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Abstract—Personalizing the analysis for web search potentially improves the search experience. A good analytical model for web
search should leverage not only collective wisdom but also individual characteristics. Most of the existing analytical models, however,
such as the click graph and its variants, focus on how to utilize the collective wisdom, from a crowd, for instance. In this paper, we
address the problem of user-specific web search analysis by considering the so-called burstiness in web search, which captures the
behavior of rare words appearing many times in a single document. We go beyond click graph and propose two probabilistic topic
models, namely, Topic Independence Model and Topic Dependence Model. The former adopts the assumption that the generation of
query terms and URLs are topically independent, and the latter captures the coupling between search queries and URLs. We also
capture the temporal burstiness of topics by utilizing the continuous Beta distribution. Based on the two proposed models, we propose
a novel burstiness-aware search topic rank. Through a large-scale analysis of a real-life search query log, we observe that each user’s
web search trail enjoys multiple kinds of user-based unique characteristics. On a massive search query log, the new models achieve a
better held-out likelihood than standard LDA, DCMLDA and TOT, and they can also effectively reveal the latent evolution of topics on

the corpus level and user-based level.

Index Terms—web search, burstiness, topic model, temporal topic modeling

1 INTRODUCTION

WEB search analysis has been recognized as one of
the centric issues in the past decades. It has been
noticed for a long period that the word frequencies in
natural languages are roughly inversely a proportion to
their rank in the frequency table and therefore, follow a
power-law distribution. The distribution was called word
burstiness in the context of language models [1]. It has
since been discovered that there are many natural and
man made quantities that demonstrate such burstiness phe-
nomenon, such as in financial realm, gene expression and
computer vision data [2]. Now web search has become an
indispensable part of people’s daily life, and the search
queries that the user submits have become a huge pool of
human knowledge [3], [4], which demonstrate its unique
characteristics against natural language used in other digital
formats such as articles, microblog, etc. However, with the
importance of web search analysis and its clear uniqueness
among other natural-language-based text, very few work
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has been done to analyze the burstiness phenomenon in web
search behaviors. In this paper, we systematically analyze
three kinds of burstiness phenomenon in web search and
proposed different probabilistic topic models to utilize the
burstiness phenomenon. Although models like DCM [5] and
DCMLDA [2] have been proposed to model the word bursti-
ness in general documents, they are not good candidates
to model the web search behaviors. The reason is that the
individual web search trail has two different components,
one is query term and the other is URLs- this is totally
different from natural language.

In this paper, we systematically study the burstiness
phenomenon in web search via analyzing search query log.
In particular, we categorized the burstiness phenomenon
into three types, namely, ‘meta-word burstiness’, ‘query term
burstiness’ and ‘URL burstiness’, and present probabilistic
models that are far better suited for representing search
query log and capture multiple domain characteristics. The
models we proposed are quite different in nature: the TIM
is a one-stage model and the burstiness information is
essentially stored in the skewed Dirichlet priors. The second
model TDM captures the coupling between queries and
URLs. Finally, we propose two variants TIM-T and TDM-
T to enable the proposed models to capture the temporal
burstiness. After comparing the proposed models with tra-
ditional topic models, we get a conclusion that the proposed
models perform more effectively in a huge number of real
query log. Based on the conference version of this paper
[6], we propose burstiness-aware search topic rank with
TIM and TDM. We compare the topic distances with LDA,
DCMLDA and TOT, and rank the significance of discovered
search topics. Detailed result and discussion are available in
Section 5.
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We summarize our contributions in the following three
aspects,

e We propose two models, TIM and TDM, to capture
the multifaceted burstiness in web search the tem-
poral burstiness via Beta distribution, which fills the
gap of word burstiness and user behavioral analysis
in web search.

e We propose a novel burstiness-aware method for
search topic rank based on TIM and TDM, which
achieves better performance in KL divergence com-
pared with existing topic models.

o We experiment with and analyze competing models
under different metrics.

We organize the rest of the paper with the following
six sections. In Section 2 we present some related research
work. In Section 3, we present the burstiness phenomenon
of web search through empirical study. In Section 4, we
formulate two user-based probability topic models and their
temporal variants. In Section 5, we propose the burstiness-
aware topic rank with TIM and TDM with hyper parameter
estimation. The experiments are demonstrated in Section 6.
Finally, Section 7 conclude this work and indicate the further
direction.

