In the end, the conclusions of the dissertation and the future
work are discussed in Chapter 7.



1.6 Supporting Publications 13

1.6 Supporting Publications

This section lists the publications related to each chapter.

1. Manxing Du, Alexander I. Cowen-Rivers, Ying Wen, Phu Sakulwongtana, Jun Wang,
Mats Brorsson, and Radu State. Know Your Enemies and Know Yourself in the Real-
Time Bidding Function Optimisation. In the Proceedings of the 19th IEEE International
Conference on Data Mining Workshops (ICDMW) 2019. Main text of Chapter 6, 4.

2. Manxing Du, Christian Hammerschmidt, Georgios Varisteas, Radu State, Mats Brors-
son, and Zhu Zhang. Time Series Modeling of Market Price in Real-Time Bidding.
In the Proceedings of the 27th European Symposium on Artificial Neural Networks,
Computational Intelligence and Machine Learning (ESANN), 2019. Main text of
Chapter 4.

3. Manxing Du, Redouane Sassioui, Georgios Varisteas, Radu State, Mats Brorsson, and
Omar Cherkaoui. Improving Real-Time Bidding Using a Constrained Markov Decision
Process. In the Proceedings of the 13th International Conference on Advanced Data
Mining and Applications (ADMA), 2017. Best paper runner up award. Main text
of Chapter 5.

4. Manxing Du, Radu State, Mats Brorsson and Tigran Avanesov. Behavior Profiling for
Mobile Advertising. In the Proceedings of the 3rd IEEE/ACM International Conference
on Big Data Computing, Applications and Technologies (BDCAT), 2016. Main text
of Chapter 3.





Chapter 2

Related Work

This chapter provides the summary of the state-of-the art research work in RTB. It presents
an overview of the display advertising both on the supply side and on the demand side. As
this dissertation focuses only on the demand side, it further breaks down the research topics
based on different components in the bidding decision making process. In Section 2.2, as the
basis of understanding the user behavior, the techniques of predicting the CTR and CVR are
discussed. The section supports the reward modeling parts of Chapter 5 and 6. Section 2.3
discusses the approaches for market modeling which serves as the technical background of
the solutions in Chapter 4 and the opponent model in Chapter 6. In Section 2.4, it focuses
on the optimal bidding strategy design which provides the basis for Chapter 5 and 6.

2.1 Programmatic Advertising

Programmatic advertising allows the advertisers to effectively set their targets in different
forms. In sponsored search [132], advertisers match their ads with the keywords in the search
queries. In contextual advertising [3], the advertisers select ads relevant to the content on the
publisher’s site. However, in these two forms of ads, the advertisers are unable to distinguish
the different individuals with the same search query or viewing the same content. In display
advertising, the advertisers directly target their potential customers on the per ad impression
basis. More relevant ad impressions may stimulate users click on the ads or to complete the
conversion which also helps the publisher’s side to attract and keep their customers. In this
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way, both the advertisers and the publishers benefit from more effective ad deliveries. As
mentioned in the previous chapter, in RTB, DSPs and SSPs usually work on behalf of the
advertisers and publishers respectively to manage the online advertisement trading. In the
ad trading game, the DSPs aim to set a competitive bid price for the ads in their inventory
to win more impressions with higher CTR or CVR with relatively low cost, a.k.a, higher
ROI. On the publisher’s side, SSPs control and optimize the density and the selection of the
ads on their web page to enhance the user experience. Meanwhile, the SSPs are allowed
to set a reserve price, which is also called the floor price to ensure the minimum price paid
by the advertisers [152]. When the reserve price is higher than the winning price in the
bidding auction, the winner has to pay the reserve price instead. By adjusting the reserve
price, publishers could potentially obtain more revenue.

In this dissertation, the scope is limited to the decision making on the DSP’s side. The
following sections present the related work for different components in the DSP system in
particular.

2.2 User Response Prediction

User response prediction is important to evaluate the value of an ad impression. By winning
an auction, the ad of the winner is shown to the users. However, the advertisers are not
satisfied with only the ad browsing, they focus more on the follow-up actions such as,
clicks, purchases, or service subscriptions. Therefore, modeling the CTR or CVR directly
estimates the effectiveness of the advertising and it has been extensively studied in domains
of sponsored search [32, 28], contextual advertising [25, 67] and display advertising [96, 71].

The research challenge mainly lies in dealing with the model input. The prediction model
is a mapping from the feature space to the probability of a click or conversion. The model
input is usually a mix of categorical features, such as the publisher and user attributes (e.g.
location, device type, webpage context etc.) and numerical features such as user behaviour
summaries (e.g. user’s revisiting counts or the time between two visits).

Linear models are widely used for CTR prediction which assume the input features are
linearly correlated, ranging from logistic regression [162], Poisson regression [31], and
Bayesian probit regression [49]. To learn the nonlinear dependencies between features,
in [133], the authors choose gradient boosting trees to cope with the interactions between
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individual features. However, the individual features may be insufficient and have low
correlations with user click/convert intentions. Adopting conjunction features into linear
models is introduced in [2, 124]. The conjunction features are constructed from Cartesian
product of each pair of single features. It is equivalent to a degree-2 polynomial mapping
which learns a weight for each feature pair. To reduce the computational complexity of
this method, instead of having one weight per cross-feature, Factorization Machines (FMs)
proposed in [121] map each feature to a latent vector and use the inner product of the
corresponding latent vectors to model the feature conjunction effects [97, 107]. In [72, 71],
the authors take one step further from FMs and introduce field-aware FMs which map several
latent vectors for each feature depending on the values of other features it is combined with.
So far, those methods are limited to address only order-2 feature interactions. However, in
practice, higher order feature interactions may also contribute to user’s click or purchase
intentions, which are usually hidden and not given as a prior.

Deep neural networks are able to address the sophisticated feature interactions directly
without any manual feature engineering. However, in the online advertising, the mixed
typed features are usually represented as one-hot-encoded vectors with the number of di-
mensionality as same as the number of feature values. This results in tuning over millions
of parameters in the neural network which is prone to overfitting and results in slow con-
vergence. In [158, 52], the authors combine the advantage of FMs and neural networks to
reduce the dimensionality of the input features first and model the latent feature structure to
provide more accurate CTR prediction. More CTR models empowered by neural networks
have been focusing on processing ad images [29], integrating the features of products from
users’ purchasing history [168], or applying feature crossing at every layer in the deep neural
network to address the features interactions in the hidden space [141].

However, the sequential nature of purchase and click events are neglected in the above studies.
In the online advertising area, user’s browsing and click history are intuitively modeled as
sequences and RNN based networks are applied to map the user features to the click through
rate [165, 154]. These models implicitly encode the previous users’ clicks or purchase
interests sequentially into the input structure without considering the self-exciting effect in
such events.

Hawkes processes [54], as a particular type of point processes, naturally accommodate
modeling discrete and correlated events over continuous time. The events are sorted by
their arrival time and each preceding event is assumed to increase the probability of a new
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event. It has been applied in diverse areas, such as earthquake prediction [108], stock market
prediction [7], and civilian deaths prediction [85]. In recent years, it has been widely applied
to study the information cascade in online social media services such as Twitter [24, 167]
and Microblogs [85].

In online advertising, the authors of [150] are among the first to model and predict conver-
sion rate using Hawkes processes. Their contribution consists in a model that leverages
mutually exciting point processes such that advertisement clicks and purchases are modeled
as dependent random events in continuous time. This model is furthermore used to predict
future purchases and clicks without fine tuning to the user profile level granularity. More
similar work extend Hawkes process to predict multiple types of events, such as commenting
or posting in an online forum [86] or distributing different categories of coupons for online
shops [95].

Instead of focusing solely either on the high dimensional bid request features or on the time
of the targeted events, this dissertation constructs the time series based features from the ad
purchase events and combines them with user features to provide prediction results.

2.3 Cost Estimation

In RTB, the online auction is usually the second price auction where the winner is the one
with the highest bid and pays the second highest price. Therefore, the cost of winning an
auction is decided by the competitors in the market, which is called the winning price or the
market price. The market price prediction is important for bidding strategies design since
it determines the budget consumption and has an impact on the profits as well. In [90], by
having a winning price prediction model together with a CTR predictor, the proposed bidding
function outperforms the conventional CTR based bidding function [111] in terms of clicks
and the eCPC.

Many research works have been focused on designing more accurate market price prediction
models in RTB [117, 142, 146]. The existing literature can be summarized into two categories:
parametric and non-parametric models. In the first category, the models directly predict the
market price for each impression [90, 146, 87, 145]. A very straightforward solution is linear
regression which takes the features extracted from the impression as the input and predicts a
single price [146, 87, 116]. Nonetheless, it fails to capture the true distribution of the market
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price. Another type of solutions assume the market price distribution follows a specific
form, for example, a log normal distribution [160, 37, 145] or a Gamma distribution [169].
In [145], the authors proposed a general log likelihood function which provides an easy
adaption for three basic distributions, namely normal, log normal, and Gumbel distributions.
In addition, it presents a deep learning structure to better capture the non-linear correlations
between the impression features and the market price.

However, the temporal dynamics of the market price have been largely neglected. One of the
most popular time series models is the Autoregressive Integrated Moving Average (ARIMA)
model [26], which assumes the linear dependencies among the time series values. In [1], the
authors considered using ARIMA models to predict the averaged winning price at every 15
minutes interval. The authors in [116] demonstrate the use of a generalized linear model to
infer the mean shift of the market price as a function of the floor price set by the publisher. A
strong autocorrelation of the market price is shown to exist on an hourly scale.

In practice, time series data are often generated by heterogeneous variables which introduce
latent nonlinear patterns into the time series. RNNs have shown their capability of modeling
nonlinear dependencies and predicting sequential data in the areas of natural language
processing [98], music generation [22], and extreme event forecasting [79]. One of the most
popular structures of RNN is the LSTM network, which effectively avoids the vanishing
gradient problem in the vanilla RNN model when dealing with long sequences.

Inspired by [116] and based on the observation of the price dispersion on a per bid request
basis, this dissertation aggregates bid requests by time and formulates a time series of the
averaged market price per aggregated segment. It adopts an univariate LSTM-based RNN to
predict the dynamic market price, and then demonstrates the prediction improvements by
including encoded user features as exogenous variables.

So far, the discussed parametric solutions are not flexible in practice and are vulnerable to
the changes in the feature space. Instead, the non-parametric models predict the bid price
distribution, named as the bid landscape, without any prior assumption of the distribution
form. In addition, it is also straightforward to calculate the winning probability of a certain bid
price by taking the CDF of the market price distribution. A common approach is to construct
the Probability Density Function (PDF) of the historical winning price [23]. However, one
single model fails to capture the divergence in different data segments and competitions in
the market which leads to biased predictions. For instance, the same bid price may have
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different winning probabilities at different times of the day or with requests from different
location. In [37, 142], decision tree based models are proposed to split bid requests into
subgroups based on the KL-Divergence between the distributions of child nodes.

Another challenge in the market price prediction is the right-censored problem. Since
only the winner can observe the true market price and in case of losing, the bidder only
knows the market price should be equal to or greater than its bid price. To address the
data censorship, the survival model is commonly applied to estimate the time until the
occurrence of a particular event, for instance, the survival time of patients in the medical
domain [100], the time of unemployment in the social science study [45], or the time taken for
an ad click in online advertising [18]. The survival model has been adopted into the market
price prediction solutions either on an aggregated level [142, 164] or on the impression
basis [117, 118]. In [117, 118], the authors proposed to adopt the deep recurrent network
to model the sequential pattern in the feature space of the individual user and the recurrent
dependencies between the bid price, and estimate the market price distribution for each
bid request. However, the features may not only be limited to the sequential dependencies.
The transformer model [136] is the first model relying entirely on self-attention to compute
a representations of its input without using convolutions or sequence aligned recurrent
neural networks [50]. It has fueled much of the latest developments, such as pre-trained
contextualized word embeddings in the natual language processing domain [112, 39, 113].

This dissertation adopts the transformer model to generalize the sequential dependency in
the feature space combined with the survival loss function to provide an impression level
market price distribution prediction.

2.4 Bid Optimization

A bidding strategy is one of the key components of online advertising [10, 47, 160]. The
goal is to optimally spend the budget to win more effective ad display opportunities, which
have higher chances of getting positive user feedback, e.g. clicks or conversions and to
maximize the profits. The advertisers usually set up ad campaigns with a certain budget
and a lifetime. If the budget is exhausted during the campaign’s lifetime, the campaign has
to be dropped from the bidding market and loses the monetizing chance for the rest of the
time. There is rich literature focusing on designing budget pacing algorithms to smoothly
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win the impressions during a budget day such that the advertisers cover broader audience and
achieve sustainable impact [4, 83, 147, 148, 163]. In sponsored search, the budget pacing
is implemented on the keyword basis in the Generalized Second Price (GSP) auction [42].
The sponsored links are ranked by the submitted bids. The ad with the highest price is
shown at the top and pays the second highest bid. Following the same logic, the ad with
the second highest bid is shown at the second place and pays the next highest bid. In this
type of auction, the dominant strategy is not the truth-telling strategy as in the second price
auction. Therefore, more works have focused on defining new methods for computing unique
equilibrium in the GSP auctions [13, 42].

In RTB, the second price auction is commonly used which is unlike the GSP auction, only the
winner pays the second highest price and the winner’s ad is shown to the user. Budget pacing
solutions are also discussed in this context [44, 83, 148, 20, 69]. The proposed algorithms
model the budget spending schedule on an aggregated level with respect to discrete time
slots. They either assume the bid requests are from a fixed user segmentation [44, 69] or
calibrate the budget spending rate based on the historical spending schedule [83, 148]. These
solutions neglect that the budget spending rate depends on the competition in the market. In
addition, they are not fine-grained on the per impression level.

More efforts have been made to design an impression level bidding strategy which maps the
impression features to a bid value which maximizes the campaign performance. To find such
mappings is usually formulated as a functional optimization problem. An optimal bidding
strategy should take the user response prediction, the auction winning probabilities, and the
given budget as three major components. The previous research work can be categorized
as performance-driven models, risk-aware models, and comprehensive models based on the
different components they focused on during the bidding optimization process. In each group,
the algorithms may not consider all the components at once in the same framework.

Performance-driven models emphasize the importance of the advertiser’s interest (e.g. the
cost per click, the total impressions, the number of clicks or conversions). In [111, 149, 30],
the bid price is linearly correlated to the predicted CTR without considering the other two
components. In [93], the optimization goal is increasing the ad exposure to the audience,
a.k.a brand advertising without considering the future user response. It assumes the market
price is already known as prior knowledge.
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Risk-aware models address various uncertainties in the RTB environment. For example,
the prediction of the CTR/CVR model is usually directly used as the optimization goal
without considering the prediction error. In [155], the authors adopt a Bayesian logistic
regression model to predict the CTR distribution instead of a single CTR. The proposed model
introduces the standard deviation of the predicted distribution as the prediction risk into the
bidding function. In [164], the authors address the problem of data distribution discrepancy
in the training and test data and provide an unbiased bidding model. In addition, many works
have also focused on integrating the winning probability into the bidding function. The
winning probability can be interpreted as the risk of losing an auction or the probabiliy of
paying the cost [160, 90, 135, 87, 47].

So far, the above solutions train the CTR model and the market model independently
neglecting the dependencies between them. For instance, it requires the CTR prediction
model to be more fine-tuned when the market model has low confidence and vice versa [119].
Comprehensive models unify the CTR prediction and cost estimation models and jointly
optimize them towards the profit goal as an end-to-end framework [120, 119].

However, the functional based methods have strong assumptions of the model form, fail to
incorporate the dynamics in the bidding environment and neglect the interaction nature of the
bidding process between the bidders and the bidding market. Reinforcement Learning (RL)
is a research topic known for enabling agents to learn the best actions to take by interacting
with the unknown environment. Combined with deep learning, the deep RL algorithms
started gaining successes since Deep Q-Network (DQN) proposed by Mnih et al. [101].
Without any prior knowledge of the environment, the DQN based algorithm outperforms
human players in 49 Atari games. Similarly, the AlphaGo algorithm proposed by DeepMind
beats the world-level top Go players [129].

Deep RL has been widely applied on solving decision making problems in online advertising
applications. The models fall into two major frameworks, namely the Multi-Armed Bandits
(MAB) [131] and the MDP. In both models, the key components are the states, actions,
and rewards. In [46, 66, 127, 15], the authors fit the banner delivery and the ad allocation
problems into MAB based models. The rewards are the number of ad clicks or the profits.
Most of the works assume no costs for showing the ad impressions and thus considers no
budget constraints. In [40, 11], the budget constraint controls the number of a specific action
to take. As a single state model, the limitation of MAB is that in case of considering multiple
states, multiple MAB models are required for each state [15].
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As a more scalable solution for multi-state problems, MDP based models handle the state
transition based on the Markovian property. In [10], the authors proposed a bidding function
for sponsored search. The keyword bidding process is formalized as an MDP, where the
number of auctions and the budget limit are the states, the discretized bid prices are the
actions, and the total number of clicks are the rewards. By extending the concept in [10], the
authors in [23] formulated a RL based bidding function into the RTB system by extending the
impression level features into the state. They implicitly correlate the user features with the
auction winning rate approximation by multiplying the average CTR to the density function
of the market price.

This dissertation extends the work in [23] by proposing a Constraint Markov Decision
Process (CMDP) based model to directly account for budget constraints and implicitly take
the impression level information in the predicted CTR as the state to find the optimal bid price.
In addition, in [23], the bid price is set in two steps: state value lookup and action calculation.
In contrast, the model in this dissertation solves the bidding optimization problem with linear
programming which derives the optimal bid price for each state. In this way, the bid price can
be set after a single lookup per bid request. The previous solutions are all model based which
requires the agent to model the state transition dynamics. It is computationally expensive
when the dataset gets large. Model-free approaches are proposed to break the limitation of
directly modeling the dynamics in the bidding environment [144, 166].

