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ABSTRACT

In this paper, we report our approach of KDD Cup 2012
track 2 to predicting the click-through rate (CTR) of adver-
tisements. To accurately predict the CTR of an ad is im-
portant for commercial search engine companies for deciding
the click prices and the order of impressions. We first im-
plemented three existing methods including Online Bayesian
Probit Regression (BPR), Support Vector Machine (SVM)
and Latent Factor Model (LFM). In order to fully exploit the
training set, several Maximum Likelihood Estimation(MLE)-
based methods are then proposed to model the instances
which appear frequently in the training set. Each of the in-
dividual models is optimized by selecting the most descrip-
tive features. We propose a rank-based ensemble method
which greatly improves the results of our model and our
final submission is based on BPR, SVM and MLE.
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1. INTRODUCTION

KDD Cup is a famous data mining competition in both in-
dustry and academia. There are two tracks in KDD Cup
2012, of which the first task is about the recommendations
and predictions in social networks and social media, and the
second task is about predicting the click-through rate of on-
line advertising. Tencent Corporation released a large real
dataset in the KDD Cup competition, which was obtained
from the user logs of Tencent’s commercial search engine
called SOSO [10]. For the second track, the challenge is
not only about the processing for such big data, but is also
about developing the most accurate predictor for the search
engine.

In this task, participants are expected to accurately predict
the click-through rate (pCTR) of ads, and the search session
logs, which capture the interaction between a user and the
search engine, are provided. There are three types of data
sets, which include training data, additional data and testing
data. Training and testing data both contain the following
items: the user, the query issued by the user,and some ads
returned by the search engine. The training set also contains
the impressions and clicks of each ad. Moreover, each ad
and each user have some additional properties, which are
included in the additional data set. The big data challenge
in this task is, given 149,639,105 instances as the training
data, we are required to predict the click-through rate for a
test set with 20,297,594 instances.

The challenge can be viewed as a regression task because we
can model the CTR prediction task using the information
like the titles, the descriptions and the user profiles as fea-
tures. On another hand, we can use the number of an ad’s
impressions and the number of the ad’s clicks to calculate
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Figure 1: The architecture of our proposed models.

the click-through rate based on the prediction results of the
test data, i.e., for every impression, the user may click or
not click the ad, which can be represented as 0 (a user does
not click the ad) and 1 (the user clicks the ad). Thus, the
problem can also be seen as a binary classification [11]. In
addition, several recent works have exploited collaborative
filtering-based methods to rank the ads[1, 12], which is suit-
able in the competition. We have tried several approaches to
predict the CTR including the regression models, the clas-
sification models and the latent factor models, of which we
have selected some useful ones to introduce in Section 3.

The metric for the performance of the prediction is the Area
under an ROC Curve (AUC), which was proposed in [3].
The metric is concerned only about the CTR order of the
testing data, so we rank them instead of the real values of
their CTR. The AUC value will always be between 0 and 1.0,
and the random guessing for the ranking of the results will
produce AUC of 0.5, therefore our prediction results must
have an AUC score higher than 0.5.

At the Graduate University of Chinese Academy of Sciences,
three teams from different labs are engaged in this competi-
tion. Initially, different teams developed their models indi-
vidually. In order to avoid overlap between the teams, each
team needed to use some new features, which were different
from other teams. At the end of this competition, we used
the rank-based technique to blend the results from different
models. The ensemble result provided us with the 3rd place
on the private leaderboard in this competition.

Figure 1 shows the framework of our models. We first ex-
tracted and produced many descriptive features based on a
comprehensive feature engineering method. Then four mod-
els were applied to the training set by using the extract-
ed features. Finally, we proposed a rank-based ensemble
method, which normalized the results of the four models
and generated the final results.

The paper is structured as follows. In Section 2, we give an
overview about all the features we used in this competition.
Section 3 focuses on the individual models proposed by the
different teams, which include Bayesian probit regression,

latent factor model, support vector machine and maximum
likelihood estimation. In Section 4, the ensemble method is
presented. In Section 5, we discuss the contribution of each
model for the final performance, so that we can have a good
understanding of the importance of different features in the
training data as well as characteristics of each model. The
last section concludes the paper.