2 RELATED WORK

The topic modeling approach plays a significant role in
latent knowledge exploration and becomes more and more
popular in data mining. In order to find out the latent
topics of the document. Blei et al. [7] proposed Latent
Dirichlet Allocation(LDA). LDA have been widely used in
both academia and industry. Many variants of LDA also
performed quite so good on its area, such as twitter analysis
[8], [9], [10], digital articles [11], [12], [13], and web search
query log analysis [14], [15], [16], [17], [18]. But LDA and
its variants can’t capture the burstiness in article. Madsen et
al. [5] proposed the Dirichlet compound multinomial model
(DCM). DCM can alternate multinomial distribution in cap-
turing burstiness, but it can not find out the topic. Elkan [19]
proposed the mixture of DCM distribution. This model can
model a document that contains words with same topic, but
when there exists words with different topics in a document,
it can not work very well. Sunehag [1] separated the two-
stage conditional presence/abundance issue by utilizing a
framework. Doyle et al. [2] proposed DCMLDA model,
which combines the extend DCM model and LDA, and it
is used for capturing word burstiness. Lappas ef al. [20]
proposed that with the increment of timestamped data col-
lections, such as digitized periodicals, web news and blogs,
it becomes more and more important to efficiently index
and search these collections. Now, the research about term
burstiness has been recognized as a standard mechanism to
address event detection in the context of such collections.
Sato et al. [21] proposed the PY topic model. This model
adopts the Pitman-Yor(PY) process. The major distribution
of PY process is that can get the power-law distribution of
words and the various topics presence.

According to the description above, most of works focus
on modeling homogenous items. In order to model web
search query log, many works have been done in the last few

TABLE 1
Distribution Comparison

Common | Average Rare
Articles(V) 1.5% 9.3% 89.2%
Log(V-W) 0.0453% | 0.5705% | 99.3762%
Log(V-Term) | 0.0806% | 0.7479% | 99.1715%
Log(V-URL) | 0.1094% | 1.8152% | 98.0754%
Articles(E) 73% 21% 6%
Log(E-W) 32.64% 29.08% 38.28%
Log(E-Term) 34.09% 32.61% 33.30%
Log(E-URL) 30.74% 22.03 % 47.23%

years. Boldi et al. [22] proposed the query-flow graph, which
presents the key information of latent search conduct. Fux-
man et al. [23] analyzed the relation between search queries
and URLs. Di et al. [24] analyze the limitations of click graph
[25] and proposed three new perspectives of probabilistic
topic models. These three models can successfully find the
search topic models, as well as the relation of query terms
and clicked URLs. However as the most extended LDA
models, these models also can not capture the burstiness
of web search query log.

Burstiness information plays a significant role in improv-
ing the performance of search personalization [26], [27]. In
this paper, our goal is to improve the performance of search
process by analyzing burstiness information. We accept the
discrepancy theory concepts to model the query terms and
URLs burstiness.

3 USER-BASED EMPIRICAL ANALYSIS

In this section, we empirically analyze the burstiness of web
search behaviors. In this experiments, we utilize the search
query log data set from a major commercial search engine.

The user-based web search burstiness aims to model
the slang of each search engine user’s search behavior. For
example, in order to express the same information, some
user tend to use the term football while others may use the
term soccer. Moreover, search query log contain abundance
of URL information, which is not independent from the
corresponding query terms, i.e., the burstiness of query term
may result in the burstiness of clicked URLs.

In order to evaluate the user-based burstiness, we first
organize the search query log entries on a user basis. We
then regard both query term and URL as meta-word. Figure
1(a) shows the probability that a word occurs in a document
x times. According to the appearance frequency of meta
words we split them into three categories-common, average
and rare. The first 500 frequent words are named as common
words, which represent 0.0453% of the words and 32.64%
of the emission. The 501-5500 words represent 0.5705% of
the vocabularies and 29.08% of the emission. The rest of
vocabularies are rare words, they represent rest 99.3762%
words and account for 38.28% of the emissions. In Figures
1(b) and 1(c), we present the results of similar experiments
conducted on query terms and URLs, respectively. From
Table 1, we observe that, comparing with the result on
industry sector corpus reported in [5], web search enjoys
much more rare meta-words that take up a much larger pro-
portion of the emissions. Since the widely used multinomial
distribution can only correctly model the common words,
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Fig. 1. The Phenomenon of User-based Web Search Burstiness

the phenomena mentioned above suggests the necessity of
capturing burstiness in web search.