The RL based solutions are all from one agent’s perspective and assume the other agents
are part of the environment. However, the real-world applications are usually more complex
and have multiple agents involved which makes the single RL solutions not applicable. In
multi-agent environments, from each agent’s view, when its opponents adapt their behaviour,
the changes affect every agent and the environment becomes non-stationary. To address the
non-stationary environment is the main challenge in the multi-agent learning [58, 105]. It is
essential for each agent to account for how other agents react and take the joint behaviour to
learn its own strategy. Such scenarios are called stochastic games, which require equilibrium-
solving approaches for the policy learning. These approaches can be categorized by how the
non-stationary behavior are handled [57]. In most of these studies, the learning agent assumes
its opponents are acting in a specific way, either using a fixed strategy to minimize each
other’s reward [92] or using a mixed strategy drawn from a set of known strategies [34]. In
case the strategy is not explicitly defined, Nash-Q learning is introduced with the assumption
that all the agents are adapting their strategies to converge to the Nash Equilibrium (NE) [61],
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which is called the NE strategy. In practice, the Mean Field Nash Equilibrium (MFE) is used
to approximate the Nash equilibrium when the number of agents is large [151].

In RTB, the existence of MFE under budget constraints has been theoretically proved
in [63, 51]. Both studies showed that to reach the MFE, each agent takes the known fixed
market price, budget, and the observed reward distribution (e.g. the estimated click through
rate) to estimate the value function. In [68], Jin et al. aggregated bidders into clusters and
applied the Deep Deterministic Policy Gradients (DDPG) algorithm on the cluster level
(as one agent) to simulate the multi-agent environment. It demonstrates the profit gain per
bidding cluster under the competing and the collaborating settings and assumes that each
agent knows each other’s state, action, and reward. In practice, the states (e.g. the budget,
the current obtained reward) of the other bidders are usually unknown. The actions of other
bidders are partially observable through the market price only to the winner of each auction.
In this dissertation, we provide a multi-agent bidding strategy by extending the work in [68]
with the generalization of playing with partially observable opponents. Given that the number
of bidders in the bidding market is large and their strategies remain unknown, inspired by the
MFE theory, the solution in this dissertation aggregates the set of bidders who bid the market
price in each auction as a virtual bidder and introduces a market price prediction model as
the opponent model. From each bidder’s view, it assumes all the other bidders adapt their
strategies towards the mean field equilibrium without any irrational drastic changes.



Chapter 3

Behavior Profiling for Mobile
Advertising

3.1 Background and Motivations

The mobile advertising industry is estimated at 100 billion worldwide for 20161, being
driven by the steady increase in tablet and smart phone usage. Targeted profiling of users
consists of identifying how users behave in this environment such that relevant advertisement
banners can be served. This profiling becomes even more important in the context of RTB
platforms, where online bidding and auctions are performed at millisecond time scales and
accurate predictions are essential for computing the likelihood that a given user profile is
a potential purchaser. The design of bidding strategies immensely relies on the CTR and
CVR estimation [160]. In this chapter, we focus on describing our experiences and results
in building a profiling engine to improve the CVR prediction performance for a mobile
advertising performance company.

Basic user profiling data in the bid requests are mostly related to the browser, time of the
day, type of device and short term (24 hours) tracking history. Given such a user profile,
the mobile advertising platform has less than 100 ms to decide which campaign might be
the most profitable one. The CTR or CVR prediction is important for the advertiser to

1https://www.emarketer.com/Article/Mobile-Ad-Spend-Top-100-Billion-Worldwide-
2016-51-of-Digital-Market/1012299/

https://www.emarketer.com/Article/Mobile-Ad-Spend-Top-100-Billion-Worldwide-2016-51-of-Digital-Market/1012299/
https://www.emarketer.com/Article/Mobile-Ad-Spend-Top-100-Billion-Worldwide-2016-51-of-Digital-Market/1012299/
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evaluate its bidding performance. Many research efforts have been made on CTR and CVR
predictions [122, 107, 84]. Feature engineering is one of the most important mechanisms to
enhance the performance of prediction models. For instance, visual features can be extracted
either from a set of pre-defined image attributes [33] or by using neural networks directly
processing the ad images [29]. More efficient feature conjunctions modeling for the CTR
prediction is provided by factorization machines based methods [72, 109]. Instead of treating
all ads independtly, the ads from the same advertiser or are shown on the same page may
share more latent information. Such correlations are modeled by constructing hierarchical
structures of pages and ads [97] or by jointly training user’s browsing and response prediction
models [157].

However, in previous works, either the CTR or CVR of each bid request is predicted
independently over time neglecting that users’ future behaviors may depend on their historical
behaviors. In addition, comparing to ad clicks, conversions usually require more engagements
such as subscribing to a service or completing a payment. Therefore, some advertisers adopt
the CPA model which means that they pay to the DSPs for every completed conversion [94].
For this purpose, we focus on the CVR prediction for a mobile advertising platform.

To address the problem of lacking historical information in the CVR prediction models, in this
chapter, we formulate the user’s purchase events as a stochastic point process. Two temporal
features are constructed by modeling the self-exciting effects in the purchase behaviors and
by tracking the global campaign level performance signals.

Before detailing these contributions in the remainder of the chapter, we briefly summarize
them below:

• We provide insight into different approaches and their corresponding performances for
learning and predicting user behaviors using static features such as location, software,
and time of purchase.

• We integrate global campaign level signals into the prediction approach. The rationale
behind this approach consists in adding exogenous information corresponding to a
campaign (and thus summarizing multiple user profiles) in a similar way to which
trading signals are used in trading platforms.

• We propose an extended user profile which includes temporal modeling using Hawkes
process. The intensity of a Hawkes process at a given time depends on all previous
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observed events and the influence of past events decays exponentially. The rationale
behind such a model is that mobile users interact not only with the mobile advertising
platform, but also among themselves such that social influence within a group can
be a factor for more purchases. However, we have observed that in some cases, the
behavior can be self-correcting, and recent user purchases tend to impact negatively on
future purchases. This is probably due to purchases which were regretted by users and
where the negative feedback influenced other potential users.

• We also discuss the adequate amount of training data that can be used and the frequency
of model updates.

3.2 Feature Engineering

Feature engineering is the fundamental step for building a prediction model. We consider
three sets of features in this dissertation, defined as static features, temporal features, and
feedback features.

3.2.1 Static Features

The basic feature set can be divided into three groups: user side features, advertiser side
features, and publisher side features. User side features include the time stamp of each event,
location, operator, device related details such as browser and device type. campaign ID and
the vertical type belong to the advertiser side features, while publisher side attributes are
represented by publisher ID and type. More statistical summary about the features can be
found in Section 3.3.1.

3.2.2 Temporal Features

Each user profile’s purchase history can be represented as a stochastic point process N(t),
which represents the number of events accumulated until time t. The homogeneous Poisson
process [74] is a special class of point process, which assumes the intensity of the event λ is
independent of the past and the mean of the number of events during a certain time period t
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Figure 3.1 Example of a self-exciting point process.

can be calculated as λ (t). Equation 3.1 shows the intensity function of a Poisson process,
where N(t + τ)−N(t) is the total number of events in the time interval (t, t + τ].

λ (t) =
N(t + τ)−N(t)

τ
(3.1)

A Hawkes process [54] models the occurrence of an event that depends on previous events.
Each occurrence of the event stimulates the subsequent events which is called the self-exciting

effect. The exciting influences decay over time. Figure 3.1 [80] shows an example of the
conditional intensity function of a Hawkes process. The conditional intensity function is
defined by Equation 3.2 [115], where µ > 0,α > 0,β > 0, t denotes the time since the start of
the process, and µ is the baseline intensity, which is equal to the intensity of a homogeneous
Poisson process. The historical events prior to the current time t are represented as Ht and the
time of the ith past event is ti. In this model, the parameter α measures the intensity increase
stimulated by the previous events and β controls how fast the effect decays over time. In
other words, the further back the event in the process, the less impact it has on future events.
Overall, the intensity of a Hawkes process contains the accumulated effects of all the past
events prior to the current event, thus it keeps changing over time. We use the conditional
intensities of the Hawkes process as the new temporal features.

λ (t|Ht) = µ + ∑
ti<t

g(t− ti)

= µ + ∑
ti<t

α · e−β (t−ti)
(3.2)
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3.2.3 Feedback Features

In addition to the temporal features described in the previous section, we also consider
the change of conversion rate in the past as an indicator for the future purchase intent.
Considering that advertisers notify of the success of conversions as feedback with uncertain
delay and that user may not complete the purchase right after clicking the ad, we first examine
the distribution of the time between two purchases. Let t be the current hour and CVR is
computed for hour (t− 1) and hour (t− 2). The CVR change during these two hours is
denoted as increase, decrease, or constant.

3.3 Experiments

3.3.1 Data Overview

We obtained a real-world dataset from OLAmobile, a global mobile advertising performance
company in Luxembourg. The dataset contains one week of ad clicks and purchases logs of
mobile display advertisements in July 2015. Table 3.1 shows the cardinality of each feature in
the dataset. The hour and weekday are extracted from the timestamp of each event. Instead of
tracking each individual user’s purchase history, we use the unique combinations of country,
browser, operating system, and operator to construct user profiles. By using the aggregated
user profile, more purchase events can be collected which facilitates the model training with
the temporal features proposed in this study.

During one week, there are ∼14M clicks events generated by ∼17K user profiles. After each
ad click, the notification of conversion may be sent back by the advertisers with delays which
can be up to days. The label of conversion will be added to each click event accordingly.
The delay of the conversion has been discussed in a few studies. In [124], the statistics from
Yahoo ad exchange shows that 86.7% of the conversions happen within 10 minutes after
the ad click, while according to another study with the Criteo dataset [27], within one hour
of the clicks, only 35% of the conversions can be observed. However, in our dataset the
time of each conversion is unknown. We assume the purchase delay and the delay of the
purchase notification from advertisers to the mobile advertising platform are constant for
each ad campaign. Based on this assumption, we estimate the purchase time to be the same
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Table 3.1 Log Data Statistics.

Feature Cardinality
hour 24
weekday 7
country 225
operator 397
device 21018
hardware 4
browser 12
operating system 14
campaign 520
vertical type 5
publisher 1503
publisher type 5

as the click time, which keeps the value of time interval between two purchases to be closer
to the reality.

The training set contains 5 days of data, and the last 2 days of data are used as test set. A
well-known public dataset provided by iPinYou [88], one of the biggest DSP in China, is
also available. However, in their dataset, 5 out of 9 campaigns do not contain any conversion
events and the amount of conversion data is insufficient to construct time series. Therefore,
in the following sections, the results are only based on the dataset from OLAmobile.

All the features in our dataset are categorical features. For example, the feature country

contains the index of each country, which cannot be treated as numerical features which
are ordered by their values. The one-hot-encoding method is used to transform the discrete
features to binary vectors for prediction models to process. For instance, if a feature with
cardinality of 3: [Firefox, Chrome, Safari], three columns will be needed for the new
feature vector. Each categorical variable could be expressed as [0, 0, 1], [0, 1, 0], and [1, 0,
0]. Consequently, after one-hot-encoding, the feature space will tremendously expand to
thousands or even millions of dimensions.

3.3.2 CVR Change over Time

The dynamics of the CVR throughout the day and a week is shown in this section. For
simplicity, only the top 5 campaigns ranked by their generated revenues are selected as an
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Figure 3.2 CVR change over a week.
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Figure 3.3 CVR change over a day.

example. In Figure 3.2, the x axis represents the consecutive days from Monday to Sunday,
respectively. It shows that the CVR fluctuates over multiple days for campaign number 3287
while the CVRs of other campaigns maintain a certain value. One explanation is, campaign
3287 is a local campaign which is only available in one country, the other campaigns at the
bottom are global campaigns which are launched in over 200 countries, their daily CVR is
averaged over all the users. Similar observations are shown in Figure 3.3, during a day, the
CVR of the local campaign varies over each hour while global campaigns have relatively
steady conversion rates. It leaves the CVR prediction to be very challenging and requires
more fine-grained solutions for each campaign. Given the current timestamp of the ad click,
we propose to monitor the trend of CVR changes during the past two hours for each campaign
as an additional feature for the prediction model. It introduces the short-term memory of the
historical user’s behavior for predicting the future behaviors.

3.3.3 Self Exciting Point Process

In this study, the purchase history of each user profile for each campaign is considered as a
series of random point processes. The time of each event is obtained from the timestamp
in the log. Fitting the time series of user’s purchase histories into both Hawkes process
and Poisson process helps us to estimate the user’s purchase intent at any given time. Our
hypothesis is that the current historical purchase from the same user group increases the
intra-group purchase probabilities with the effect decaying over time. This is known as the
self exciting point process.
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Considering that over 500 campaigns are present in our dataset with over 17K user profiles,
we first test the Pareto Principle [104], also known as 80-20 rule, to target top campaigns in
terms of revenue and eCPM and top user profiles with more click and purchase activities.
Figure 3.4 shows that the top 10% of campaigns contribute to 80% of revenue. Campaigns are
also ranked by eCPM, which measures the effectiveness of each campaign. The union of the
two sets of top 10% campaigns is defined as top campaigns. Correspondingly, the top active
user profiles are introduced by ranking the number of clicks, the number of purchases, and
the total revenue. As is shown in Figure 3.5, the distribution is highly skewed. For example,
only 4.9% of user profiles generate 80% of the clicks and 2.2% user profiles contribute
to 80% purchase. Regarding to revenue, 80% of the revenue is produced by 1.1% of user
profiles. Meanwhile, we found that 7% of the user profiles with most clicks have no purchase
records. The behavior of the click-only (without conversions) user profiles is not analysed in
this dissertation.

0.0 0.2 0.4 0.6 0.8 1.0
fraction of campaigns

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

fr
a
ct

io
n
 o

f 
re

v
e
n
u
e

Figure 3.4 CDF of revenue per campaign.
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Figure 3.5 CDF of clicks/purchase per user
profile.

Since the point process analysis requires a chain of purchase history, we focus on the
campaigns with more purchases and revenues in the following analysis. We selected the data
from top campaigns and set a threshold for the number of purchases of each user profile to
be at least 100. There are 64 unique combinations of user profiles and campaigns. Figure
3.6 shows the density distribution of the time between two purchase events for each unique
combination of user profile and campaign ID. The first peak in Figure 3.6 indicates two
consecutive purchases from the same user profile happening within 160 minutes and the
probability of having longer intervals decreases. The second peak is at about 30 hours which
could be explained as the maintenance time from the administrator when some campaigns
are temporarily disabled. Given the fact that the burst of purchase from the same user group
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Figure 3.6 Density distribution of purchase time interval.

has high probability within 2 to 3 hours, the next step is to model the purchase process to
check if it matches a self-exciting process.

The purchase events for each user profile and campaign is evaluated separately. The Akaike
information criterion (AIC) is calculated for both Hawkes model (AICH) and homogeneous
Poisson model (AICP), which is used for comparing the fitness of different models [8]. The
AIC score is defined as 2K−2log(L) where K is the number of parameters in the model and L

is the maximum likelihood. The model that has the lower AIC score is fitted better. Figure 3.7
depicts an example of the conditional intensity for a particular user profile purchase history
that fits the Hawkes process better. The x axis shows the minutes since the beginning of the
measurement. Each new purchase triggers an increase of purchases for a short time then
decreases back to the background intensity. Another example is shown in Figure 3.8 where
the purchase in the past has negative effect on subsequent purchases. The intensity drops
immediately after a purchase event.

The AIC score is used to compare two models which cannot individually show how good
of each model is fitted to the data. We further conduct a residual analysis [16] for the data
which Hawkes process fits better than a Poisson process and for the data which Poisson
process fits better. For the one-dimensional temporal point process, the residual is defined as:
R(t) = Nt−

∫ t
0 λ (s)ds,s < t, where Nt is the number of events accumulated from time 0 to t,
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λ is the estimated intensity of the point process model, in our case, it is the Hawkes process,
and s is a time point prior to t. The residual is the difference between the real number of
events during a certain time and the approximated number of events calculated by the fitted
model. Ideally, when the estimated intensity is closer to the real intensity, the residual process
should be close to a homogeneous Poisson process with the rate µ estimated by the Hawkes
model in Equation 3.2. Correspondingly, the inter-event times of the residual process should
be exponential with mean 1/(µ) [110]. Thus, the log-plot of the number of events during
each inter-event time for a Poisson process should be a straight line as is shown in Figure 3.9
and Figure 3.10. The better the model fits the data, the closer the residual log-plot to be linear.
In Figure 3.9, it proves that the Hawkes process fits the data better.

Based on the observation, we selected the user profiles with purchase history which can
be fitted into a Hawkes process and compute the intensity for every minute since the first
purchase event. If the current time is denoted as t minutes since the first purchase, the intensity
of t−1 minutes calculated by the fitted Hawkes model is considered as an additional feature
for logistic regression. The performance result is summarized in Section 3.4.
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Figure 3.7 Conditional intensity of a purchase process having AICH <AICP.
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Figure 3.8 Conditional intensity of a purchase process having AICH >AICP.
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Figure 3.9 Residual analysis of a purchase pro-
cess having AICH <AICP.
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Figure 3.10 Residual analysis of a purchase
process having AICH >AICP.
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3.3.4 Models

In this section, three baseline models are tested for CVR prediction: Logistic Regression,
Naive-Bayes, and Random Forest. We use X , y to represent the feature vector and true label,
respectively. For each feature vector Xi, it contains k different features: Xi =< xi1,xi2, ...xik >.