2. FEATURES

We propose to use two features for the models. The first
feature is directly extracted from the training data, which
we call the original features, while the second feature is the
synthetic features.

e Original Features: The original feature set contain-
s discrete features and continuous features. The dis-
crete features are the unique ID of each ad, advertiser,
query, keyword, title, description, token, user and the
gender and age of a user, the position of an ad and the
displayed url. The continuous features are the click-
through rates of each value of the discrete features, i.e.,
when a discrete feature is activated, the corresponding
click-through rate is also activated and adopted as a
continuous feature.

Synthetic Features: First, we join any two original dis-
crete features with each other and use them as synthet-
ic features. We also test some 3-tuple features but only
the tuple of QueryID_AdID_UserID is used, since most
3-tuple features are too sparse and seldom activated.
Second, we join the original discrete features with each
of the tokens. We further add the position information
to the original discrete features and 2-tuple features
to generate the position-based features. In addition,
the bigram features are also adopted for analyzing the
queries, titles and descriptions.

3. INDIVIDUAL METHODS

In this section, we present the individual models we use and
their leaderboard results respectively. Some other models,
like General Linear Regression, are omitted since they con-
tribute little to the final results.

3.1 Online Bayesian Probit Regression

The Online Bayesian Probit Regression was introduced by
the researchers of Microsoft [7]. It was used to predict the C-
TR of sponsored search advertising in the Bing search engine
and performed very well. The model is based on a probit
regression model that maps discrete or real-valued input fea-
tures to probabilities. It maintains Gaussian beliefs over the
weight of the model and performs Gaussian updates derived
from approximate message passing.

3.1.1 LDA Preprocess

The tokens in the training data are words and a string of
tokens can be treated as a document. Therefore, we use
the LDA (Latent Dirichlet Allocation) model [2], which was
introduced for the purpose of document modeling, to pre-
process the token files. We assume the following generative
process for a string of tokens d:



1. Choose 04 ~ Dir (a),a Dirichlet distribution with pa-
rameter a.

2. for each of the N tokens in d:
(a) Choose a topic z, ~ Multinomial (64), a muliti-
nomial distribution of parameter .

(b) Choose a token t,, from p (tn|2n, ), a multinomial
probability conditioned on the topic z,.

For corpus D of all strings of tokens, we can obtain the
probability:

M
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We use the Gibbs sampling method to infer and obtain a
parameter vector 04 for a string of tokens d. We use the
vector 0, as the features of the string of tokens d.

3.1.2  Features

We apply the LDA method described above to preprocess
the query tokens,the purchased keyword tokens and the ti-
tle tokens. In addition, the features like the IDs, the user
information and the similarities between the query and ad
are also included. We use three kinds of similarities: the
similarity between query and purchased keyword (simgq),
the similarity between query and ad title (simg ), and the
similarity between query and ad description (simg.aq). We
represent them by three 2-dimensional vectors:

(simg.r,1 — simg, )

(simge, 1 — simgy)

((stmgt,1 — simg+)

The final feature vector x is composed by many groups of

T
vectors: ® = (x1,x3,...,y) where
g, 1
5,2 M;
o= . | wy=1 (2)
i, M, J=1

3.1.3  Probability Model and Factor Graph

The Bayesian Probit Regression model is based on a gener-
alized model linear mode with a probit link function:

T

plole,w) =@ (L22) )

Here @ (t) = fioo./\/'(s;o7 1)ds is the standardized cumu-
lative Gaussian density (probit function) which serves as
the inverse link function mapping the output of the linear
model in (—oo0,00) to (0,1), where = denotes the feature
vector and w denotes weight vector. As the feature vec-
tor x is composed of many groups of vectors, the weight
vector is grouped according to the feature vector: w =
(w?,wg,...,w%)T y € {—1,41}, where —1 represents
a non-click, and +1 represents a click. The parameter 8 s-
cales the steepness of the inverse link function.

g

Figure 2: Factor graph model of Bayesian probit regression
with message flow.