In Figure 1, we should notice that the probability of
common meta-words is higher than average words and rare
words. The decay rate of rare meta-words is lower than com-
mon meta-words and average meta-words, although their
curves are parallel. As for rare meta-words, once a meta-
word has appeared, the probability that the meta-word
occurs many times is higher than the common meta-words
and average meta-words. If we unify query terms and URLs
as words, it seems that URLs will be overwhelmed by query
terms. Moreover, we observe that query terms and URLs
have very clear difference. The phenomenon indicates that
query terms and URLs should be modeled separately.

4 USER-CENTRIC PROBABILISTIC TOPIC MODELS

In this section, we propose a series of topic models to
capture the web search burstiness. The models have the
following desiderata:

o The burstiness of search query terms and URLs, are
modeled separately.

e Web search characteristics, query terms, URLs and
sessions are all taken into consideration. A search
session refers to users submitted some queries for
satisfying that same query need in a time period.

In Section 4.1, we present the Topic Independence Model
(TIM) to capture the burstiness of query terms and URLs
by two sets of Dirichlet priors. In Section 4.2, we introduce
the Topic Dependence Model (TDM), which captures the
relation between query terms and URLs. In Section 4.3, we
discuss the strategy of enabling TIM and TDM to capture
the temporal burstiness.

4.1

A search engine user has many different search topics.
Therefore, our model must allow a single document to have
multiple topics, and account for search burstiness by making
the topics and document-specific. For simplicity, TIM adopt
an assumption that the generation of query terms and URLs
are topically independent, which is shown in the graphical
model in Figure 2(a).

Algorithm 1 presents the generative process of TIM. At
first, for each document, we draw a document-specific mix

Topical Independence Model (TIM)

Query term occurs exactly x times in a user's search query log

(b) Counting probabilities of query terms
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URL occurs exactly x times in a user's search query log

(c) Counting probabilities of URLs

TABLE 2
Notations for web search analysis

Notation =~ Meaning

D the number of meta documents

K the number of search topics

z a topic

w a query term

u a URL

0% multinomial distribution over topics
ow multinomial distribution over query terms (TUM)
o multinomial distribution over URLs

T Beta distribution over timestamps

a Dirichlet prior vector for 6%

B Dirichlet prior vector for 6%

0 Dirichlet prior vector for 6%

P binomial distribution over clickthrough
X binomial indicator of clickthrough

2z the topic of the ith section

Z_; the topics of the sessions except the ith
w query-term list representation of the corpus
u URL list representation of the corpus
Cr,d the number of sessions that are assigned to topic k
in document d
Cw,k,d  the number of times that query term w is assigned
to topic k in document d
Cuk,d the number of times that URL u is assigned to topic
k in document d
Cq,z,u the number of clicks ¢ upon URL u of topic z
Saq the number of sessions in document d
Ws.d the number of unique meta-words / query terms
Ts.a the number of unique timestamps in session s of
document d
Ny s,d the number of query term w in session s of docu-
ment d
Ny s.d the number of ULR w in session s of document d
Nios,a the number of timestamp ¢ in session s of docu-
ment d
Nuw,s the number of query term w in session s
Nuy,s the number of URL u in session s

05 over topics that is drown from a symmetric Dirichlet
prior « (Line 1 2). Then in the document d, the distribution
of word 6}, and the URL distribution 6}}; are drawn from
symmetric dirichlet prior 5, and v, (Line 4 5). Because
a session is related to the same search topic, a topic z is
session-specific and drawn from 67%. Next, in each session,

', is a multinomial distribution based on the search topic
z and the document d (Line 8 9). The binomial distribution
X is the indicator to check whether users click the URL in
a search session (Line 10). X = 1 means that there exists
clickthrough and the URL are drawn from 6%, based on
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Algorithm 1 Generative Process of TIM

1: for documentd € 1,..., D do
2:  draw d s topic distribution 83 ~ Dirichlet(«);

3: fortopick €1,..., K do
4: draw a word distribution 6;;; ~ Dirichlet(8x);
5: draw a URL distribution 6}; ~ Dirichlet(dx);
6: end for
7:  for each session s in d do
8: choose a topic z ~ Multinomial(63);
9: generate words w ~ Multinomial(63});
10: draw X ~ Binomial(p);
11: if X =1 then
12: generate URLs u ~ Multinomial(07,);
13: end if
14:  end for
15: end for

the search topic z and the document d. Finally, each word
w and URL u(if any) are selected by the preference of the
document-topic 2z, and the topic-word w and topic-URL
u(if any) (Line 12). The parameters 8 and 7 are document
specific so that the TIM captures the burstiness of query
terms as well as URLs for each user.