• Logistic Regression Logistic regression has been widely used as a linear model for
CTR/CVR prediction [122, 84]. It assumes linear dependencies between features:
f = α0 +α1x1 + ...+αkxk. The probability of having label y j, given feature vector Xi

is P(y j|Xi) =
1

1+exp(− f ) and its loss function is defined as the cross entropy between
the predicted probability and the true label. In addition, the L2-regularization is added
to avoid over-fitting.

• Naive-Bayes Different from logistic regression which directly models the conditional
probability P(y|X), the Naive-Bayes model [5] calculates the probability of P(y|X)

by estimating the joint probability P(X ,y) and applying the Bayes theorem. For
example, given a feature vector Xi, the probability of having label Yj is represented by
P(y j|Xi) =

P(Xi|y j)P(y j)
P(Xi)

=
P(Xi|y j)P(y j)

∑ j P(Xi|y j)P(y j)
. Naive-Bayes is based on the assumption that

features are independent which simplifies the estimation of P(Xi|y j) to be the product
of marginal probabilities: ∏

k
m=1 P(Xim|y j). However, the simple assumption adds high

bias to the model.

• Random Forest Random forest [5] is an ensemble classifier which trains multiple
decision trees in parallel and the classifiers can be combined by averaging their proba-
bilistic predictions. Each tree is built by bootstrap sampling a subset of the features and
data points. It eliminates the bias of assuming features being either linear dependent or
independent as in the previous two models. Furthermore, through bootstrapping, it also
reduces the risk of overfitting. The result can be aggregated by voting or averaging
over the trees.
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3.4 Evaluation

3.4.1 Metrics

To evaluate the performance of predictive models, the area under the ROC curve (AUC) is
widely used [43]. Given the values from the confusion matrix, True Positives (TP), True
Negatives (TN), False Positives (FP), and False Negatives (FN), the sensitivity is defined as

T P
T P+FN measuring the percentage of correctly labeled positive entries over the positive class.
The specificity is defined as T N

T N+FP and the False Positive Rate (FPR) equals 1− specificity.
For each data entry, the prediction model produces a probability that the example belongs to
a class, which needs a threshold to classify it. In our dataset, the positive class represents
purchases and the negative class is the clicks without any following purchase (non-purchases).
For instance, the sensitivity in our case is interpreted as the percentage of correctly predicted
purchase events over all the purchase events.

The ROC curve plots the sensitivity against the FPR under all possible thresholds. AUC is
calculated as the area under the ROC curve which ranges from 0 to 1. In our study, since the
overall conversion rate is only 0.5%, by classifying all the clicks to non-purchases, we can
obtain accuracy of 99.6%, while the prediction for a purchase is 100% incorrect. However, the
AUC will be 0.5 which indicates that the predictor is as bad as random guessing. Therefore,
the insensitivity to imbalanced dataset is the advantage of AUC over other evaluation metrics,
such as accuracy.

In Table 3.2, the AUC is computed from training on five days of data and testing on the
next two days as described in Section 3.3.1. The static features in Table 3.1 serve as base
line features. Naive-Bayes with the simple assumption of independent features performs the
worst. In random forest, each tree selects the square root of the total number of features and
we construct 20 trees for training. In this case, random forest with 20 trees performs better
than the logistic regression model. However, the training time of random forest is 10 times
longer than training logistic regression by using a server with 100GB RAM.

To keep the baseline prediction model to be more efficient with high dimensional features,
we select logistic regression as the base line model to compare the performance of adding
additional features as proposed in Section 3.2. The purchase behaviors of user profiles
which can be fitted into a Hawkes process are limited. The total clicks generated from
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Table 3.2 AUC Comparison between Baseline Models.

Models AUC
Logistic Regression 0.7109
Naive Bayes 0.6362
Random Forest 0.7222

Table 3.3 AUC Improvement from Feedback Features and Temporal Features.

Features AUC
Static 0.7397
Static + CVR flag 0.7406
Static + CVR flag + Intensity 0.7421

these user profiles are about 2 millions over 7 days. These data are chosen to first compute
AUC but using only the base set of features, followed by adding the feedback feature (CVR
change flag) and the temporal feature (intensity) to the logistic regression model. The
result (see Table 3.3) shows the model performing better when the additional features are
included. It demonstrates the importance of considering the temporal nature of the click and
purchase events. At a first glance the results shown in tables 3.3 and respectively 3.2 seem
contradictory, since the AUC for logistic regression without temporal features is higher than
the the AUC where temporal features are leveraged. Note however that Hawkes processes
will fit only a subset of the dataset used in Table 3.2, but on this subset the AUC is increased.
In practice we use logistic regression with temporal features on user profiles which can be
fitted to a Hawkes process, while using simple logistic regression without temporal features
on the other user profiles.

3.4.2 Dealing with Different Sizes of Training and Testing Data

In the previous experiments, the training set was fixed to be 5 days of data. However in a
dynamic and evolving system, it is natural to investigate which is the optimal history over
which training needs to be done. Using historical data that ranges over a too distant time
frame might not allow to be reactive and to rapidly learn new trends in the data, while training
over shorter time periods comes with a price expressed both in required computational
resources and in forgetting useful models learned in the past. We have therefore investigated
in this section, the appropriate volume of training data for future use in the online system. In
order to predict CVR for one hour, the model is trained using historical data with window
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sizes k (1, 4, 6, 8, 12 hours) and tested on new data from the next hour. The sliding window
is run over data covering 6 days. In this section, the whole dataset with 17M entries is used.
The feature set consists of the static features and the feedback feature.

In Figure 3.11, from the top to the bottom, we report the AUC for each hourly interval when
using window sizes of 1, 4, 6, 8, and 12 hours respectively. The predicting model is updated
every hour beginning with the start of the measurement. The AUC is relatively low in the top
plot comparing to others.
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Figure 3.11 AUC changes over each hour with window size of [1, 4, 6, 8, 12] hours.
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Figure 3.12 Boxplot of AUC for different training window size.
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Figure 3.13 Boxplot of AUC for different test window size.
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In Figure 3.12, the boxplots for the AUC over 144 hours (6 days) are shown for different
window sizes. The central line marks the median and the lower and upper hinges define
the 25th (Q1) and 75th (Q3) percentile. The length of the box (Q3−Q1) is defined as
interquartile range (IQR). The whiskers range from Q1− 1.5IQR to Q3+ 1.5IQR. The
crosses outside the boxes are outliers. By having 4 hour training data, the median of AUC
can be improved by more than 3% (from less than 0.76 to 0.79). This is mainly due to the
sparse purchase data. The overall CVR in our dataset is only 0.5% and as is shown in Figure
3.3, the hourly CVR of the relatively active campaigns is still less than 1%. One hour is too
short to collect a sufficient volume of purchase data for the model to learn from. The AUC
increases become marginal if the window size is larger than 4. Using 4 to 8 hours data for
training is reasonable in this case.

We further investigate how often the training model needs to be updated before the perfor-
mance drops. The training window size is chosen to be 6 hours and the model is tested on
window sizes ranging from 2, 4, 6, 8 and up to 12 hours. As can be seen in Figure 3.13, a
noticeable AUC drop starts when the test window size is larger than the training window
size. Even if it is only a drop of 1%, it can cause significant revenue loss if the model
underestimates the conversion rate for more profitable campaigns or for the users with higher
potential to purchase.

3.5 Summary and Future Work

In this chapter, we have addressed the prediction of user purchases in a mobile advertising
context. For this purpose, we propose a new approach that leverages a mix of static and
temporal features relating to a user profile and a campaign. Our model groups individual
users sharing common features within one user profile and provides predictive solutions for
specific campaign related purchases. We have shown how additional and global performance
metrics can be used to generate signals that capture the short term trends and identified how
these signals can be used for predictive tasks. We have validated our approach on large real
world data obtained from a major actor in this industry, covering more than 200 countries
and few hundred campaigns. We have evaluated several supervised classification methods
and identified their relative strengths and limits for this purpose. We have also investigated
the time granularity at which retraining is required in order to capture the inherent dynamics
and behavioral shifts occurring in the advertising markets. Our solution requires pairwise
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modeling of user-profile and campaign level temporal modeling. For the users without any
purchase history, the proposed model cannot be applied directly. In this case, it requires
to collect other relevant information of the users, for instance their browsing behavior and
mobile app usage. With more informative profile, similar users can be classified which
provides a more generalized estimation of their purchase intentions.



Chapter 4

Market Price Modelling in Real-Time
Bidding

4.1 Introduction

In the RTB environment, from the advertiser’s perspective, the DSPs aim to bid optimally
so that within a limited budget constraint, they can win more high value impressions and
maximize the total revenue. Many research works have addressed the bidding strategies
optimization problem in RTB [160, 111, 41].

In the bidding optimization process, the competition in the market decides the cost of winning
an impression and therefore has an impact on the budget consumption and the overall ROI
metrics such as the CPC, CPM, and CPA. The underlying dynamics of the bidding market can
be mainly attributed to various bidding strategies and the budget status of other bidders. In
addition, in every auction, the identity and the number of participating bidders are unknown
and varies from one auction to another. Furthermore, the competitions are not just among
advertisers. On the publishers’ side, to ensure the ad slots are sold over the minimum
price and to maximize their revenue, the publishers adjust their pricing models for setting a
dynamic floor price which may raise the paying price for the advertisers [116]. As is shown
in Figure 4.1, if the highest bid is lower than the hard floor price, the slot remains unsold. If
the highest bid surpasses the hard floor price but is lower than the soft floor price, the auction
becomes a first price auction since the winner is obliged to pay its own bid price. Once the
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Figure 4.1 Floor prices set by publishers in the RTB market.

highest bid is beyond the soft floor price, the auction is a second price auction. Therefore, the
publisher side also introduces more uncertainty into the bidding environment. In this chapter,
we focus on predicting the market price in the second price auctions.

In the RTB system, each ad campaign can receive over hundreds or thousands of bid requests
per second. The market price for these auctions can fluctuate significantly even within
milliseconds, because of the competition changes in the bidding environment. Due to the
high fluctuations in the market price, predicting the winning price for each individual auction
is a very challenging task.

In this dissertation, we provide two approaches for estimating the market price. The first
model provides a price level prediction and the second model takes the market price as
a stochastic variable and predicts its distribution which is also called the bid landscape

prediction. The price level prediction model formulates the market price as a time series and
captures the temporal patterns in the price domain. However, the price level prediction lacks
the generality of estimating the winning probability for any given bid prices. In the bidding
optimization process, the winning probability affects both the budget consumption and the
utility acquisition (such as CTR or CVR estimation). Since the click or the conversion is only
possible to be observed after winning the auction, bid landscape prediction model maps the
bid request features to the market price distribution and facilitates the winning probability
estimation at an ad impression level.
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4.2 Price Level Prediction

The market price for a single auction fluctuates heavily over time. We propose to aggregate
the bid requests by time in order to easily formulate a time series and to observe the temporal
patterns. Figure 4.2 shows an example of the number of winning impressions per second of
an ad campaign in the iPinYou dataset1. Within one second, the winning auctions are over
hundreds which is roughly 20% of the total participating auctions. Given the high fluctuation
in the traffic volume per second, to keep the number of auctions in each aggregation segment
constant, we aggregate winning auctions by a fixed window size such as 100, 500, and
1000 auctions. The average market price (mt) of each window is modeled as a time series.
We forecast the average market price 1-step ahead with a LSTM model which captures the
non-linear dependencies in the price domain over time. This is based on the assumption that,
in RTB, each bidder calculates a bid price based on each received bid request. Although for
each bidder, the winning probability and the utilities (CTR or CVR) are usually different and
remains unknown to each other, one can still take the request features as the external source
for referring to its impact on the other bidder’s decisions. Therefore, we demonstrate that the
fluctuation of the market price can be implicitly captured by exogenous variables such as the
request features.

4.2.1 Check Stationarity of the Time Series Data

Choosing a proper prediction model depends on the underlying structure of the time series.
For instance, it is important to know whether the time series is stationary or time dependent.
The Augmented Dickey-Fuller (ADF) test is widely used for trend detection in a time
series [53]. The more negative the value is, the more strongly that the time series is stationary.
In addition, we also show the p-value from the ADF test. When p-value equals to or is greater
than 0.05, it rejects the null hypothesis that the time series is stationary. Otherwise, the
time series is stationary. In Table 4.1, the p-value and the ADF score are listed for different
window sizes. The ADF test results suggest that for all campaigns except campaign 2259,
the time series of the average market price per window is stationary.

1https://contest.ipinyou.com/

https://contest.ipinyou.com/
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Figure 4.2 Example of the number of winning auctions per second from an ad campaign with
ID 3476 in the iPinYou dataset.

4.2.2 Baseline: Autoregressive Model

Given the stationarity of the time series, the Autoregressive model serves as a reasonable
baseline to forecast the mean market price per window. An AR(p) model is used to model
the linear correlation between the previous p values and the current value yt . The model is
denoted as:

yt = c+φ1yt−1 +φ2yt−2 + ...+φpyt−p +wt (4.1)

where c is a constant, φi is the model covariant, p denotes the autoregressive term, and wt is
the white noise, which can be ignored for simplicity.

For non-stationary campaigns, we adopt a more generalized ARIMA model. As the name
suggested, an ARIMA model consists of three parts and is specified by the autoregressive
order p, the non-seasonal difference order d, and the order of prediction error q.

yt = c+φ1yt−1 +φ2yt−2 + ...+φpyt−p−θ1εt−1− ...−θqεt−q (4.2)

ε is the prediction error at each time step. For example, if parameter d = 1, the ARIMA(1,1,0)
model is represented as:

yt = c+ yt−1 +φ1(yt−1− yt−2) (4.3)



4.2 Price Level Prediction 47

Table 4.1 Stationarity Test.

camp.
window size

100 500 1000
p value ADF p value ADF p value ADF

3358 6.50e-11 -7.42 5.79e-5 -4.78 0.0007 -4.17
3386 0 -22.17 3.79e-18 -10.28 2.972e-16 -9.52
3427 0 -22.25 8.42e-29 -15.89 4.188e-29 -16.18
3476 3.51e-30 -17.70 2.68e-13 -8.36 1.49e-11 -7.68
1458 0 -23.62 3.13e-15 -9.12 1.31e-07 -6.04
2259 0.04 -2.90 0.06 -2.78 0.09 -2.58
2261 0.001 -3.97 0.006 -3.57 0.002 -3.82
2821 1.25e-6 -5.60 0.001 -4.01 0.005 -3.59
2997 0.004 -3.65 0.004 -3.66 0.009 -3.43

To determine the (p, d, q) value, we fit the ARIMA model with the time series data and
different settings of (p, d, q). The AIC score is chosen as the metric to select the best (p, d,
q) set. Lower AIC scores suggest better fitting of the model.

4.2.3 Recurrent Neural Networks

The recurrent neural network [48] is designed for learning the non-linear dependencies in
sequential data. As a variant of RNN, the LSTM model [59] extends the ability of selective
recalling useful information in a long sequence. Figure 4.32 depicts one LSTM cell at time
step t which contains two hidden states c and h and three gates, namely forget gate ft , input
gate it , and output gate ot , to control the information which should be memorized and passed
on in a sequence. In each LSTM cell, the cell state ct consists of the state from the previous
cell and the information from the current cell. The cell state is calculated as follows:

τ∗ = σ(W∗[ht−1,xt ]+b⋆) (4.4)

ĉt = tanh(Wc[ht−1,xt ]+bc) (4.5)

ct = τi · ĉt + τ f · ct−1 (4.6)

2https://colah.github.io/posts/2015-08-Understanding-LSTMs/

https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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where [ht−1,xt ] is the concatenation of the hidden variable h and the input vector x and τ∗
represents the shared sigmoid function form between the three gates. Therefore, in Figure 4.3,
at time step t, ft = τ f and it = τi. The gate ft determines how much historical information
(ct−1) from the previous cells are memorized and it represents how much new information
(ĉt) from the current cell should be passed along. The output ŷt is calculated as:

ht = τo · tanh(ct) (4.7)

ŷt = gt(Wyht +by) (4.8)

where τo = ot . It is the result of the output gate and decides how much information from the
current cell is used for the prediction task. The final prediction is the output of an activation
function gt . In our case, since the output is a numerical value as the average market price,
the output layer is a linear dense layer.

The structure of the LSTM models are shown in Figure 4.4. The inputs y1, ...,yt−1 are the
historical market price, h0 is the initialization vectors with zeros.
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Figure 4.3 One LSTM cell.

4.2.4 Integration with Exogenous Features

In the dynamic RTB environment, the winning price is determined by many exogenous
factors, such as the user and publisher’s profiles in the bid requests and the strategies used
by unknown sets of bidders participating in the auction. In theory, bidders bid at their
optimal price according to the Bayesian-Nash equilibrium in the auction theory [76]. When
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(a) LSTM Baseline. (b) LSTM(X) model.

Figure 4.4 The proposed LSTM structure.

making bidding decisions, each bidder combines the information in the bid request, the ad
details, together with their budget and sets their best bid price. Therefore, in addition to
formalizing the market price as an univariate time series, we further investigate how the
additional information in the bid requests contribute to the price prediction.

As mentioned at the beginning of this section, we aggregate different numbers of winning
auctions into a window and take the averaged market price. Here we summarize the features
from each request into one vector per window to describe the heterogeneous environment.
For each feature, we calculate a window-based histogram of the feature values. When some
values are not observed, they are considered to be zero. The histograms of each feature are
concatenated into one vector. In this case, we ensure that the dimension of the input vector is
the total number of unique feature values and remains the same:

xt = [0.1, ...,0.2, ...0︸ ︷︷ ︸
city,∑=1

, 0.2, ..,0.4︸ ︷︷ ︸
browser,∑=1

, ...]