In order to arrive at a Bayesian online learning algorithm,
based on the above model, the factorizing Gaussian prior
distribution over the weights of the model is postulated and
two latent variables s,t are introduced:

M;

p(w) = [[TIN(wigipis,0?5) (4)

s=w'x  p(s)=N <s|wTu, (:1:2)T 0'2> (5)

p(tls) =N (t;s,8°) (6)

pylt) =@ (y-t) (7

therefore,the joint density function p (y, t, s, w|x) can be fac-
torized as

p (y|t) p (t]s) p (s]z, w) p (w) (8)

This distribution can be understood in terms of the following
generative process, which is also reflected in the factor graph
in Figure 2:

e Factor N;;: Sample weight w; ; from the Gaussian
prior p (wij) = Nij (13, 0%5)-

e Factor g: Calculate the score s for @ as the inner prod-

uct wT such that s = wra.

e Factor h: Add zero-mean Gaussian noise to obtain t
from s,such that p (t[s) = N (t;s,8%).

e Factor ¢: Determine y by a threshold on the noisy
score t at zero, such that p (y|t) = @ (y - t).
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Figure 3: User Distribution by Query in the Training Set.

To calculate the posterior over weight w in factor graph Fig-
ure 2, expectation propagation, an approximation message
passing algorithm, is used. After derivation by using expec-
tation propagation,the posterior weight w = (ﬁ, 5’2) can be
calculated as:

2 T
~ Ti,j y-x p
Fi,j = fi,j + YTij - EJ v (72 > (9)

2 T
e Ji,' B
Grj =00, |1 =iy 22] 'w(y by N)} (10)

where:

=5+ (m2)T0'2 (11)

N (t;0,1)

=00/ =v(t)-[v(t)+t 12
v(0)= ot W =rO b+ 0
These equations lead to anatural online learning algorith-
m in which the parameter of the prior weight distribution
([L.O'z) are initialized to reflect any prior information. For

the first training example(z, y), the posterior parameter (}l, 52)

are calculated. After that, the previously obtained posteri-
or is used as the prior for the next update, i.e., p < @ and
o? « &*

3.1.4 Result

Using the features described in Section2, and applying them
to train the online Bayesian probit regression model. An
AUC of 0.7902 from the test data is achieved.

3.2 Support Vector Machine

As discussed in the introduction, the CTR prediction task
can also be formulated as a binary classification problem,
i.e., predicting whether a user will click the ad given the
features discussed in Section 2. In order to predict the click-
through rate of a specific advertisement, we can calculate the
click percentage of total impressions by predicting whether a
user will click the ad. We use SVMperf [8], an implementa-
tion that can optimize a number of multivariate performance
measures to train a binary classifier which incorporates the
AUC as optimization criterion. We select a subset of the
features discussed in Section 2 for the classification model

Table 1: Data Analysis of Training and Testing Data

|| in training set | not in training set |

User ID cst = 57.72%
in testing 1379733 1883948
not in testing 20643814 0
Query 1D csr = 55.79%
in testing 1680669 2121309
not in testing 22441407 0
Ad ID cst = 9.62%
in testing 271159 28853
not in testing 370548 0
Advertiser ID csr = 3.62%
in testing 10753 404
not in testing 4094 0
Keyword ID csr = 12.45%
in testing 433744 61677
not in testing 754345 0
Display URL csr = 4.23%
in testing 16943 749
not in testing 9330 0
Description ID cst = 24.19%
in testing 744419 237566
not in testing 2189682 0
Title ID cst = 27.99%
in testing 947049 315449
not in testing 2788747 0

including discrete features and continuous features.

When training the model, we find that it takes a long time
to converge as the data size is quite large. So we propose
to use a filter to accelerate the training process. First we
perform a comprehensive data analysis on the datasets. Ta-
ble 1 depicts some of the results and the corresponding cold
start ratios for each feature. In Table 1, csr denotes the
cold start rate of each feature, and the entries represent the
number of the data which occurs or does not occur in the
training/testing set. Figure 3 depicts the query number dis-
tribution against users. We can see that the distribution is
heavy tailed, and so are the distributions of other features
like impressions and the term frequency of queries. Based
on the analysis in Table 1 and Figure 3, we use a simple
filter for feature selection. It filters out features that do not
exist in the testing set and the features with low frequency
(that occurred less than 20 times).

Our experiments show that these two strategies can ef-
fectively speed up the training process of the classification
model without loss of performance.

In addition, we use a linear kernel and randomly separate the
training data into 10 parts to train 10 models independently,
due to the huge size of training set and large requirement
of memory usage by SVMperf. Finally we use the average
score from the predictions of 10 models as our final result.

When using SVMperf, we find that using UserIDs as binary
features can cause severe over fittings. Therefore we remove
user features from our original model and simply multiply
the average click rate of each user to the prediction score of



our final model. If a user never clicks any advertisement,
we multiply a score of 0.015 for smoothing. This simple
strategy is quite robust and can approximately improve our
leaderboard score by 0.007.