The method of Gibbs sampling [28] for TIM is similar to
LDA. The complete likelihood is calculated as follow:

P(ulz,v)P(w|z, 5)P(z|q). 00

The probability P(P(z|a)) is the same as that in LDA:
F(Z —10)

ey i

The probability P(w|z,3) is the same as that in

DCMLDA:
w 1 (Bk,w) F(zw I(Nd,k,w + ,Bk,w))

D K
P(wlz, ) = UH
- 3)

If users didn’t click any URLSs in the session, the condi-
tional probability of the kth topic for the ith session is:

P(W7 u7z‘a7 /87 fY) =

Ndz +az)

P(zla) = (75— 1(Ndz+az))

@

w 1 Brw) HZJV:l I'(Na,kw + Brw)

Cr,a + ax
1 (Crra + awr)

I'(Cr,w,d + Buw,k + Nijw)
I'(Criw,d + Buw) '

P(zi - k|X1 = O>Z7i7w7u7a7677) X

D1 (Crwd + Buk)) ﬁ
F(Zt‘zl(ck,w,d + Bw,k + Nz,w)) w=1
4)

When there is clickthrough in the session, the conditional
probability of the kth topic for the ith session is:

Cr,a + ak
S et (Crra + anr)

P(Zz = k|X1 = ].,Zfi,Wﬂ.l,Oé,ﬁfY) X
F(Zw 1(Ckwd+ﬁw k)) F(Ck,w,d+ﬁw,k +N2,w)
F(szl(ck,w,d + ,Bw + Ni,w)) we1

- I'(Crw,d + Buw,k)
(Y (Crua + k) 17 D(Chid + Yuk + Niww)
F(fozl(ck,u,d + Yur + Niw)) 05

L(Cku,d + Yu,k)
(5)

4.2 Topical Dependence Model (TDM)

What makes the problem more complicated is the fact that
query terms and URLs are closely coupled via the search
engine, clicked URLs is raised by the corresponding query
terms. In the case of web search, the URLs are the results
of submitting queries to the search engine. Thus, URLs
and search queries are coupled. Consequently, we introduce
the variable A,  ,, to represent the query-URL multinomial
whose prior is denoted by vy, and depict the relation between
query and URL. Since the query-URL multinomial can be
easily obtained via the widely used click graph. We denote
TDM utilize the global bipartite as TDM-G. Since we want
to investigate whether focus on the user-centric information
can boost the performance of topic modeling. We also build
user-based query-URL bipartite and denote TDM utilizes
the user-based query-URL multinomial as TDM-U.

Algorithm 2 presents the generative process of TDM,
which is similar to the TIM. The key difference between
them is that when (X = 1), the URL is recognized by its
search topic z and related query ¢ rather than document d
in TIM(Line 12 13).

The joint likelihood of generating the query items and
URLs is as follows:

P(w,u,z|a, 8,7) = P(u|z,w,v)P(w|z, 8)P(z|a). (6)

In TDM, P(z|a) and P(w|z,3) are the same as TIM. The
major distinction between them is that the generation of

URL u is decided by the search topic z and the matching
query q. Because the query item w and URL u are related in



Algorithm 2 Generative Process of TDM

Algorithm 3 Including Temporal Information

1: for documentd € 1,..., D do

2:  draw d s topic distribution 63 ~ Dirichlet(«);
3: fortopicke€l,..,K do
4 draw a word distribution 6}, ~ Dirichlet(8%);
5: draw a URL distribution 6}, ~ Dirichlet(dx);
6: end for
7. for each session s in d do
8: choose a topic z ~ Multinomial(63);
9: generate words w ~ Multinomial(6%;);

10: for all ¢ € s do

11: draw X ~ Binomial(p);

12: if X =1 then

13: generate URL u ~ Multinomial (6, );