Besides the features from the bid request, we concatenate the market price prior to the
prediction time step as input feature. At the beginning of the time series, y00 is the padded
zeros to keep the input length identical to all other input vectors. The combined input is fed
into a LSTM layer and the target value is the averaged market price yt . We denote the model
as LSTM(X) which is shown in Figure 4.4b.

x′t = [0.1, ...,0.2, ...0︸ ︷︷ ︸
city,∑=1

, 0.2, ..,0.4︸ ︷︷ ︸
browser,∑=1

, ...,yt−1]
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4.2.5 Dataset

In our experiments, we use a public real-world RTB dataset. It was released by iPinYou, a
leading RTB company in China. The dataset contains 19.5M impressions, 15k clicks and
1.2k conversions over 9 ad campaigns [161]. The iPinYou dataset was collected during 10
days in 2013. The first 7 days are used as training data and the last 3 days are the test data.
Each bid request contains features including the profiles of the user, the publisher, and the ad
slot description. The user profile includes timestamp, user agent, IP address, region, city, and
user tags. The publisher is represented by domain and url and the ad slot is described by slot

ID, width, height, visibility, format, advertiser ID, and creative ID. The visibility describes if
the current ad slot is the first view or not. The format represents if the ad is a fixed slot, a
pop-up window, or other formats. A more detailed statistical description of the dataset can
be found in [161].

In this study, we exclude the features with high variety such as IP address and URL. An
example of the bid log is shown in Table 4.4. We simplify the time stamp feature as the day

of the week and the hour. The user agent feature is divided into the operating system and the
browser. In this way, all the features have become categorical features. In addition, the bid
log records the original bid price during the data collection and the historical paying price.
The click column represents if the user clicks on the ad or not. The statistics of the training
and the test datasets are summarized in Table 4.2 and Table 4.3 respectively.

Table 4.2 iPinYou Dataset Statistics Training Data.

Campaign ID Time Impression Clicks Cost Win Ratio CTR

1458 6-12 Jun. 3,083,056 2,454 212,400 20.97% 0.08%

2259 19-22 Oct. 835,556 280 77,754 27.97% 0.034%

2261 24-27 Oct. 687,617 207 61,610 31.84% 0.03%

2821 21-23 Oct. 1,322,561 843 118,082 24.99% 0.064%

2997 23-26 Oct. 312,437 1,386 19,689 30.69% 0.444%

3358 6-12 Jun. 1,742,104 1,358 160,943 46.44% 0.078%

3386 6-12 Jun. 2,847,802 2,076 219,066 20.21% 0.073%

3427 6-12 Jun. 2,593,765 1,926 210,239 18.48% 0.074%

3476 6-12 Jun. 1,970,360 1,027 156,088 29.35% 0.052%



4.2 Price Level Prediction 51

Table 4.3 iPinYou Dataset Statistics Test Data.

Campaign ID Time Impression Clicks Cost CTR

1458 13-15 Jun. 614,638 543 45,216 0.088%

2259 22-25 Oct. 417,197 131 43,497 0.031%

2261 27-28 Oct. 343,862 97 28,795 0.028%

2821 23-26 Oct. 661,964 394 68,257 0.060%

2997 26-27 Oct. 156,063 533 8,617 0.342%

3358 13-15 Jun. 300,928 339 34,159 0.113%

3386 13-15 Jun. 545,421 496 45,715 0.091%

3427 13-15 Jun. 536,795 395 46,356 0.074%

3476 13-15 Jun. 523,848 302 43,627 0.058%

Table 4.4 iPinYou Bid Log Example.

Feature Example

Time stamp 20130606000104800

User agent windows_ie

IP* 115.45.195.*

Region 216

City 219

User Tags 10006,1011

Ad exchange 1

Domain trqRTJkrBoq7JsNr5SqfNX

URL* f41292b3547399af082eccc2ad28f23c

Ad slot ID mm_34022157_3445226_11175096

Slot width 336

Slot height 280

Slot visibility 2

Slot format 1

Creative ID 77819d3e0b3467fe5c7b16d68ad923a1

Advertiser ID 1458

Bidding price 300

Paying price 51

Click 0
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4.2.6 Results

In this section, we present the corresponding results of the ARIMA, LSTM, and LSTM(X)
models. The prediction of the mean market price per window from the ARIMA model is
listed in Table 4.5 with the evaluation metric Mean Squared Error (MSE). For comparison,
the results of the LSTM model are shown as a percentage of improvements, relative to the
results of the ARIMA model in Table 4.6. Positive number represent a decrease of the MSE
and vice versa. We take market prices from 10 previous steps as a sequence to predict the
price for the next time step. Using more history, for example 20 or 50 time steps, does not
improve the results any further. Since the environment is highly dynamic, using very long
sequence results in taking the price from further past in the temporal space.

Our results show that in most cases, the LSTM model improves the prediction results
significantly. It demonstrates the benefits of memorizing longer histories for the prediction.
However, there are also performance drops at different aggregation levels in a few campaigns,
e.g. 2821 and 2997. We further checked the number of auctions per second for these
campaigns. It shows that the pattern of request arrival rate increases or decreases dramatically
from training set to test set. In our settings, the window size is fixed. Therefore, with
larger window size, the time span in one window varies in this case. The time series model
learned with the training set fails to capture the different pattern in the test set. For the
other campaigns, the amount of bid requests per second over time remains relatively stable
across training and test data. Given our observations, it appears that there is a need to predict
the traffic pattern as well. In Figure 4.5, the true average market price per window and the
predicted value are presented.

Furthermore, we demonstrate how the features in the bid requests contribute to the market
price prediction as described in Section 4.2.4. Table 4.7 compares the MSE between the
results of LSTM taking only historical market price as input and the LSTM model with
features in the bid request, LSTM (X). The results clearly shows the improvements with
additional features. However, campaigns 2261 and 2997 have negative results, meaning
including additional features increased prediction error. As shown in Figure 4.5, the mean
market price per window in these two campaigns shows very little fluctuation, which suggests
a relatively steady environment. In this case, adding additional information from the bid
request may perturb the model and jeopardize the prediction accuracy. On the contrary, for
campaigns with high fluctuations in the market price, the summary of the requests manages
to capture the sudden changes in the market.
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Table 4.5 MSE of ARIMA
model.

campaign
window size

100 500 1000
MSE MSE MSE

3358 159.75 211.07 279.11
3386 158.14 214.14 294.33
3427 176.05 235.17 263.70
3476 190.06 231.96 227.09
1458 153.49 158.94 129.44
2259 185.69 38.86 32.36
2261 174.88 43.10 27.66
2821 346.95 38.92 27.79
2997 76.86 20.35 13.66

Table 4.6 Comparing ARIMA
and LSTM.

campaign
window size

100 500 1000
Improves over ARIMA (%)

3358 -10.28 2.17 5.16
3386 7.02 5.42 13.12
3427 -1.64 4.56 14.02
3476 11.92 36.48 44.12
1458 13.26 24.10 20.56
2259 59.18 7.89 12.06
2261 64.64 37.09 21.73
2821 22.34 -29.43 -42.02
2997 63.26 -3.65 -28.26

Table 4.7 Comparing LSTM
and LSTM(X).

campaign
window size

100 500 1000
Improves over LSTM (%)

3358 -0.45 27.20 17.79
3386 10.01 63.17 144.01
3427 6.55 18.28 32.29
3476 17.69 76.76 66.79
1458 0.52 9.41 8.99
2259 17.86 34.24 -36.87
2261 -36.89 -21.13 -54.39
2821 83.41 87.79 46.21
2997 -22.65 -40.08 -50.68
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Figure 4.5 Market price prediction by LSTM model with window size 500.

4.2.7 Discussion

Our result shows the ARIMA model is a very strong baseline due to the strong stationariy
in the time series of the averaged market price. As mentioned in Section 4.2.1, the ARIMA
model requires the time series to be stationary and is based on linear correlations. Otherwise,
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extra data transformation is needed to convert the time series to be stationary or to choose
other models such as seasonal ARIMA model [19]. However, in practice, the time series
may not always be stationary and may not be linearly correlated. Even in our dataset, the
LSTM model does not always outperform the ARIMA model for the stationary time series.
Comparing with the strict requirements of the ARIMA model, for more complex time series,
the LSTM model provides more generalized support for different types of time series analysis
without the need of stationary check.

4.3 Impression Level Market Price Distribution Prediction

4.3.1 Background and Motivations

The approach described in the previous section takes market price only from the winning
impressions for training a global model. As discussed earlier, the winning price of the lost
auctions are right censored. Figure 4.6a shows an example of the market price distribution
of all the data. In addition, it shows the market price distributions of winning impressions
and losing auctions separately. The winning and losing auctions are the results of a bidding
simulation where the budget is set to be half of the total cost in the training data and the bid
prices are generated by a linear bidding function [96]. The simulated bid prices are compared
with the historical winning prices in the bid log to decide the win and the lose sets. From
the price distribution, one can easily derive the winning probability plot as in Figure 4.6b. It
shows, for instance, when the bid price is 100, the winning probability is over 90% estimated
from the winning auctions only (the blue curve). If we take the real market price of the losing
auctions into account, the true winning probability is around 80% (the green curve) which
is lower than the previous result. Therefore, modeling the market only from the winning
auctions results in a bias which overestimates the winning probability. Such limitations can
be found in previous research works [160, 23].
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(a) Market price distribution over win / lose data.

0 50 100 150 200 250 300
bid price

0.0

0.2

0.4

0.6

0.8

1.0

wi
nn

in
g 

pr
ob

ab
ilit

y

Win
Lose
All

(b) Winning probability over win / lose data.

Figure 4.6 An example of biased market price and winning probabilities estimation.

In addition, a price based market prediction model cannot provide the winning probability for
any given bid price. Since it predicts a real value as the estimated market price, the winning
probability for an arbitrary price is either zero (when the bid price is lower than the estimated
market price) or one (when the bid price is higher than the estimated market price). Therefore,
the price based model is not directly applicable to estimate the winning rate for different bid
prices. With the above approach of estimating the market price distribution, one global model
fails to describe the divergence within the data. The market price distribution usually consists
of implicit mixtures of several sub-distributions. Figure 4.7 shows an example of market
distributions and the corresponding winning probabilities for the data collected from two
regions. Clearly, the price distributions of the two groups are diverse from each other. With
the same bid price 50, the winning probabilities can have about 20% difference. To address
the divergence sub-groups in the data, previous works [142, 37] built decision tree based
models to split user features into multiple clusters. The splitting criteria of each node is to
maximize the KL-Divergence between the inter-cluster market price distributions. However,
hyper-parameters like depth of the tree, number of leaf nodes, and leaf sizes are required
to be tuned. In addition, in these studies, new input features which are not in the tree will
randomly choose a node to follow. Consequently, when the number of new features increases,
the prediction of the market price distribution becomes inaccurate.

Powered by deep neural networks, previous works [118, 117] propose a recurrent based Deep
Landscape Forecasting (DLF) model to explicitly consider the sequential patterns in the user
features space and meanwhile provides an unbiased market price distribution estimation
through a survival model. Inspired by these research work, we follow their loss functions and
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(a) Market price distributions of two regions.
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(b) Winning probabilities of two regions.

Figure 4.7 An example of market price and winning probabilities of two groups from different
regions.

release the sequential assumption in the user features by introducing a Transformer model-
based approach to handle the user features in a more general and scalable way. The proposed
model directly maps the user features into the impression-level market price distributions
and outperforms the state-of-the-art models.

4.3.2 Preliminaries

Survival Analysis

Survival analysis is commonly used for estimating the time of occurrence of the target event
which is also called time-to-event analysis [140]. The problem is described by the observed
features of the subject, the time elapsed since the start of the measurement, and a label to
indicate if the target event has happened. For instance, in Figure 4.8, on the y axis, each line
represents an observed entity (e.g. a machine, a patient, a stock etc.). If the target event, for
example, a breakdown of the machine, the death of a patient, or a sale price of the stock is
observed, the event is marked as a cross. Otherwise, the dot shows that at the end of the
observation period, the target event is not observed, which also means the survival of the
entity. In this case, the target event may happen beyond the observation period, which is
called the right-censorship problem. The survival analysis provides the prediction of the
occurrence probability of the target event at any given time.
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Figure 4.8 An example of the right censored problem.

Figure 4.9 An example of survival probability.

We define T as the true time of the event occurs, thus p(T ) means the probability that the
event happens at time T . As is shown in Figure 4.9, the probability that the event happens
before time t is denoted as

W (t) = p(T ⩽ t) =
∫ t

0
p(T )dT (4.9)



58 Market Price Modelling in Real-Time Bidding

for continuous time variables. Correspondingly, the survival rate at time t is defined as

S(t) = p(T > t) = 1−W (t) =
∫

∞

t
p(T )dT (4.10)

In the survival analysis, hazard function h(t) describes the instantaneous event rate at time t

given that the event has not been observed before.

h(t) = lim
∆t→∞

p(t ≤ T < t +∆t|T ≥ t)
∆t

= lim
∆t→∞

W (t +∆t)−W (t)
∆t · p(T ≥ t)

(4.11)

From Equation 4.10, the hazard function can also be written as:

h(t) =−dS(t)
dt
· 1

S(t)
(4.12)

Therefore, the hazard function can be used as an estimator to approximate the survival rate
which is known as the Cox model [36]. It is based on the assumption of an exponential
relation between the covariates and the hazard rate. Many variations of the Cox model have
been applied on the censored data to study the risk factors in cancer diagnosis [75], survival
time [21, 82], and personalized screening time for different diseases [6].

For the discrete variable applications like the market price prediction, the time variable can be
uniformly discretized into K intervals, where Vk = (tk, tk+1) is the k-th interval. The hazard
function can be represented as:

hk = p(T ∈Vk|T ≥ tk−1) =
p(T ∈Vk)

p(T ≥ tk−1)
(4.13)
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Correspondingly, the survival rate and the event rate at time tk can be represented as:

S(tk) = p(T > tk)

= p(T ̸∈V1,T ̸∈V2, ...,T ̸∈Vk)

= p(T ̸∈V1) · p(T ̸∈V2|T ̸∈V1)...

· p(T ̸∈Vk|T ̸∈V1, ...,T ̸∈Vk−1)

= ∏
i:i≤k

[1− p(T ∈Vi|T > ti−1)]

= ∏
i:i≤k

(1−hi)

(4.14)

W (tk) = p(tk ≥ T ) = 1−∏
i:i≤k

(1−hi) (4.15)

Here k is the index of the interval. In the context of the market price distribution prediction,
the event time T can be seen as the market price z and the observation time tk is the bid price
bk. We use W (bk) as shown in Equation 4.15 to represent the winning probability of price bk.
Since in our experiments, the bid price is always an integer, the length of each price interval
Vk is set to be 1. The probability of observing the market price z ∈Vk in Equation 4.16 can
be derived from Equation 4.13 and Equation 4.14.

p(z ∈Vk) = p(z ∈Vk|z≥Vk−1) · p(z≥Vk−1)

= hk ∏
i:i<k

(1−hi)
(4.16)

As mentioned in Section 4.3, previous works have used RNN to model the sequential
dependencies between the hazard rates. The Deep Landscape Forcasting (DLF) model
proposed in [118] is shown in Figure 4.10. In this architecture, the hidden vector ri contains
the information from the previous steps and propagate it over each time step. Each prediction
hi depends on the calculations at all the previous steps which means the predictions do not
support parallelization and the time complexity increases linearly with the length of the
sequence. In addition, the DLF model treats all the features in the input vector x equally
which neglects the different impacts they have on the hazard rate. For instance, a bid request
generated during peak hours and a request from a specific region that the advertiser targets
may have the same winning price z. Instead of recursively calculating the hazard rate from
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bid price 1 to z for both cases, it would be beneficial to directly map the features to the hazard
rate hz.

Figure 4.10 The DLF model from [118] where x is the input feature vector, h is the hazard
rate, z is the true market price, and b is the bid price.

The Transformer model [136] has been widely applied in the natural language processing
domain for sequence to sequence translations without any recurrent structure. The original
Transformer model contains both encoder and decoder parts. In our problem, given the
censorship in the data, the true market price is not always observable. Therefore, we only
adopt the encoding part of the Transformer model as is shown in Figure 4.113. The core
idea of the transformer model is the self-attentive multi-headed attention layer. To encode a
feature, the multi-headed Attention layer correlates each feature with all the other features
from multiple latent spaces. As is shown in Figure 4.123, three matrices Q, K, and V are
generated by matrix multiplication between the inputs and three randomly initialized weight
matrices W Q, W K , and WV . The reduce-sized Q, K, and V stand for: Query, Key, and Value.
For each attention head i, the representation of Zi is given by:

Zi = so f tmax(
Qi×KT

i√
dKi

)×Vi (4.17)

The final representation is given by multiplying the concatenation of the encoded Zi from
each head and a weight matrix W o. In practice, multiple encoders can be stacked for getting
larger model capacity.

3Inspired by http://jalammar.github.io/illustrated-transformer/

http://jalammar.github.io/illustrated-transformer/
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Figure 4.11 The Deep Attentive Survival Analysis model (DASA) illustration.

Figure 4.12 The Multi-headed Attention layer illustration.
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Figure 4.13 Embedding Layer.

Before feeding the input vectors to the transformer model, an additional embedding layer is
added. As introduced in Section 4.2.5, the bid requests contain only categorical features. A
popular way to transform the categorical features into numerical features is through One-hot-
encoding [158, 122]. The dimensionality of the one-hot encoded vector equals to the total
number of feature values, which results in a large and sparse representation of the input. For
instance, assuming that the feature City contains 100 different values, to represent a value
like Beijing, the one-hot vector contains 100 binary inputs with only one positive unit (1)
and the rest are zeros. Such high dimensional input also increases the parameters that the
neural network needs to learn which slows down the convergence. In addition to the sparsity,
the features in the one-hot encoded vectors are treated independently by the neural network.
The similarity between features like City and Region are not retained by the one-hot encoded
vector.