3.3 Latent Factor Model

Latent Factor Model [9] and its variances are probably the
most popular collaborative technique that demonstrates a
significant performance in rating prediction of the recom-
mendation task. In Latent Factor Model, both users and
items are projected to a latent factor space of dimension K;
and the prediction is computed by the dot product of the us-
er latent feature vector p,, and the item latent feature vector

qi,
Tui = Duli (13)

where p,, and g¢; can be learned by minimizing the following
loss function via stochastic gradient descent:

miny (rui = o) + Allpall* + llal*) (14)

CTR prediction can also be converted to a rating prediction
problem, if a user clicks an ad, we can map the user and
the ad into a latent factor space. We have more information
about the ad and user, such as the user’s demographic and
the ad’s title, description, advertiser and query. Thus, we
use a Feature-based Latent Factor Model, just like SVDFea-
ture [4], where we project the user and ad features into latent
factor space and all the features we use are the discrete user
and ad features described above.

For the tokens, we select top N tokens for each ad via TF-
IDF. For the many new users appear in the test dataset, we
map the user’s demographical information like the age and
gender into the latent factor space to describe this kind of
users. Like the Latent Factor Model, we add these bias for
each feature. The exact model is as follows:

roi=pt Y bt Y b +(D ] an) (Y pr,) (15)

fi€F; fu€Fy fi€F; fu€Fy

F; indicates the set of all ad features while F}, is the set of all
user features. Similarly, we can learn the parameters by us-
ing stochastic gradient descent optimization to minimize the
quadratic loss function (See equation 16), and the complex-
ity of this model is linear with the number of impressions.

T=miny (rui—ra)? + MY bpll?+ D [bsll?

fi€F; fu€Fy

+ > Masdl®+ Y lpsdl®) (16)

fi€F; fu€Fy

In our experiment, we can get 0.771 on the leader board; all
the tunable parameters we use are listed below:

e Learning rate decay (0.9)

e Learning rate (5e-3)

Weight factor (1e-3)

Iterations (50)

3.4 Feature-Based Maximum Likelihood Es-

timation
In order to fully exploit the big training set, we propose to
use the Maximum Likelihood Estimation (MLE) to model
the distributions of different features, i.e., we compute the
click-through rates for each of the features. For MLE, we use
the original discrete features, 2-tuple features and position-
based features.

Since the click-through rate (CTR) of ads decreases sig-
nificantly according to its positions, we used a position-
normalized statistic to account for this position bias known
as clicks over expected clicks (COEC)[5]:

> Cr
S E i, x CTR,

r=1

COEC = (17
The numerator is the total number of clicks received by a
feature variable and the denominator can be interpreted as
the expected clicks that an average ad would receive after
being impressed i, times at rank r, and CT R, is the average
CTR for each position in the result page(up to R).

When estimating the click-through rate of a new instance,
we first retrieve the CTR for each feature of it, and assemble
them to produce the estimated results. In addition, we pro-
pose some penalty rules to revise the results. The ensemble
method and the penalty rules are discussed below.

3.4.1 Weighted Ensemble of Individual Features
Given all the features, our goal is to get the click-through
rate of each feature. We use f; to denote feature i, and use
fctri to denote the click-through rate of f;. Based on the
basic intuition of maximum likelihood estimation, it is esti-
mated by computing the percentage of the positive instances
in all the instances that contain f;. By individually using
the features, we can get an AUC value for each feature on
the validation set. The AUC value w; is then used as the
fi’s weight.

In order to leverage the position information, we separately
calculate the click-through rate fctr according to their po-
sitions as follows:

fetri; = fetr; x % (18)

r=1 T
where fctr;,; is the feature click-through rate of the feature
i at the position of j and fctr; is the click-through rate of
the feature i. CTR; denotes the click-through rate of the
ads which has the position of j and R is the set of positions.