14: end if

15: end for

16:  end for

17: end for

the given search topic.
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When X = 1, the conditional probability of the kth topic
for the ith session is the same with TIM. But if there
exists clickthrough the conditional probability is defined as

follows:
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4.3

Another phenomenon in web search is the temporal bursti-
ness. Figure 3 presents the phenomenon of the user’s time-
based web search burstiness. A user tends to intensively
search some content within a short time period.Therefore,
we assume that each user’s search trail has a temporal
burstiness, which is embodied by the timestamps associated
with each query. Since it is tricky to determine the temporal
granularity, the temporal burstiness of topics can be cap-
tured by a continuous Beta distribution. In this case, we can
make each topic’s temporal prominence on the corpus level
(which is denoted as X-TG) as well as user-based (which is
denoted as X-TU).

By introducing the Beta distribution, we enable a topic
to be more likely to appear within a short time period.
Since the topic-term multinomial distribution is fixed (as for
each user), the terms that exist in the topic will demonstrate

Including Temporal Information

1: the same as the original model

2: for each session s in d do

3:  choose a topic z ~ Multinomial(67);

4:  generate timestamps ¢ ~ Beta(7.) (X-TG) or ¢t ~ Beta(74.)

(X-TU)
5:  the same as the original model
6: end for

burstiness. We observe that the burstiness phenomenon can
be observed on the day level as well as the hour level, which
suggests that a model that do not needs the discretization is
preferable.

Based on TIM and TDM model, Algorithm 3 gives the
main generative process of temporal information. Within a
session, for the temporal prominence on the corpus level,
the timestamps are drown from a Beta distribution 7,(X-
TG) based on the search topic z, and for the temporal
prominence on the user-based level, the timestamps are
drown from a Beta distribution 7,4,(X-TU) based on the
session topic z and the document d (Line 4).

In order to implement Gibbs sampling for TIM-T and
A TDM-T, we proposed a condensed inference method for
their sampling, which is similar to the Gibbs sampling in
DCMLDA. We also calculate the complete likelihood of the
model:

P(w,u,t,z|a, 3,7,7) = P(t|z,7)P(ulz,v)P(w|z, ) P(z|a).
©)
When the temporal prominence on the corpus level, the
generative process of timestamp and the temporal param-
eters update rules are the same as TOT. But if the temporal
prominence on the user-based level, the generative process
of timestamp will be different. For TIM and TDM, when
there exists no clickthrough, after combining terms, the
conditional probability of the kth topic for the ith session
is defined as 10:
P(zi =k|X; =0,z2_5,w,u,q, 3,7,7) x
H 1,t )‘de 1t7'dk2 1 Ck,d+()ék
e o1 (Crra + aw)

(Zt:1(0k,w,d + Buw.k)) IV_V[ I'(Cr,w,d + Buw,k + Nijw)
F(ZZ1(Ck,U),d + Bw,k + Nz,w)) w=—1 F(Ck,w,d + ﬂw)

B(Tak1, Tde)

(10)
For TIM when there exists clickthrough, after combining
terms, the conditional probability of the kth topic for the
ith session is defined as follows:

(Zz' = k|X =1 yZ_i, W, u,a,ﬂ,’y,T) S8
Cr,a+ oy,

T
1;[ S (Crra + o)

F(Zw 1(Ck7ﬂd+5w k)) ﬁ F(Ck,w,d+ﬁw,k+Ni,w)
F(Zw_ (Ckw +5w + N; w)) w=1 F(Ck,w,d‘i'ﬂw,k)

(X (Crad + Yuk)) ﬁ L(Chud + Yuk + Nivu)
F(Zgzl (Ck,u,d + Yu,k + N?,u)) u=1 F(Ck-r“vd + ’Yu,k)

(1)

For TDM when there exists clickthrough, after combining

terms, the conditional probability of the kth topic for the ith

1—¢, )Tdkl 1t7'dk2 1

Tdkl;Tde)
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Fig. 3. The Phenomenon of the User’s Time-based Web Search Burstiness

session is defined as follows:
P(zi=k|X;i =1z, w,t,u,q,0,v,7) x
T 1 — ¢ )Tdkl—lt}'de_l

I
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5.1 Parameter Estimation For TIM and TDM

The complete likelihood of TIM p(w, u, z|c, B,7) is com-
puted as follows,

F(Ck,uud + ﬁw,k + Ni,w)