To reduce the dimensionality of the one-hot encoded inputs and to preserve the feature
similarities, the word embedding technique has been widely used in the natural language
process area [134, 35]. Figure 4.13 demonstrates how the embedded vectors are represented.
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Assuming that x0 and x1 are two one-hot encoded feature values with dimension of 5, the
embedded vectors k0 and k1 are the corresponding weights of the fully connected embedding
layer with reduced dimension of 3. For the natural language processing tasks, such represen-
tations can be pre-trained by using the Word2Vec model provided by Google [99]. However,
for different applications, the embedding layer can be added as the first layer to realize the
task specific embedding as is shown in Figure 4.11.

4.3.3 The Deep Attentive Survival Analysis (DASA) Model

In this section, we propose to use the encoder part of the Transformer model described in
the previous section to prediction the hazard rate of the censored market price, which is
called the Deep Attentive Survival Analysis (DASA) model. The structure of the DASA
model is shown in Figure 4.11. It provides an end-to-end training scheme which takes the
request features as input and predicts the hazard rate h. We follow the basic encoder structure
in [136] and used one encoder with 8 attention heads. The market price distribution is derived
from Equation 4.16.

Loss Function

In this section, we denote z as the market price. The probability density function (PDF) of z

is pz(z). As is shown in Equation 4.16, the PDF of the market price can be calculated from
the instant hazard function h j which indicates the probability of the instant occurrence of the
event at time j conditioned on the event has not happened prior to time j. In the RTB setting,

∏ j<z(1−h j) represents the losing probability of bidding less than the market price and hz

shows the probability of observing the market price z.

We take the features in the bid request xxxi as the input and predict the hazard function h over
the discretized bid price space at each impression level. The pz is represented as in the
Equation 4.18. We use bmax to represent the upper bound of the bid price. For the uncensored
data, the true label is an one-hot encoded vector of size bmax with the element indexed by the
market price as 1.

pz(z) = P(z|xxxi,θ) = hz ∏
j<z

(1−h j). (4.18)
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We followed the loss functions in [117]. For the uncensored data, the loss of the observed
market price is defined as:

Lz =− ∑
xxxi,zi∈Duncensored

[log(hz)+ ∑
j<z

log(1−h j)]. (4.19)

, where zi is the corresponding true market price for the ith winning auction. For the censored
data, it is certain to lose by bidding even lower than the current price. The corresponding
loss is defined as:

Lcensored =− ∑
xxxi,bi∈Dcensored

∑
j<bi

log(1−h j).

, where bi is the bid price for the ith losing auction. In addition, for the winning auctions,
by bidding at any price higher than the observed market price, it is guaranteed to win the
auction. Such information can be shared with the censored data. The loss function is defined
as followed:

Luncensored =− ∑
xxxi,bi∈Duncensored

log[1−∏
j<bi

(1−h j)].

The total loss of the model takes the combination of the above losses as below where α

balances the loss values.

Ltotal = αLz +(1−α)(Lcensored +Luncensored).

4.3.4 Experiments and Results

We conduct experiments to compare the general behaviour of the DASA model with other
survival analysis models. The DASA model consists of one transformer encoding layer. A
transformer encoder layer has two sub-layers. The first is a multi-head attention mechanism,
the second is a fully connected feed-forward network. Residual connections [55] are used
around each of the two sub-layers, followed by layer normalization [14]. All sub-layers in the
model produce outputs of dimension 512 in order to facilitate residual connections. We use a
fixed learning rate of 0.001, state size of 128, batch size of 256 and 8 heads of multi-head
attention. We set 20% of the training data as the validation set for deciding early-stopping
and avoiding overfitting.
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The baseline models are:

• KM represents the Kaplan-Meier Product-Limit [73] method. It is a non-parametric
statistic model for survival analysis on the aggregated level over the entire dataset. It
has been used by several works estimating the market price distribution [142, 164]. In
the range of possible discretized bid prices, for each bid price bi, it counts the number
of winning auctions with bid price bi−1 and the number of auctions which cannot be
won with bid price bi−1, which are represented by di and ni respectively. The winning
probability w(bi) of a bid price bi and the probability of a market price zi are given by:

w(bi) = 1− ∏
1:bi−1

ni−di

ni
. (4.20)

p(zi) = w(zi +1)−w(zi) (4.21)

• Gamma is selected as a parametric model which fits the market price distribution into
a Gamma distribution [169] for each bid request. Comparing with the KM model, the
Gamma model provides a more fine-grained impression level solution. However it
strongly depends on the pre-defined model form.

• DeepHit [81] is a deep feed forward neural network solution which directly maps
the request features into the market price probability density function releasing the
restrictions of any specific form. Similar to the Gamma model, it provides the im-
pression level prediction. However, in the feed forward network, the weights of each
input feature are trained independently without considering when the context (the
combination of other features) changes.

• DLF [118] is considered as the state-of-the art bid landscape model which is based on
a Recurrent Neural Network (RNN) structure as is shown in Figure 4.10. It considers
the sequential dependencies in the feature and price space.

• DASA is the deep attentive survival model proposed in this dissertation and described
in the previous section. Instead of relying on the sequential pattern, the DASA model
is based on the attention mechanism to encode the feature contexts and to map them to
the price space.
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Table 4.8 Performance comparison on ANLP of the herein proposed DASA with respect to
the state-of-the-art. The DASA model gets significantly improvement over strong baselines.

Models ANLP
1458 2259 2261 2821 2997 3358 3386 3427 3476

KM* 10.532 14.671 14.665 19.582 16.203 19.253 15.973 16.902 10.507
Gamma* 5.983 6.546 7.969 8.443 7.217 6.416 6.402 6.981 6.145
DeepHit* 5.498 5.798 5.497 5.617 5.615 5.621 5.541 5.552 5.530

DLF* 4.088 5.244 4.632 5.428 4.504 5.281 4.940 4.836 4.012
DASA 1.8689 1.6111 1.7752 1.4437 2.0425 1.2382 1.4360 1.2095 1.7600

The experiments are conducted on the iPinYou datasets described in Section 4.2.5. We
reproduced the results in [117] by using the publicly available code4 as the baseline results
with * in Table 4.8. The evaluation metric is the Average Negative Log Probability (ANLP)
of the market price which corresponds to the true market price likelihood loss. It is defined
as:

ANLP =− 1
|Dtest | ∑

(xi,zi)∈Dtest

logp(zi|xi) (4.22)

where zi is the market price in the test set, xi is the feature vector of a bid request. The
lower the ANLP value gets, the better. The result shows that the DASA model significantly
outperforms other methods across all the campaigns. The DASA model is chosen to model
other bidders’ behaviour in Chapter 6.

4.3.5 Discussion

In this section, we proposed an attention-based market price distribution prediction model.
In each campaign dataset, a linear bidding function was used to simulate the bidding process
and the bid prices were compared with the historical market price in the log. In this way, we
obtained new winning and losing sets and assume the market prices of the losing auctions
are censored. The bidding datasets with different winning ratios can be generated to test the
robustness of the model.

4https://github.com/rk2900/drsa.

https://github.com/rk2900/drsa
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4.4 Summary

In this chapter, we provide two market price prediction models for the RTB system, from
the price prediction level and the bid landscape level. Since the dynamics of the market
attributes to heterogeneous factors like unknown bidders, publishers, and different user
profiles, for the price prediction, we have proposed a novel time-series framework with
request features aggregation and integration. We have shown that the information from
aggregated bid requests contribute to understand the latent bahavior of the bidding market.
Furthermore, to generalize the prediction results such that the winning probability can be
derived for any given bid price, we have proposed a bid landscape prediction model which
maps the request features directly to the market price distribution at the impression level.
The proposed model provides better predictions than strong state-of-the-art baselines.





Chapter 5

Improving Real-Time Bidding Using a
Constrained Markov Decision Process

5.1 Background and Motivations

Programmatic platforms such as RTB gradually takes over as the major tool for the trading
of digital ads [60]. Instead of bidding on keywords like in sponsored search [10], or on the
context of the website as in contextual advertising [25], RTB targets the best match of users
and campaigns at each ad impression level.

In an RTB system, the DSPs play the role of bidding for ad impressions on behalf of the
advertisers. An ad exchange receives bids from DSPs and holds second-price auctions; the
DSP with the highest bid wins the auction but pays the second highest price, known as the
market price. According to the Bayesian-Nash equilibrium in the auction theory [76], each
bidder’s optimal strategy in a second-price auction is to bid the value of each impression
evaluated from its own perspective. This is known as truth-telling bidding.

However, in reality, truth-telling bidding may not be the optimal solution due to the budget
limit for each ad campaign. Bidding constantly at the true value can lead to running out of
budget quickly without covering a wide range of users and impressions [148]. Consequently,
the bidder fails to obtain potential profits and might even be subject to heavy losses since the
payback of the impressions may be less than the total cost of winning the auction.
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The optimization of bidding strategies has been widely studied in the computational adver-
tising industry [30, 160]. The goal of an optimal bidding strategy is to intelligently set the
bid price for each ad auction in order to maximize the total number of clicks or profits [111]
with a certain budget. This optimization problem fits perfectly into the framework of a
Constraint Markov Decision Process (CMDP) [9], which allows to maximize one criterion
while keeping another criterion below a given threshold.

In this chapter, we cast the optimization of the sequential bid requests as a CMDP. This
is done in order to find the optimal bid price under budget constraints for each auction. A
CMDP is defined by the tuple < S,A,P,R,C,V >, which correspondingly represents the state
set, action set, state transition probability, reward function, cost function, and the value of the
constrains. We consider the predicted CTR (pCTR)1 as the state, the bid price as the action

to take, the number of clicks as the reward to maximize, the market price as the cost, and the
budget limit as the constraint. We integrate the optimization problem and the condition of
budget limit into the model and use the linear programming method [46] to solve the CMDP.
The policy derived from the solution gives an optimal bid price for each state.

Our contributions are summarized as follows:

• We formalize the bidding optimization problem as a CMDP which optimizes the
bidding performance on the impression level. Instead of directly using the features
from the impression space, our approach simplifies and limits the state as the discretized
pCTR. This results in a significant decrease of the dimensionality of the state space.
Another benefit is that we maximize the number of clicks within the constrained
budget.

• We introduce the use of conditional market price distribution derived from the joint
distribution of historical market price and the pCTR. This captures the correlation
between the winning probability and the user level information.

• We show how the well-tuned bidding functions handle the dynamics of the market
price, by simulating scenarios where different bidders compete with each other in the
same environment. Previous studies compare the bid price of their proposed bidding
strategies with only the historical winning price.

1The CTR can be seen as the probability of a user clicking on the ad being shown. The pCTR is a prediction
of this probability based on features of the publisher site/app and the user visiting it.
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Agent Environment

at

Rt , st+1

Figure 5.1 Graphical representation of an MDP. At each time t the agent knows the envi-
ronment state st . Based on the transition probability model, it takes action at , receives the
reward Rt and observes the next state st+1.

5.2 Problem Formulation

When no additional constraints exist, reinforcement learning is usually formalized as a
Markov decision process [131]. However, RTB requires to keep the budget under certain
constraints and in the meantime maximize the total number of clicks. A constrained Markov
decision process is a class of MDP which can set more than one conflicting objective. A
typical case of CMDP is the situation where we want to maximize one criterion while keeping
another below a given threshold. Therefore we relied on such models to describe the bidding
function.

Figure 5.1 shows a graphical representation of an MDP at time t. A CMDP is defined by the
tuple < S,A,P,R,C,V >.

• S is the state set.

• A is the action set.

• P(s′|s,a) is the transition probability function, such that P(s′|s,a) is the probability
that the system moves to state s′ given that it is in state s and the agent takes an action
a.

• R(s,a) is the expected reward to maximize, when the system is in state s and action a

is taken.

• C is the constraint cost function. C(s,a) is the expected cost acquired when the system
is in state s and the agent chooses an action a.

• V is a vector of values that correspond to each constraint.
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A policy is defined as a function π : S 7→ A which maps the state space S to the action space
A, and specifies the action a = π(s) that the agent will choose when being in state s.

In general, the policy π can be either stochastic or deterministic. A stochastic policy means
that in each state s, action a is chosen with a probability w(s,a). That is:

∀s ∈ S, ∀a ∈ A, π(s) = a with probability w(s,a) (5.1)

It means that even after finding the optimal action to take in each state based on the historical
data, there is still a trade-off between exploration and exploitation. The stochastic policy
explores the action and state space by taking actions other than the optimal one and observes
the reward. In our work, we focus on finding an optimal deterministic policy and leave the
stochastic policy searching as the next step.

The objective of the MDP framework is to find an optimal policy π which maximizes the
long term expected reward for the agent. The most frequently used reward function in the
application of MDP are the expected discount reward and the average reward.

In the discount reward setting, the rewards received at different time have different weights.
The more recent reward is more important than the reward after several steps. At each time
step t, the immediate reward is denoted as Rt . The expected discount reward is defined as

R = lim
n→∞

n

∑
t=0

γ
tE(Rt |st ,at) (5.2)

where γ is the discount factor satisfying 0 < γ < 1, t is the index of each time step, and n is
the total number of time steps which can be infinite. E(Rt |st ,at) is the expectation over the
possible values of Rt given st and at . That is,

R(st ,at) = E(Rt |st ,at). (5.3)

On the other hand, the average reward does not distinguish the rewards received at different
time so that the w. The expected average reward is given by

R = lim
n→∞

1
n

n

∑
t=0

E(Rt |st ,at), (5.4)
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Table 5.1 Notations and descriptions.

Notation Description
s The state represented by the predicted CTR.
a The action to take represented by a bid price.
ρ(s,a) The probability that the agent is in state s and takes the action a.
R(s,a) The immediate reward after taking an action a in state s.
C(s,a) The cost of taking action a in state s.
V The constraint of cost.
S The state space (predicted CTR).
A The action space (possible bid prices).
x The user features in each bid request.
θ The predicted CTR of each bid request.
δ The market price.
pMP The conditional market price distribution.

In this chapter, the reward in a RTB system is either the number of clicks or purchases
from the users, which weigh the same regardless of time. Furthermore, it can be seen as
a continuous process with no terminate state. Hence, in this work the main objective is
to maximize the expected average reward as defined in Equation 5.4. The notations are
summarized in Table 5.1.

The objective of a CMDP is to solve the following optimization problem

max
ρ

R = ∑
s,a

ρ(s,a)R(s,a) (5.5)

s.t ∑
s,a

ρ(s,a)C(s,a)≤V

and ∑
s∈S

∑
a∈A(s)

ρ(s,a) = 1

where ρ is a vector of length |S| ∗ |A| in which each element corresponds to the probability
of being in state s and taking action a. The optimal solution of Equation 5.5 is denoted as ρ∗

in which the action a∗ of each state forms the optimal policy π∗.
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5.2.1 RTB as a Model-based CMDP

In this section, we present how the optimal policy search in RTB is modeled into a model-
based CMDP. As shown in the previous section, we define the bid request as the state. Since
all the features in the bid request are categorical features such as country, browser, and device
type, a common method is to use one-hot-encoding [56] converting them into binary-valued
vectors, which leads to an expansion of the state space.

Directly using the high dimensional binary vector x in the bid request as the state is very
difficult because of the sparsity of the data. However, mapping this feature vector into a
lower dimensional space is possible through the CTR prediction θ(x). The latter takes the
feature vector x as input and calculates the probability of a click. This method has been used
to optimize a non-linear bidding strategy [160]. The underlying assumption is that the state
dynamics of the RTB system can be completely captured by CTR.

We therefore assume that user dynamics are described by the pCTR θ(x) and thus project
the high dimensional feature space into an 1-dimensional space. The pCTR is the state of the
RTB system, S = Θ. The state transition means observing different bid requests.

The probability of observing a state p(θ) is obtained from the PDF of the predicted CTR
distribution using a kernel density estimation. The set of actions A, consists of the set of
permitted bids, i.e., A = {0,1, ...,amax}, where amax is the maximum bid that a bidder wants
to pay for showing its ad.

The reward of an RTB system is usually defined by the advertisers. For branding purposes,
the goal of the advertisers can be to maximize the number of ad impressions. However, more
commonly, the advertisers are not satisfied by only displaying their ads. Thus, they set the
goal as acquiring user interactions like clicks or even further, purchases. In this chapter,
the reward of an RTB system is the number of clicks instead of purchases. This is chosen,
because for example, in the iPinYou dataset, there are 5 out of 9 campaigns without any
purchase in both training and test datasets.

It is a chain process to calculate the expected reward. Firstly, the bidder needs to win an
ad auction by placing a bid. The winning probability is derived from the market price
distribution. After winning the auction, the actual reward is the probability of a click. Thus,
the reward function is a product of the winning probability and the pCTR.
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The cost is defined as the market price each bidder pays for a winning auction. The market
price, which is the highest among all losing bids, determines how much the winner pays
for the winning auction, in other words, how much budget is spent. If the bid price of a
bidder is not the highest among all the bidders, the bidder loses the auction with no cost.
Modeling the market price reflects the behavior of other bidders, which is also part of the
environment which we cannot control. However, since all the bidders set bid prices for the
same bid request, our assumption is the market price correlates with the information in the bid
request. Therefore, we estimate the market price distribution pMP conditioned on the pCTR
(θ ), which represents the bid request information. The conditional market price distribution
provides the probability of each market price. In this way, the cost can be estimated as a
weighted sum of the market price being less than the bid price, as is shown in Equation 5.7.