When predicting the click-through rate of a test instance, we
first produce the feature set of it. Assuming that F' is the
collection of the instance’s features, the click-through rate
is estimated as follows:

|F|

CTR =" (fctr; x w;) (19)

i=1

3.4.2  Penalty Rules



Gender

P Unknown Male Female Total
(0, 12] 0.041684 0.041937 0.041666 0.041802
(12, 18] 0.044643 0.043964 0.041407 0.042994
(18, 24] 0.042368 0.039424 0.042508 0.040824
(24, 30] 0.041116 | 0.037291| 0.042872 0.039807
(30, 40] 0.041385 0.042602 0.047287 0.044667
(40, inf) 0.044224 0.047588 0.052256 0.049530

Total 0.041970 0.040973 0.043735 0.042173

Figure 4: The average CTR of different users.

In order to improve the prediction ability of MLE, we an-
alyze the training set. Figure 4 depicts the average click-
through rate of different users. The color means the user
density of each entry, e.g., the users who are male and are
between 24 and 30 years old occupy the largest share among
all users. By further analyzing the unknown users, we find
that the users with their ID equal to 0 have an average C-
TR of 0.024926, while that of the others is 0.038308. Based
on the above observations, we find that when some specif-
ic pattern occurs, the click-through rate drops dramatically.
Thus, we obtain some penalty rules to leverage the observa-
tions.

We name these patterns as penalty patterns and there are
two kinds of penalty patterns which are described below.

e Null User Pattern: By analyzing the training dataset,
we find the CTR of the instances which contains a null
user, i.e., the users with an ID as zero, are much lower
than the others.

e User Ad Query (UAQ) Pattern: By analyzing the train-
ing dataset, we find that for a specific kind of 3-tuple
feature User_Ad_Query, when the CTR of which is
less than the threshold, the instances which contain
them have a lower click-through rate.

For those instances that contain any penalty rules, the click-
through rates are post-processed as follows, where C'TR de-
notes the original CTR and CTR’ denotes the new CTR.
#I1M P represents the number of impressions of the corre-
sponding patterns which activates the postprocess.

CTR

CTR = log(AIMP) 11 (20)

4. RANK-BASED BLENDING

In order to leverage the results of the individual models dis-
cussed in Section 3, an ensemble method is introduced to
combine them, which is similar to the rank fusion method
proposed in [6] and the voting method Borda Count. It is
easy to combine the results by linearly ensembling all the re-
sults. The ensemble results, however, are not good enough.
Because of the following two reasons which may bring in
noise. The first reason is that for a given model, the differ-
ences of the predicted click-through rate (pCTR) between
different instances are small, which means an outlier may
affect the final ranking if the results are linearly combined.
The second observation is that some models have a higher

Table 2: The results and improvement ratio on the
public leaderboard of the blending model and the
individual models.

Result | Ratio
BPR 0.7902 | 1.6705%
SVM 0.7865 | 2.1488%
LFM 0.7710 | 4.2023%
MLE 0.7924 | 1.3882%
BLENDING | 0.8034 | 0.0%

sum of overall pCTR than other models. This may result in
some models that are much more influential than others and
even dominate the final results. In order to solve the prob-
lems, we propose a pCTR blending method for tackling the
outlier problem and the imbalance between different individ-
ual models. The blending method is based on the ranking
of pCTR.

Assuming that rank is the rank number of an instance by
ranking all of them in a descending order, thus, the instances
with a higher CTR prediction results will get a larger rank.
By using the ranking scheme, the differences between the
prediction results and the contributions of different models
are normalized, thus easing the influence of outliers. The
ranking scheme has a 0.00493 improvement on the leader
board.

Finally, we propose to use the harmonic mean to ensemble
the results generated by individual models as follows, which
generates the final blending submission:

m
ok T T ranE

rankmy, (1)

rank;

z)+

rankl (

L (21)

m [ —
j= 1Tank()

'rank2 (z

By using the harmonic mean, our result on the leaderboard
increases to 0.00042 and the ensemble method improves by
about 0.013 on average over the individual models on the
leaderboard. Table 2 illustrates the results of the individual
models on the public leaderboard and the column of Ratio
denotes the improvement ratio of the blending model.

5. CONCLUSION

In this paper, we discuss our approach to KDD Cup 2012,
track 2. As the data size is quite large, our basic intuition is
to try different methods to better model the user click be-
haviors. We proposed to use four individual models and each
of them performs well on the prediction task. In the final
ensemble for private leaderboard, we selected three models
including BPR, SVM and MLE since blending Latent Factor
Model caused a loss on the public leaderboard. We further
proposed a rank-based ensemble method to blend the indi-
vidual models.
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