F(thl(chw}d + BwﬁkD lm_/[
D(L1 (Crowd + Buk + Niw)) o=
P(Zg=1(cq,z,u + qu,u))

F(Ck,w,d + 511))

F(Cq,z,u + ’Yq,u + Ni,u)

I1

u<—q

=

q€s; P uz1(Cozu + Ygu + Niw))

(12)

We utilize follow equations to update temporal parame-
ters:

= tar(l—tq,
Tkl = td,k(M - 1), (13)
Sd.k
- tar(l —tg
rars = (1 _td’k)(M _ ), (14)
Sa.k

where t, is the mean of sampling, and s2, denote the
biased sample variance of topic z’s timestamps in document
d.

5 BURSTINESS-AWARE SEARCH ToPic RANK

In this section, we introduce our burstiness-aware search
topic rank with TIM and TDM. Search Topic Rank is an
effective method to verify the importance of discovered
topic. We successfully apply KL-divergence to compare their
topic distances of TIM and TDM with some commonly
recognized baselines, and then rank the significance of dis-
covered search topics. Notice that the hyper parameters of
TIM and TDM need to be learned. Similar to DCMLDA, 8%
and 6% in TIM and TDM relates to the values § and - in the
models, respectively.

F<Cq,z>u + Yu)

. P30 o) | TTaey Tlmak + o)
P(w,u,z|a,B8,v) = 74 74

( [ 8,7) 1;[(( [Ti—: T(ax) )F(Zk:1(md,k + ax))
H( ’Ll) lﬁ"Uk)) HW F(Nkwd+,6wk)

ak > oy T(Buwk) " T(Z0_ ) (New.a + Buk))

(F(ij:l ’Yu,k)) Hu:l I'(Ngu,d + Yu,k) )
[To: Tvuk) Ty (Nkjua + Yuk))

(15)

The complete likelihood of TDM p(w,u, z|a, 5,7) is
computed as follows,

szl L'(ma,k + o)
DT r (mak + ax))
I'(Nijw,d + Buw,k)

Dy o)
H((Hf 1 (ak))

P(w7 u? Z|a7 67 ’y) =

)

=1

il ) 1ﬂ( ) (ZW 1(Nkw,d + Bu,k))
K Q U

(Z 5 ) Hu:l F(Nq,k,u + 'Yqﬂz)
1};[1 ql:[l <( Hg:1 F('Yq,u) ) P(zgﬂ(]quk,u + ’Yqyu)))

(16)
The complete likelihood of TIM-T p(w,u,t, z|a, 8,7, T)



is computed as follows,

w. .zl _ (3 e an), Ty T(Nka + ax)

Plw.wzles 6.9) 1;[(( fey D) "Iy (Nia + ax))
Hl‘izvzl F(Nw,k,d + ﬁw,k)
F(Zg/:l(Nw,k,d + Buw,k))

P(ZZJV:1 5w,k)
H (( I, F(ﬁw,k))

D(X ey Yuuk)

( ) H5:1 D(Nu,k,d + Yu,k) )
H5:1 F(’Yu,k) F(25:1(Nuqk7d + Yu,k))
[T p(tasilzar.)

d,s,i

(17)
The complete likelihood of TDM-T p(w, u, t, z|c, 8,7, T)
is computed as follows,

D3y o) [Ty DOmak + ak)
];[(( Hf:1 (o) )F(Zsz1(md,k + ax))
P( s Bur)\ Ty T(NVew,a + Buk)
g (( HwW:I F(ﬁw,k) )F(Zyzl(Nk,w,d + ,Bw,k)))
s F(25:1 dq,u) Hg:1 T'(Ng,k,u + Ya,u)
ZHI (11:[1 (( ngl I'(vg.u) ) F(Zgzl(Nq,k,u + ’Yq,u)))

1 p(tasilrar.)

P(W,u,Z|O¢,ﬁ,"}/,T) =

&

[

;8,1

(18)
It can be further converted to log-likelihood as follows,

o = Z(log D(N.k,a + o) — logI'(ax))

4k
’ (19)
+ Z(log I‘(Z ay) — log F(Z N.g,a+ag))
d k k
B = > (10T (Nuy kg + Buk) — 1og T (Buk))
d,k,w (20)
+> (10gT(> " Buk) =108 T Nuka + Buk))
d,k w w
For the non-coupling formula,
Ve = (108 T(Nuk,a + k) —log D (k)
d,k,u (21)
+ > (108 T(> " Yuk) =108 Nua + Yuk))
d,k u u
For the coupling formula,
Vo= 3 (108D (Noku +7a) — log T(30,0))
ok (22)

+ ) (10gT(> vgu) =108 T Nykw +Yau))
q,k u u

The above equations 19, 20, 21 and 22 define vectors,
o, Bk, v.r and 7y 4 respectively. The maximization is im-
plemented by BFGS with limited memory, as detailed in
Algorithm 4.