The system reward, R, and cost, C, are given by

R(θ ,a) = θ
a
∑

δ=0
pMP(δ |θ) (5.6)

C(θ ,a) =
a
∑

δ=0
δ pMP(δ |θ) (5.7)

where pMP is the PDF of the market price that can be derived from historical data. Since
CTR is a continuous value ranging from 0 to 1, it is discretized into bins and δ denotes the
market price of a bin of CTR. The R(θ ,a) represents the probability of winning an auction
by bidding a, multiplied with the probability of receiving a click after winning the auction.
The C(θ ,a) represents the expected cost of winning an auction by bidding a.

Our objective is to maximize the expected reward while keeping the expected cost below a
certain threshold, V . We interpret V as the maximum of the average cost per impression each
bidder is willing to spend. The derived policy from CMDP determines the bid price to set in
each state.

5.2.2 Learning from Historical Data: Batch CMDP

In the CMDP model, the correlation between the CTR and the real feedbacks (clicks of
impressions) in the historical data is neglected. We argue that it should be utilized as valuable
experience to learn from. We thus leverage batch RL to derive the best policy from a set
of a priori-known transition samples [78]. The objective of batch RL is to derive a model
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reflecting the reality learned from the historical data. The advantage of such an approach
is the efficiency in the learning process compared to the model free approaches, like the Q
learning algorithm [131]. The latter needs a huge amount of interactions with the environment
to converge to the optimal solution which is often not possible in real life applications.

We modify the model proposed in Section 5.2.1 to derive the best policy from historical data.
In the CMDP model, the only variable not derived from historical data is the probability for
a click, θ , used in calculating the reward in Equation 5.6. We adopt the reward function
from the previous model to replace the estimated CTR by the real CTR. For each bin of θ ,
we calculate the corresponding probability of a click using the true label in the training set.
We denote f (θ) as the probability of a click given θ . In this way, we calibrate the expected
reward for each state by using the true reward from the past. We call this new model Batch

CMDP, formally defined as:

R(θ ,a) = f (θ)
a
∑

δ=0
pMP(δ |θ) (5.8)

C(θ ,a) =
a
∑

δ=0
δ pMP(δ |θ) (5.9)

5.2.3 Market Price Distribution

The market price can be seen as drawing from an unknown distribution generated from the
online marketplace. In [23, 37], the authors directly model the market price distribution.
However, since the winning probability also relies on the CTR estimation, we introduce the
correlation between the winning price and the CTR in the estimation of the market price
distribution. We estimate the probability distribution function of the market price pMP using
Equation 5.10. This derives implicitly from the joint distribution of the winning price and
corresponding CTR, as well as from the distribution of the pCTR according to the Bayes’
theorem [17].

pMP(δ |θ) = p(δ ,θ)
p(θ) (5.10)
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In order to validate our approach, we prove that a strong correlation exists between the
market price and the CTR. A commonly used method for this purpose is to calculate the
Pearson’s correlation coefficient [5]. This technique is efficient in linear correlation cases,
however it fails to capture non-linear relationships. Mutual Information (MI) [12] is one
of the measures that captures any type of non-linear dependencies between two random
variables. MI quantifies the amount of information obtained about one random variable
given another random variable. In other words, it measures the degree of uncertainty of
one variable knowing the other variable. Formally, the mutual information of two random
variables X and Y is defined as

MI(X ;Y ) =
∫

Y

∫
X

p(x,y) log
p(x,y)

p(x)p(y)
dxdy (5.11)

where p(x,y) is the joint probability density of X and Y , p(x) and p(y) are the probability
density function of X and Y respectively. If the two variables are independent, the mutual
information equals to 0. Thus, bigger numbers indicate higher dependencies of the two
variables. The results of the mutual information between the market price and the CTR are
presented in the following section.

5.3 Experiment and Results

We have implemented a CMDP model for bidding trained on two real-world RTB datasets.
The bidding results are compared with several state-of-the-art bidding algorithms. In this
section, we elaborate the experiments and discuss the results.

5.3.1 Datasets and CTR Prediction

In our experiments, two real-world datasets are used. Due to privacy reasons, the public
dataset of RTB bidding logs is very limited. A detailed RTB dataset was released by iPinYou,
a leading RTB company in China, for a bidding competition in 2013. This is the only public
dataset which contains the historical market price. The other dataset is from OLAmobile, a
global mobile advertising company in Luxembourg. The data are collected from 8 campaigns
over 6 days, which include 800k impressions and 6k clicks.
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The detailed description of the iPinYou dataset can be found in Chapter 4, Section 4.2.5.
We applied the data pre-processing procedure2 used in [161], which utilizes the one-hot-
encoding method to convert the categorical features into binary features and we used the
logistic regression training like in [160] to estimate the pCTR.

For the reproducibility, our code is available online3. We mainly report and publish the
results on the iPinYou dataset. Due to the privacy reason, the OLAmobile dataset is not
released, but the results are listed as supplementary.

5.3.2 The Correlation Between Market Price and CTR

As introduced in Section 5.2.3, the mutual information is selected as the metric to measure the
dependency between the CTR and the market price. Each bidder in the market calculates a
bid price based on the same bid request in each auction, therefore we assume the CTR which
is computed from the request features correlates with the competition in the market. Table 5.2
and Table 5.3 shows the results of the normalized mutual information of δ and θ calculated
for the iPinYou and OLAmobile datasets. The normalization of the mutual information scales
the results between 0 and 1, where 0 means the two variables are independent. It can be
inferred from the two tables that for all campaigns, MI(δ ,θ) is higher than 0. The closer the
number is to 1, the more mutual information the two variables share. Therefore. we conclude
that δ and θ are dependent on each other in both datasets. This supports the rationale of our
approach to model the relationship between δ and θ as a batch CMDP.

Table 5.2 Mutual information of the market price δ and CTR θ for the iPinYou dataset.

iPinYou Camp. 1458 2259 2261 2821 2997 3358 3386 3427 3476

MI(δ ,θ) 0.50 0.58 0.59 0.55 0.55 0.56 0.50 0.51 0.53

Table 5.3 Mutual information of the market price δ and CTR θ for the OLAmobile dataset.

OLA Camp. 1 2 3 4 5 6 7 8

MI(δ ,θ) 0.18 0.22 0.40 0.35 0.41 0.16 0.36 0.44

2http://data.computational-advertising.org/
3https://github.com/manxing-du/cmdp-rtb

http://data.computational-advertising.org/
https://github.com/manxing-du/cmdp-rtb
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5.3.3 Evaluation Methods

The evaluation of the bidding functions is carried out on a per campaign basis. In our
experiments, we only focus on the total number of clicks, due to the insufficient number of
conversions. In addition, since every campaign has a limited budget, our goal is to maximize
the number of clicks given the budget constraint. Thus, the expected cost per click (eCPC) is
also used to measure how efficiently the budget is spent.

5.3.4 Experiment 1: Compare Bid Prices To the Historical Data

In the first experiment, each bidding function computes a bid price for the same bid request
and the price is compared with the historical market price. If the bid price is higher than
the historical market price, then it wins the auction and the cost is the market price. The
subsequent clicks are accumulated. Otherwise we assume that the auction is lost with no
additional cost. We used the source code available4 for the work in [23] to generate results
for the Mcpc, Lin, and RLB functions.

• Mcpc. It sets a maximum eCPC which is the goal of the bidding function. The bid
price is calculated by multiplying the max eCPC from the training data with the pCTR.

• Lin. As proposed by [111], the bid price depends linearly on the pCTR as b0
θ(x)
θavg

,where
b0 is tuned as in [23] and θavg is the average CTR in the training set.

• RLB. A reinforcement learning based bidding algorithm is presented in [23]. In this
work, the market price distribution is independently derived from the historical data
without considering its correlation with request features as in our proposed model.
More details can be found in their paper [23].

• CMDP. Our proposed model of CMDP as described in Section 5.2.1

• Batch CMDP. The second model we proposed in Section 5.2.2 where the policy is
learned by using the real feedback (click or not) as the reward.

We first compare each bidding strategy with limited budget. We determine the budget
B =CPMtrain ∗ c0∗Ntest , where c0 = 1/32,1/16,1/8, and 1/4. The c0 setting is the same

4https://github.com/han-cai/rlb-dp

https://github.com/han-cai/rlb-dp
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Table 5.4 Total number of clicks and (eCPC), c0 =1/32.

iPinYou
Camp. AUC CTR Mcpc Lin RLB CMDP Batch CMDP

1458 97.95% 0.084% 392(3.34) 464 (1.09) 424 (3.09) 464 (2.71) 462 (2.8)
2259 67.12% 0.031% 10 (120.63) 7 (173.52) 12 (101.02) 13(89.47) 10 (119.16)
2261 62.69% 0.028% 7 (137.06) 9 (105.67) 11 (87.39) 8 (118.10) 7 (116.46)
2821 61.28% 0.057% 17 (107.63) 40 (40.26) 47 (39) 39 (45.32) 41 (45.05)
2997 60.79% 0.34% 62 (4.9) 64 (2.73) 82 (3.7) 71 (2.95) 71 (2.98)
3358 97.48% 0.086% 180 (4.75) 189 (3.77) 199 (4.29) 208 (3.38) 203 (4.28)
3386 77.39% 0.082% 56 (23.12) 55 (5.52) 61 (21.21) 92 (12.99) 91 (14.26)
3427 97.23% 0.068% 227 (5.91) 203 (6.55) 261 (5.14) 292 (4.47) 292 (4.36)
3476 95.88% 0.055% 101 (12.76) 162 (5.92) 131 (9.87) 181 (7.16) 188 (6.82)

as in [23] to make our results comparable with theirs. In Table 5.4, the total number of
clicks and the eCPC for c0 = 1/32 are listed. We find that (1) CMDP and Batch CMDP
models outperform all the other bidding strategies in terms of number of clicks when the CTR
estimation has higher AUC, since the state only contains the CTR which directly impacts
the performance of our model. (2) In terms of eCPC, the CMDP solution does not always
achieve the least cost. This is due to CMDP trying to keep the cost per impression under
the averaged value in the training set while obtaining the maximum number of clicks. We
did not directly set the goal as the cost per click because before getting clicks, we need to
win a certain amount of impressions first. As we can see in Table 5.4, for example, the Lin

function has lower eCPC for campaign 2997 while the number of clicks is fewer than CMDP.
We should note that although all the bidding strategies have the same budget setting, each of
them spends different amount of the budget until the end of the test. In other words, within
the same budget limit, different algorithms win different numbers of auctions. The results
suggests that CMDP set the bid price efficiently to cover a wider range of impressions and
also receives more clicks.

Figure 5.2 illustrates the performance of the bidding functions with respect to different budget
settings. The bidding functions are compared in terms of (1) number of clicks (2) Winning
rate (3) eCPC and (4) CPM.

Without budget control, the lin and Mcpc bidding functions win fewer auctions and obtain
fewer clicks than all the other bidding functions. Not surprisingly, with the same amount
of budget, they win the auctions with high market price, so that the eCPC and CPM are
both higher than the others. In general, RLB, CMDP, and Batch CMDP perform better and
especially with the low budget setting, CMDP outperforms all the other functions.
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Figure 5.2 Overall bidding performance on iPinYou Data.

In Table 5.5, the results of the OLAmobile dataset show that Batch CMDP obtains the
most clicks among all the bidding functions. In Batch CMDP, the reward is computed
by Equation 5.8 in which the probability of a click is derived from the historical clicking
probability given the state θ (pCTR). Since the OLAmobile dataset spans 1-2 days, the
conditional distribution of the winning probability given the pCTR is more reliable to be used
as a factor in the reward function. Thus, it shows that if the model of the environment reflects
the reality, Batch CMDP provides the optimal policy for making bidding decisions. In the
iPinYou dataset, the training data are from 7 days and the test data are from the following 3
days. Our interpretation is that the market price model changes over time, thus the model
based on the long term history degrades the performance of CMDP and Batch CMDP.

We should also note that in Equation 5.5, the sum of ρ(s,a) over the entire state and action is
1. In other words, the policy learned by CMDP also depends on the pCTR distribution in the
training set. If the pCTR distribution in the test set changes dramatically, the policy may lead
to budget overspending or underspending. The dynamics of the pCTR distribution is a strong
focus of our future work.
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Table 5.5 Total number of clicks and (eCPC), c0=1/32.

OLA Camp. AUC CTR Mcpc Lin RLB CMDP Batch CMDP

1 69.96% 0.445% 1(46.41) 3(13.63) 3(15.42) 0 (NA) 4(30.59)
2 56.79% 0.466% 2(45.67) 2(39.56) 2(45.23) 3(29.84) 4(26.51)
3 73.22% 1.827% 6(2.74) 5(1.21) 6(2.51) 2(2.26) 3(1.53)
4 75.18% 0.938% 21(6.04) 22(4.34) 26(4.86) 14(8.94) 26(6.82)
5 71.35% 1.833% 3(3.4) 3(3.39) 4(2.54) 4(2.23) 13(2.64)
6 58.15% 0.465% 8(30.01) 16(14.28) 10(23.9) 6(39.55) 28(38.54)
7 67.69% 1.237% 4(60.95) 14(16.53) 5(48.42) 9(27.21) 23(23.83)
8 68.07% 0.554% 33(9.46) 51(5.78) 61(5.07) 71(4.37) 88(5.93)

In addition, we further explore the importance of correctly modeling the market price. In our
implementation, we explain how to correlate the market price distribution with the pCTR in
Section 5.2.3. Here we uniformly sample a set of market prices and use it to derive a policy
from the CMDP model. Figure 5.3 shows the difference of winning probabilities between
the true market price and a set of uniformly distributed market prices for campaign 1458. In
this case, it clearly shows that the random market price model underestimates the winning
probability. We replace the market price model in Equation 5.6 with the random model and
show the results in Table 5.6. The result shows the negative performance impact only on
campaign 1458 and 2997. For the other campaigns, the two policies get similar number of
clicks.

However, since the winning probability and the cost are underestimated by the random model,
in order to get more reward, the derived policy sets higher bids than the policy used for
the first two columns in Table 5.6. Thus, in the bidding log, we observe that the budget is
exhausted early in the test set resulting in the inability to bid for any more requests. On the
contrary, the policy derived from the conditional market price model sets more low bids,
when the data in the test set are exhausted, each campaign still has budget left. Therefore,
each campaign can participate in more auctions and potentially get more clicks than using
the random market model.

5.3.5 Experiment 2: Compare Bidding Functions in the Same Environ-
ment

In the previous experiment, the performance of the bidding functions is independently
compared with the historical winning prices. However, in a real world scenario, every bidder
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Figure 5.3 Winning probability comparison for camp.1458.

Table 5.6 Total number of clicks and (eCPC), c0 =1/32.

iPinYou
Camp. CMDP Batch CMDP

CMDP
random

Batch CMDP
random

1458 464 (2.71) 462 (2.8) 312(4.24) 317(4.17)
2259 13(89.47) 10 (119.16) 13 (93.33) 12(101.1)
2261 8 (118.10) 7 (116.46) 10(96.28) 10(96.28)
2821 39 (45.32) 41 (45.05) 41(45.05) 42(43.97)
2997 71 (2.95) 71 (2.98) 56(5.49) 51(6.03)
3358 208 (3.38) 203 (4.28) 211(2.56) 210(2.28)
3386 92(12.99) 91 (14.26) 91(14.14) 90(14.57)
3427 292 (4.47) 292 (4.36) 298(4.19) 297(3.97)
3476 181 (7.16) 188 (6.82) 170(7.63) 183(7.09)

tries to improve his/her bidding functions at any time. Thus, we present the impact of the
fluctuation of the market price distribution on the bidding strategies. We simulate the scenario
by assuming that the historical winning prices come from a single virtual bidder and let
the other bidding functions compete with each other as well as with the virtual bidder. The
winner is the one which bids the highest and the winning price is the second highest price. If
more than one bidders set the same price, all of them win the auction, which produces the
maximum number of auctions and clicks each function can win in this setting.
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Table 5.7 Comparing bidding functions in the same environment, c0=1/32.

Camp. 1458 mcpc Lin RLB CMDP Batch CMDP

Multi_win_clk 55 367 361 101 100
Sig_win_clk 9 46 28 2 14

Multi_win_imp 216 700 2978 3512 3350
Sig_win_imp 30991 84 13731 4755 41783

total_ecpc 23269 453 2608 4647 10059

Camp. 2997 mcpc Lin RLB CMDP Batch CMDP

Multi_win_clk 0 0 7 5 3
Sig_win_clk 45 0 48 4 10

Multi_win_imp 11 0 2753 2736 2369
Sig_win_imp 15560 0 25799 1051 3718

total_ecpc 7458 0 5441 3624 4077

If more than one function bids the same price, all of them are considered to be winners.
The corresponding clicks and impressions are denoted as Multi_win_clk and Multi_win_imp

respectively in Table 5.7. Meanwhile, the single winner case is represented by Sig_win_clk

and Sig_win_imp. The RLB, CMDP, and Batch CMDP models are trained using the historical
market price and the experiment was running on the test data. In this setting, the market price
in the test set shifts towards higher prices when more than one function bids higher than the
historical market price.

The result suggests that for the campaigns with high AUC (e.g. campaign 1458), the linear
bidding function targets the right impressions to bid high. Other functions, for example, like
CMDP wins 10 times more impressions but only get 1/3 of clicks as Lin, which significantly
increase the eCPC. On the contrary, Lin loses its advantage when the pCTR is not accurate
since it only relies on pCTR to calculate the bid price. One extreme case is campaign 2997
having the lowest AUC in the dataset. Lin sets the bid price too low comparing to other
functions and thus does not win any impression. The results also show that the eCPC should
not be the only metric to evaluate how well the bidding function performs. For example, for
campaign 2997, CMDP has a lower eCPC while having 6 times less number of clicks than
RLB. In this case, CMDP bids more conservative than RLB since CMDP follows the policy
learned from the pCTR density function in the training set.
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5.3.6 Discussion

In our study, we notice that the CMDP model does not fully use the budget for each episode.
The reason is that in order to generalize well, the constraint in the CMDP model is not set to
be a specific number as the total budget. Instead, it is set as the expected cost per impression.
As a result, the model neglects the current budget status. To solve this problem, the current
budget can be added into the state.

Another limitation is that the CMDP model is solved by linear programming, which does not
scale well with large number of states and actions. Meanwhile, continuous states and actions
need to be discretized for the CMDP model. Deep reinforcement learning framework can be
used to address such problems due to its capacity of fitting in large scale continuous inputs.

The CMDP model follows a deterministic policy without exploring other actions, which may
fail to observe more rewards. For instance, by bidding aggressively to win more auctions, the
bidder have more chances to show its ads to the users, which in turn may get more clicks.
Thus, adding an exploration setting in the policy learning process is important.

5.4 Summary

In this chapter, we formalized the bidding problem in the RTB system as a constrained
Markov decision process. We use linear programming to maximize the total reward with
a cost limit. The reward is either derived from the CTR estimation (in CMDP) or from
the historical observations (in Batch CMDP), in which case the policy is learned given the
training data. We use Bayesian inference to obtain the market price distribution, which
not only considers the correlation between the market price and the state (pCTR) but also
captures the dynamics of market price. Our model outperforms the state-of-the-art bidding
functions in terms of the total number of clicks constrained to a limited budget. However,
when the bidding functions compete with each other, linear bidding performs the best for
campaigns with a high AUC while RLB obtains more clicks for campaigns with a low AUC.
The CMDP model relies on the correlation of the historical market price distribution and the
pCTR distribution, thus bids more conservatively compared to the others.





Chapter 6

Learning in Real-Time Bidding with
Partially Observable Opponents

6.1 Background and Motivations

RTB is a common online advertisement inventory trading mechanism in which each ad
display is sold through real-time auctions. It allows the advertisers to target potential users at
the level of individual ad impressions. Upon each user’s visit, each ad slot on the publisher’s
site (or app) is sold through auctions. Most market-places use a so-called second price

auction [76]. In such auctions, the bidder with the highest bid price wins the opportunity
to show its ad, which is also called an ad impression and the winner observes and pays the
second highest price, known as the market price or the winning price.

The market price is only known by the highest bidder, the winner. The other bidders,
who lost the auction, only know that the market price could be equal to or higher than
their bids. Therefore, the market price is considered to be right-censored. In addition, the
bidding environment is highly dynamic. In each auction, an unknown number of bidders
will participate and the set of bidders varies over different auctions. To compete in such
second price auctions, in theory, bidders would benefit from bidding their estimation of each
impression’s true value as the bid price [76]. In this way, the market converges to the Nash
equilibrium in which no bidder can benefit more by unilaterally changing its strategy.
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However, in practice, the bidder may not always follow the optimal Nash equilibrium
strategies due to various reasons. For instance, since the bidders are usually constrained by
a certain budget, to avoid running out of money quickly without observing more valuable
impressions, the optimal bid price usually deviates from its true value. In addition, the
number of participants in each auction is unknown and from each bidder’s perspective, it
may compete with different opponents at every step during its lifetime.

To obtain an optimal bidding strategy in such a stochastic environment with a large number
of unknown participants is the major challenge in RTB. From one bidder’s perspective, when
other bidders adapt their strategies, they modify the competitions in the environment and
consequently change the reward distribution for each bidder. The environment changes
due to the concurrent actions of the bidders are called the environment dynamics. Every
bidder learns to act and adapt to the changing environment concurrently which makes the
environment to be non-stationary. The single agent RL based bidding solutions focus on
modeling one bidder and its interaction with a stationary environment [23] which is not
suitable for dealing with the non-stationary environment. In the latter, it is important for each
bidder to adapt its strategy based on the joint actions of all the participants.

From one bidder’s perspective, the other bidders are called opponents. The next challenge is
to deal with the observability of the opponents. The opponents can be partially observable or
fully observable under different formulations. Zhao et al. [166] design a multi-agent deep
reinforcement learning RTB algorithm for a sponsored search system where the ad agents
share a global reward function as the cooperative goal. In this study, the common reward
is observable to all the agents but the states and actions of each agent remain unknown
to each other. Jin et al. [68] handle the large number of advertisers and customers on
Taobao, a popular e-commerce platform in China, by aggregating them into clusters and
formalize a multi-agent bidding process on the cluster basis. They assume that each cluster
has full observations of each others’ status and has either individual reward function (in the
competitive mode) or shared reward function (in the cooperative mode). In practice, in the
bidding market, each DSP works on its own without knowing either its opponent’s strategy,
reward, or budget status. For each bidder (a DSP), the only possible information available of
its opponents is the partially observable market price.

With the number of opponents increasing, modeling every opponent’s action becomes
implausible and computationally expensive. To analyze such highly dynamic environments
with a large number of learning agents, recent research works [151, 51, 63] have been focused
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on using MFE to approximate the Nash equilibrium. To avoid modeling the interactions
between every two agents, MFE based models approximate each agent interacts with the
estimated average action of its neighboring agents. Motivated by the MFE concept, we
have designed, implemented and evaluated an opponent-aware bidding algorithm for the
multi-agent environment which requires no prior assumptions on the opponents’ bidding
distribution.

This algorithm differs from all existing multi-agent solutions in the RTB domain. Unlike
other solutions targeting the advertisers which have full observations of each other’s state and
reward, our algorithm optimizes the campaign performance for a single advertiser which only
partially observes others’ actions (market prices). We provide a prediction model to infer
the opponent’s actions. Relying on the MFE, the proposed model simplifies the opponent
modeling by taking the market price as the aggregated actions. We address the prediction of
partially observable opponent actions and adopt the DASA model proposed in Chapter 4 to
map the state features to the market price distribution. Furthermore, our solution integrates
the opponent model into the policy learning framework for the bidding agents. The proposed
bidding algorithm enables each bidder to adapt and optimize its strategy given its estimation
of the opponents actions. The experiments show that the market reaches the equilibrium
under different budget constraints and the opponent-aware bidding algorithm accelerates the
convergence in the multi-agent environment.

6.2 Preliminaries

In this section, we introduce the background knowledge of game theory to support defining
the solution in the multi-agent bidding environment in the next section.

6.2.1 Game Theory

Game theory [102] is defined as the study of making strategic decisions for multiple rational
individuals interacting with each other. A set of terminology is defined in the game theory
domain in a similar fashion as in the domain of reinforcement learning. The terminology is
summarized in Table 6.1. The interaction between at least two entities is called a game and
the entities involved are called players. In a game, the goal of a player is to maximize its
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Table 6.1 Summary of terminologies used in Game Theory and Reinforcement Learning.

Game Theory Reinforcement Learning
player agent
action action
game environment

strategy policy
payoff reward

Table 6.2 The normal-form payoff matrix of the prisoner’s dilemma game.

Player 2
Cooperate Defect

Player 1
Cooperate -3, -3 0, -5

Defect -5, 0 -1, -1

expected reward, which is also called the payoff. In the following sections, the terminologies
in these two domains are used interchangeably.

A classic example of a two-action two-player game is known as the Prisoner’s Dilemma [114]
where the payoff of the two players can be summarized as is shown in Table 6.2. In this
game, the two actions that each player can choose from are to cooperate or to defect. In each
cell, the two numbers represent the payoffs of each player respectively. A game which can be
represented in this form is usually called a Normal-form game defined in Definition 1 [57].

Definition 1 (Normal-form game) A Normal-form game is represented by a tuple <

N,A,U >, where N is a finite set of players;

A = A1× . . .×AN where Ai represents the finite actions that the player i can choose;

U = (U1 . . .UN) where Ui : A→ R is the utility function which maps the action space to the

real-valued payoff of player i.

In such a game, each player aims to find the optimal action in order to maximize its own
payoff while assuming the other players are planning in the same way. In a multi-agent game,
the best strategy of each player depends on other agents’ strategies as well. Game Theory
introduces the Nash equilibrium (NE) concept [103] to describe the optimal strategies in
such contexts.

Definition 2 (Nash equilibrium) The optimal set of strategies is denoted by πππ∗ =

(π∗1 . . .π
∗
N) where π∗i is the optimal strategy for player i. The Nash equilibrium is reached

when the utility function of the strategy π∗i satisfies: Ui(π
∗
i ,π−i)≥Ui(πi,π−i).
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where π−i = π1 . . .πi−1,πi+1 . . .πN denotes the strategies of all players other than player i.
Under the equilibrium, every player follows its own strategy which maximizes its utility
function while other players keep their strategies unchanged. No player can gain more by
unilaterally changing its strategy.

When the number of players and the number of possible actions get larger, it is not scalable
to represent the utility functions for every action. In addition, a more complex game may
require each player to make sequential decisions under different states as in the single agent
reinforcement learning scenario. Here we introduce the concept of stochastic games [128] to
describe such situations.

Definition 3 (Stochastic games) A stochastic game is a tuple (S,N,A,P,R) where S is a

finite set of states; N is the finite set of n players;

A = A1× . . .×AN where Ai represents the actions available for player i;

P : S×A×S→R is the transit probability function for state and action pairs, where P(s,a,s′)

is the probability that a player takes an action a and transits from state s to s′;

R = ri . . .rN where ri : S×A→ R is the payoff function for a player i taking an action a at

the state s.

6.3 Problem Formulation

In this section, we formulate the sequential second price auctions as an n-player stochastic
game represented by a tuple < S,N,A,P,R >. Here, the players are the bidders who compete
in the same bidding environment. The environment dynamics come from the simultaneous
actions from all the bidders, a.k.a the bid prices. We refer to the bidders as the agents
interchangeably in the rest of this dissertation. At each time t, the state of n-agents is denoted
as ssst = (s1

t . . .s
n
t )∈ S. Correspondingly, the joint action of all agents at time t is represented as

aaat = (a1
t . . .a

n
t ) ∈ A. The policy of an agent is defined as: π i : Si 7→ Ai. After taking an action

ai
t , agent i transits to the next state: si

t+1 ∼ Pi
t (s

i
t ,aaat) and receives a reward ri

t ∼ Ri
t(s

i
t ,aaat).

We note that the transition probability and the reward are determined by the joint action aaa.
Since all the agents set their prices simultaneously, from each agent’s point of view, only the
winner pays the market price and the others keep their budget unchanged for the next auction.
Correspondingly, only the winner has the chance to get the user behaviour dependent reward,
e.g. the click through rate (CTR) while the others receive zero reward.
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Unlike other n-player games, where the full environment state is usually considered in the
equations above, in RTB, each agent only observes its own state si

t at each step. The agents
are coupled only through their actions.

The value function of a certain policy π is defined as:

vi
π(s) =

∞

∑
t=0

γ
t Eπ,P[ri(st ,aaat)|s0 = s,π], (6.1)

where γ ∈ [0,1) denotes the reward discount factor over time.

As stated in [151], a common assumption of such an n-player game is that each agent is
unaware of the game dynamics or the reward function, but it observes the previous action
and the immediate reward of other agents. For a single agent, the Q-function is extended by
taking the joint actions of all agents aaa =∆ [a1, . . . ,an] as the formulation below:

Qi
πππ = ri(s,aaa)+ γ Es′∼P[Ea∼πππ [Qi

πππ(s
′,aaa)]]. (6.2)

The objective of each agent in an n-player game is to derive an optimal policy π∗ which
maximises its value function as shown in Equation 6.1. However, each player has its own
reward function and is dependent on the other players. Hence, it is not as clear a concept
define an optimal policy as in single-agent problems that only maximize the state value
given in Equation 6.1. It may be ineffective due to players having different rewards since
one agent might hamper the objectives of other agents, the bidding environment becomes
non-stationary as well.

To address this problem, one common solution is equilibrium-based approaches. We start
from one agent’s view, the stochastic formulation of RTB can be simplified as a two players
game, where the other player is the one with the second highest price in the market. The
winning price can be modeled as the joint action from all the other opponents and is partially
observable. Then, we adopt an equilibrium-based policy, also called the Nash equilibrium
(NE) policy [61], which satisfies

vi(s,πππ∗)⩾ vi(s;π
i,π−i
∗ ). (6.3)

where πππ∗ is the NE optimal joint policy of all the agents. In the equilibrium stage, no agent
can further improve its value function while other agents keep their policies unchanged.
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Here π−i
∗ denotes the optimal joint policy of all the other agents except agent i: πππ−i

∗ =∆

[π1
∗ , . . . ,π

i−1
∗ ,π i+1

∗ . . . ,πN
∗ ].

When the number of agents n→ ∞, the classic multi-player game becomes intractable, thus
in [62], the authors proposed the Mean Field Game (MFG) to model the large number
n-player game. The conventional MFG assumes the agents have complete information of
the actions and the rewards of other agents [151]. On the contrary, in RTB, the actions of
other agents are not observable unless the agent wins the auction and the highest bid from the
other bidders is revealed. To generalize the conventional MFG to the MFG with incomplete
information, in this study, we propose an opponent model to infer the unobservable actions
of other players. From one agent’s perspective, at each time t,

si
t+1 ∼ P(·|si

t ,aaat) = P(·|si
t ,a

i
t ,aaa
−i
t ). (6.4)

where aaa−i
t denotes the actions taken by the agents other than agent i. If all the other agents

follow their optimal policies, then aaa−i = aaa−i
∗ . It suggests that the bid distribution of other

agents is fixed. Therefore, Equation 6.3 can be written as

vi(s,π i
∗,aaa
−i
∗ )⩾ vi(s;π

i,aaa−i
∗ ). (6.5)

To learn an equilibrium joint policy, updates of Q-values rely on the computation of an
equilibrium metrics, Nash-Q, defined in [61]:

QQQNash(s,aaa) = Es′∼P[rrr(s,aaa)+ γvNash(s′)]. (6.6)

The Q-function in Equation 6.6 is approximated by neural networks and parameterized
with the weights ω . As discussed above, we replace the joint actions of other bidders aaa−i

t

by a virtual and aggregated opponent whose bids are always the market price. Thus, the
Q-function can be expressed as

Qi(s,aaa) =
∫

a−i
Q(s,ai,a−i)φ(a−i) da−i. (6.7)

In Equation 6.7, φ(a−i) represents the distribution of the opponent’s actions.

In the ideal MFE scenario, it supposes that all agents take a fixed and steady bid distribution
and their own belief of the bid valuation as the prior knowledge to optimise their strategy [63].
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Figure 6.1 The architecture of the DDPG-DASA model.

The policy that each agent follows is stationary. In practice, the bid valuation is estimated by
the CTR prediction model and the opponent bid distribution can be estimated as the market
price model. Thus, in this work, we adopted two pre-trained models into the framework to
fulfill the above assumption.

Figure 6.1 depicts the architecture of the components used in this work. The CTR model
takes the feature vector x in the historical bid requests as input and binary labels 1 and
0 indicating an ad click or no click respectively. The pCTR is later used to construct the
agent state s and the reward r in the updated DDPG model with the opponent model DASA
(DDPG-DASA). In the following sections, the opponent model (DASA) and the bidding
model DDPG-DASA are described in details.

6.3.1 Bidding Model

Under our repeated second-price auctions setting, in every auction, all the agents are facing
the same bid request. The agents bid for the same ad campaign upon different requests with
unknown number of opponents at each auction. The RL agent adopts the framework of
DDPG [89] method to learn the policy for setting a bid price in the continuous space. We
simulate the bidding process as an episodic task. Each episode consists of 1000 auctions and
for each agent i, the budget Bi is reset for every episode.
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State. For the DDPG agent i, we take the budget left in an episode Bi and the pCT Ri as the
state si =< Bi, pCT Ri >

Action. Following the settings in [68], the action ai is set to be a scalar which controls the
bid price and is bounded to be in the range of [0,1]. The final bid price is calculated by
b f = min(bmax×ai,Bi), where bmax is the upper bound of the bid price. The market price or
the aggregated actions from the opponents are denoted as a−i.

Reward. The reward is usually the Key Performance Indicator (KPI) defined by the adver-
tisers, for instance, a click, a purchase or the profits. But such reward signal is usually too
sparse for the agent to learn. Therefore, in this study, we assign the pCT R as the reward for
all the winning auctions, even without the real click [144]. For the losing auctions, since
no price is paid, the reward remains as zero. For an agent i, the actor network takes state si,
which consists of the predicted CTR and the budget left in the current episode as input for a
deep neural network parameterized with θπ . The output of the actor network is an action ai

to take in the range of [0,1].

Opponent Modelling

The DASA model serves as the opponent model in this chapter. The thorough study of the
DASA model can be found in Chapter 4, Section 4.3. Here, we adapt the prediction target
into the notations used in the current chapter. We use a−i to represent the action taken by
the opponents, a.k.a the highest price from all the other participants in the auction. In this
section, we denote a−i = z, where z is the market price. The probability density function
(PDF) of z is φ(z).

φ(z) = φ(a−i = z|xxxi,θz) = hz ∏
j<z

(1−h j). (6.8)

Action function
ai = π

i(si,θπ) = π
i([bi, pCT Ri],θπ). (6.9)

In the vanilla version of DDPG algorithm, the critic function Q(si,ai) takes the state and
action pair from a single agent. In our model, the Q-function is approximated by the mean
field theory by integrating the opponent’s action distribution. As is shown in Equation 6.10,
φ(a−i|xxxi,θz) is the market price distribution obtained from the opponent model. The action
a−i is not directly observed from the environment, since the result of the auction can only
be see after placing a bid price. The market distribution provides the agent’s belief of the
opponents actions. The indicator function allows the agent to account for the Q value only in
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the case of bidding higher than the market price. Since when the action ai is lower than a−i,
the agent cannot win such auctions, thus, the Q value should be zero.

Critic function

Qi(si,aaa) =
∫

a−i Q(si,ai,a−i)φ(a−i|xxxi,θz)1[a−i < ai] da−i. (6.10)

The pseudo code of the DDPG-DASA algorithm is shown in Algorithm 1.

Algorithm 1: DDPG-DASA.
Initialize actor network π(s,θπ) = ai and critic network Q(s,a|ω) with weights θπ ,
ω

Initialize target network π ′ and Q′ with θ ′π ← θπ and ω ′← ω

Initialize replay memory with size K;
for episode = 1 to E do

receive state s0 and sample a0 ∼ π(s0,θπ);
Initialize a noise generator N for action exploration
while st not terminate do

Select an action at = π(st ,θπ)+Nt and execute ;
Observe rt , st+1;
Store (st , at , rt , st+1) in the replay memory;
if t ≡ 0 mod K then

sample a minibatch M from the replay memory
y j = r j + γQ′(s j+1,aaa′′′j+1, |ω ′)
update critic by minimizing the loss L = 1

M ∑ j(y j−Q(s j,aaa j|ω))2 ;
update actor θπ ← θπ +

1
M ∑ j ∇aQ(s j,aaa j|ω)|s=s j,a=π(s j)∇θπ

π(s j|θπ)|s j ;
update target network:
θ ′← τθπ +(1− τ)θ ′π ;
ω ′← τω +(1− τ)ω ′

end
end

6.3.2 Multi-Agent Mean Field Approximation

The mean field equilibrium in RTB requires a consistency check of the bid distribution [63].
Let φ be a bid distribution and π i denote a stationary policy for an agent facing bidding
decision. The mean field equilibrium is achieved if it satisfies the following definition:
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Definition 4 The repeated second-price auction Mean Field games admit at least one

MFE[63], with strategy π , if:

1. π(·|φ) is an optimal strategy given φ .

2. φ is the steady state bid distribution given π .

Single-Agent Steady Market Distribution

We start from the simplest scenario: a single learning agent bids against a steady market
price distribution. In this setting, we assume the linear bidders have fixed strategies which
means they do not update their strategies upon other bidders’ actions. In addition, given the
dynamic attributes of the bidders, from bidder i’s point of view, the bids from its opponents
are identically and independently distributed. As we discussed in Section 6.1, in practice,
the bidders participating in every auction change over time. Here we assume the departure
and the arrival rate of bidders remains steady, which guarantees the stationarity of the bid
price distribution of the opponents. Although the opponent bids are partially observable, this
allows us to approximate a fixed opponent model and use it in the mean field model.

Multi-Agent Dynamical Market Distribution

From the above single agent scenario, here we extend to discuss the multi-agent bidding
environment, where all bidders are learning and adopting their strategies and they share one
steady bid distribution φ . Taken φ as the prior knowledge, each agent optimises their bidding
strategy by adopting the DDPG-DASA algorithm which in turn induces dynamics in the
overall bid distribution. In the multi-agent bidding process, we assume that the number of
competing agents is large. In each auction, a finite number of agents is randomly selected.
The goal of winning the second-price auctions is to bid higher than the second highest price.
The losing bid prices from other bidders are not observable. To summarize, in each auction,
3 types of bidders can be observed, namely a winner, a bidder with the market price, and
the losing bidders. Same as in the previous section, we assume the departure and the arrival
rate of bidders remains steady. Based on this assumption, we use 3 bidders to simulate
a multi-agent bidding environment. At either the end of the episode or when the budget
of a bidder has been exhausted, a new episode starts and we initialize the same budget to
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Table 6.3 Dataset Statistics.

campaign ID Impressions Clicks CTR # Discrete Feature Values
2259 (Trainning Set) 835,556 280 0.034% 40347
2259 (Test Set) 417,197 131 0.031% 40347

every bidder. In our experiments, each bidder trains its own DDPG-DASA strategy. Due
to a learning rate decay setting, eventually each bidder will converge to a stationary agent
(learning rate ≈ 0), thus the normal theorem by [63] holds. In the MFE, each bidder is facing
i.i.d highest opponent bids and has no incentive to change its bidding strategy. However, it is
important to note that before the equilibrium is reached, the bid distribution would change as
the market evolves. Thus, it is important for the agents to infer the bid distribution over time.

6.4 Experiments

In this section, we present the empirical study of the DDPG-DASA bidding algorithm in both
single-agent and multi-agent scenarios on a real-world bidding dataset. We have published
the implementation code of the experiments.1

6.4.1 Datasets and Experimental Setup

In this work, the bidding experiments are conducted over the public real-world dataset,
iPinYou, one of the leading ad companies in China. The detailed description can be found in
Chapter 4, Section 4.2.5. The statistics of the ad campaigns selected in the study are shown
in Table 6.3.

We follow the data pre-processing and feature engineering procedure in [161]. Since in the
iPinYou dataset, the original market price of the impressions is recorded, we initiate all the
agents with the budget to be proportional to the total cost in the training data. In this way, it
allows us to simulate the auctions offline. Given each bid request, each agent places a bid
price and follows the second-price auction principles to decide the winner of the auctions
and the click labels in the log are used to train the CTR model. We compare the bid price

1https://github.com/manxing-du/Know-your-enemies.git.

https://github.com/manxing-du/Know-your-enemies.git
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generated by the agents in our experiment, thus the original market price in the iPinYou
bidding log is not included.

As is shown in Figure 6.1, the CTR estimator is trained offline by adopting the widely used
FTRL-logistic regression model [96]. In both single and multi-agent scenarios, we begin
with running the bidding simulation over the training set and log the bid price of each agent
and select the second highest price as the market price. The opponent model in Figure 6.1
takes the simulated bid log and the features in the original bid requests as input to predict the
impression level market price distribution as described in Chapter 4.

Once the CTR model and the opponent model are trained, we repeat the bidding simulation
on both training and test sets. In this round, the DDPG agent learns the policy while having
the prediction of the distribution of its opponent. We begin with setting one DDPG agent
in the environment and keep the other bidders using simple and static bidding strategies,
for instance, linear bidding function. In this setting, we demonstrate the advantage of the
learning agent over the static agent without the learning process. Furthermore, we extend to
the multi-agent scenario where all the agents learn their strategies with its estimated opponent
model.

In this study, we consider the bidding process as an episodic task and each episode consists
of K = 1000 auctions. Each episode has a fixed budget B = CPMtrain ×10−3×K×c0, where
CPMtrain is the cost per mille impressions in the training data and c0 is the budget constraint
ratio: c0= 0.125, 0.25, and 0.5.

6.4.2 Single DDPG agent with Steady Market Price Distribution

In this section, we assume that there is one learning agent running DDPG algorithm that
competes against N bidders with fixed strategies, for example, a linear bidding function: bi =

pCTR ∗αi, where αi is a fixed linear ratio. In practice, N is always unknown and in each
auction, a random set of the N bidders is selected. In the second-price auction, the most
important opponent is the bidder with the second highest price among all the bidders. In this
study, we set up two linear bidders and one DDPG bidder. The bidders take the same pCTR

from the CTR prediction model. By injecting Gaussian noises into the pCTR, we simulate
the stochastic environment of random bidders with different pCTR as their states in each
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auction. Comparing the bid price generated by the three bidders, we log the market price and
use it for training the DASA model offline as described in Chapter 4, Section 4.3.

In the next round, we replay the bidding game again to train the same DDPG agent from
scratch with the opponent model integrated, a.k.a the DDPG-DASA model. We run the same
experiment with three random seeds and show the averaged results as follows. In Figure 6.2,
the number of clicks obtained by the three bidders are listed for one selected ad campaign,
2259. In general, the agent with the DDPG-DASA model obtains more clicks than the vanilla
DDPG model when competing with the fixed linear bidders. In Figure 6.3, it shows the
number of impressions each agent obtains. Same as in Figure 6.2, the rows represent three
budget settings, where c0= 0.125, 0.25, and 0.5. The left column shows the results from the
DDPG agent without the opponent model as the baseline while the right column shows the
results of the agent with the DDPG-DASA model. The DDPG-DASA agent converges to the
equilibrium faster than without the opponent model. The learning curve of the Q function
shown in Figure 6.4 confirms the faster convergence. The result suggests benefits for the
bidding companies who newly join the auctions.

We need to note that, the budget was set by referring to the original market price in the
iPinYou bidding log. However, the new market price generated by the agents are different and
lower. At the beginning of the campaign lifetime, without any information of the market, the
learning agent converges to a steady but sub-optimal strategy. However, if the learning agent
infer its opponents’ strategies quickly and the opponents have fixed strategies, the DDPG-
DASA model facilities the bidder to converge to a more dominant strategy which obtains
more clicks in the market. If the other agents adopt learning process into their strategies
which evolves the bid distribution, the challenge would be to show the asynchronous best
response from all the agents and converge to the MFE which is shown in the next section.
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Figure 6.2 The number of clicks won by every bidder of Campaign 2259, where Lin_* refers
to the linear bidders.
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Figure 6.3 The number of impressions won by every bidder of Campaign 2259.
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Figure 6.4 Learning curves over Campaign 2259 under different budget settings.

6.4.3 Multi-Agent Game

In this section, the experiment is extended to have multiple learning agents in the same
environment. Assume the number of agent N = 3, same as in the previous section, the three
agents have the same budget setting for every 1000 auctions as one episode. As is shown in
the first row in Figure 6.5, the three agents start with bidding by only learning from their own
reward without referring to other bidders’ behaviour. After 200 episodes, the game converges
to the equilibrium where the number of impressions won by each agent is roughly evenly
distributed. We continue the experiment by introducing a random market price distribution as
the opponent model for each agent. For each auction, the market price distribution is sampled
from a uniform distribution. The second row in Figure 6.5 shows that the random opponent
model increased the variance of the number of winning impressions for each agent and some
agent may converge to a dominating strategy. With the well trained opponent model, we take
the bidding log generated by the first game and trained a market model separately for each
agent based on the set of impressions they won. With the information of the market, we reset
the game for the training set, as is shown in the third row in Figure 6.5. The agents converge
to the optimal strategies within 100 episodes which is 50% less than the results in the first
row. We further test the model on the test set, which shows the model is generalized well and
the equilibrium is reached.
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Figure 6.5 Three DDPG agents bidding game. Row 1: DDPG without opponent model. Row
2: DDPG with random market model. Row 3: DDPG-DASA model on the training set Row
4: DDPG-DASA model on test set.
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Figure 6.7 Learning curves of DDPG-DASA model for each learning agent.

Figure 6.6 shows the number of clicks each agent won, which stays roughly the same. It
demonstrates that since the reward function is not changed, once the equilibrium is reached,
the multiple learning agents do not gain more profits. The benefits introduced by using the
DDPG-DASA model is the fast convergence speed. In Figure 6.7, it shows the DDPG-DASA
model for each learning agent converges generally faster than the DDPG model.

6.5 Summary

In this chapter, we proposed a general opponent aware bidding algorithm with no prior
assumptions on the opponents bidding distribution. To the best of our knowledge, it is
the first experimental implementation in the real-time bidding domain to infer the partially
observable opponents in the policy learning process. We proposed a deep attentive survival
model as the impression level opponent model. The multi-agent bidding simulations show
the benefits of improved convergence rates for the DDPG model across all budgets which
augmented with an opponent model. For the future work, instead of using a pre-trained
model, we will investigate the adaptive training for both the opponent model and the reward
function in the multi-agent bidding game.



Chapter 7

Conclusions and Future Work

7.1 Conclusions

In this dissertation, the major research problem is to design an optimal bidding strategy
competing in a RTB environment for the display advertising. The research scope is defined to
be from the perspective of advertisers and the type of real-time auctions is the second-price
auctions. In the following, we summarize our contributions from three aspects of the research
topic.

7.1.1 User Response Prediction

For the advertisers, the CVR is an important metric to evaluate the performance of their
ad campaigns. It directly shows the true intentions of the users towards the content of the
ad. Therefore, CVR, as an important indicator of a high value impression, serves as a part
of the optimization goal for the bidding decision making process. Either over-estimating
or under-estimating the CVR leads to inefficient budget spending and lower returns for the
advertisers.

Conventional CVR models take only the bid request features as input. In this dissertation, we
formulate the purchase time as a time series and construct two time series features to enhance
the prediction performance. The first feature is the purchase probability at any given time
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provided by a self-exciting model. It captures the purchasing intention cascade and the time
decaying effect. The second feature is an indicator showing the historical CVR changing
trend which serves as the short-term memory. By integrating these two time series related
features, the CVR prediction model outperforms the state-of-the-art models which only use
the basic feature set.

7.1.2 Cost Estimation

The competition in the RTB market decides the cost of each ad impression. The paying price
influences how fast or slow the budget is consumed for the advertisers and also has an impact
on their total profit. The ideal scenario is to win the high value impressions and pay less
for the high returns. Due to the great amount of bidders in the market and their unknown
strategies, the market price fluctuates heavily over time. Within each second, the advertisers
can receive over hundreds or thousands of bid requests which makes predicting the price
pattern a difficult task.

To solve the above problems, we provide a price-based market prediction model. We
aggregate the market prices over time into window slices and formulate the average price per
window slice as a time series. Unlike the individual prices, the aggregated prices show clear
temporal patterns. A multi-variate LSTM based RNN is proposed to take the aggregated
features in the bid requests and the historical price as inputs and to predict the average market
price for the next window slice. The proposed model captures the temporal patterns both in
the price and in the feature space. It outperforms the state-of-the-art univariate time series
models in terms of the mean squared error in the price prediction.

The price-based model demonstrates high competence of estimating an average price for a
group of requests as a reference. However, it lacks the generality of directly providing an
estimate of the winning probability for a single auction. Therefore, we take the winning price
as a stochastic variable and predict its distribution which is also called the bid landscape.
We propose a deep attentive survival analysis model to address the right-censored problem
and to transform the input features into the price distribution domain. The proposed model
releases the recurrent constraints in the RNN based network and learns the importance of the
feature values in parallel through the attention mechanism. It provides an end-to-end solution
for predicting the market price distribution. The prediction performance greatly surpasses
both the basic statistical models and the deep learning based models. In this dissertation, the
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proposed DASA model is chosen to be the opponent model facilitating the bidding strategy
design in the multi-agent bidding scenario.

7.1.3 Optimal Bidding Strategies

To compete in the RTB environment, from the advertiser’s perspective, the goal is to maximize
its target interests (e.g. clicks, conversions, or profits) by sequentially making bidding
decisions within a certain budget constraint. From a single bidder’s perspective, we modeled
the interactions between the bidder and the bidding market as a model-based reinforcement
learning framework. The proposed model does not reply on any pre-defined model form for
the bidding strategy optimization. We introduce the conditional market price distribution
into the reward function and the cost function to provide impression level bidding decisions.
The proposed model outperforms the state-of-the-art bidding functions with low budget
constraints.

The previous model is based on the assumption that the bidding market is static. However,
in practice, in each RTB auction, each bidder is interacting with an unknown number
of bidders which may have different strategies or learn to adapt their strategies. Such
phenomenon should not be neglected, even though it is infeasible to infer other bidder’s
behavior individually. We formalize the problem as a multi-agent learning scenario in
RTB. Each bidder learns to explore and to optimize its own strategy. Inspired by the mean-
field theory, the uncertainty of stochastic behaviors from an unknown number of bidders is
averaged out by introducing an opponent model. With an inference of other bidder’s behavior,
we demonstrate faster convergence for the strategy learning process, so that all the bidders
reach the Nash equilibrium in which not a single bidder can dominate the bidding game.

7.2 Future Work

In this section, we present potential future work for the above research topics. Firstly, the
purchase events are sparse in general and greatly depend on the type of the products as
well. For instance, the conversion rate of a car advertisement can be genetically lower than
the conversion rate of groceries. Secondly, new advertisements or new customers without
any historical data suffer from the cold start problem. In the domain of recommender
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systems, a widely applied approach is collaborative filtering [91, 125] which associates
similar items and similar users based on the historical records. However, it may still have
sparse user-item pair in the log. To collect and ensemble more information of users and
products becomes the key to providing better predictions. Recent studies have been focused
on building Knowledge Graphs (KGs) which connect products, user profiles, and their online
behaviors to construct deep and comprehensive understandings among them. Examples of
large scale commertial KGs are: Google Knowledge Graph1 and Microsoft Bing Satori Entity
Database2. A few recent works of using KGs based networks for recommender systems can
be found in [137, 138]. To the best of our knowledge, such methods have not been studied in
the conversion rate prediction in the RTB domain.

Lastly, in our single agent bidding experiments, comparing with other bidding functions, at
the end of each episode, the proposed CMDP model still has unspent budget. It achieves low
cost per click but results in inefficient budget usage. Another limitation is that the proposed
model learns to react to a static market. Therefore, when it competes with other bidding
functions and the market changes, the proposed strategy fails to adapt to the new scenario.
In the multi-agent scenario, the assumption is that all the bidders adapt towards the Nash
equilibrium. This type of opponent modeling is based only on the opponent’s historical
behaviors without any recursive reasoning.

However, as humans, it is natural to reason about other people’s behaviours and plan our
own moves. Wen et al. [143] consider the level-1 recursive reasoning for each player in
multi-agent games. Each player plans its own strategy based on an estimation of how other
players react to its possible future actions. The proposed model in this work generalizes the
requirement of defining a certain type of opponent. However, this work is based on fully
observable opponents. It is promising to study the level-1 recursive reasoning for partially
observable opponents in the RTB domain.

1https://developers.google.com/knowledge-graph/
2https://searchengineland.com/library/bing/bing-satori

https://developers.google.com/knowledge-graph/
https://searchengineland.com/library/bing/bing-satori
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