5.2 Burstiness-Aware Search Topic Rank

We define a background distribution as the insignificant
topics. Loulwah [29] proposed that a topic can not have a
clear and certain identity, if it is used to generate words
in an extensive documents, or the documents in excessive
case. The beat choice of the background terms are the topics
that are irrelevant to the document. For each document,

Algorithm 4 Single-Sample Monte Carlo EM

1: start with initial ., 8.. and 9..;

2: repeat

3:  Run Gibbs sampling to steady-state;

4:  Choose a specific topic assignment for each word using
Gibbs sampling

Choose a., £.. and d.. to maximize complete likelihood
p(w7 u? t7 Z‘a7 5’ 67 T)

6: until Convergence of ., 5.. and 6..
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Fig. 4. The KL-divergence of different models

the probability of background topic is equal. So, under the
background topic §%-%, Equation 23 gives the probability of
each document d,,,.

1
p(d|0“8) = o form € {1,2,..., D}. (23)

We get a topic vector (07, 07,, ..., 0,). Thus, the probabil-
ity of the kth search topic for the ith user can be described
like this:

6= ok (24)
YOSl

The distance between the discovered topic and the back-
ground topic represents the significance of the discovered
topic. Following [30], in our experiments, we utilize the KL-
divergence to measure the distance between background
topic and the discovered topics from proposed models. If
a document carries more discovered topics and less “back-
ground” topics, the value of KL-divergence will be high.
The average KL-distance of search topics is shown in Figure
5. We find that in any different number of search topics,
the KL-divergence of TDM and TIM are both higher than
the three baselines LDA, DCMLDA and TOT. This result is
coherent with our expectation that TIM and TDM are useful
for finding some burstiness and temporal issues.

Next, we should define the junk topic distribution.
Following [29], a junk topic means all the terms of the
dictionary has equal probability. So we can take a uniform
distribution over the corpus as the junk topic distribution.

1
P(w;|6%) = W forie{1,2,.., W} (25)

Then, we can compute the distance between the words
belong to discovered search topic #%* and the uniform junk
word distribution by utilizing KL-divergence. The lower
distance corresponds to distribution with probability mix-
ture models that represent insignificant topics.



TABLE 3
Topic Rank(# represents labeled topics)
Rank | Title Search Item Score
1 Employment® employment company job 2.714
2 Food# hungry fish hamburg cheese | 2.659
3 Computer# online myspace internet java | 2.326
4 Health# healthcare insurance welfare | 2.302
5 Art# gallery studio paris artists 2.287
46 23 ro ny wifi drudge 0.024
47 16 wtue map clay match koa 0.017
48 44 ohio jack cum nurse 0.016
49 18 foose sexy tony noaa 0.012
50 39 tv air fl al 0.009

Finally, we calculate the score of each topic, the simplest
formula of score is that

final_scorey, = W * (Sk.a + Sk,w) (26)

where ¥ is the weight of the insignificance standard in the
total score, the Si4 is the distance between the kth estimate
topic and the insignificance background topic, and Sy, is
the distance between the kth estimate topic and the uniform
junk topic. The ranklist of the topic is given by sorting
the topics based on their final score. In order to verify our
strategy, we manually labeled a title for a part of discovered
search topics by experts. Table 5.2 shows a part of the topics
in the result. The result shows that the top ranked topics
are all labeled, while the low score topics are ranked at the
end of the table, which indicates that the labeled topics are
consistent with the final results.

6 EXPERIMENTS

We present the experiment of proposed models. Section 6.1
prepare the data sets of this experiment. Section 6.2 reports
some discovered search topics of the models and analyzes
their temporal characters. In section 6.3 we compare the
goodness-of-fit the proposed models. Section 6.4 present an
effective application of these models - rank topic.

6.1 Data Sets Preparation

In this experiment, we select a real world major commercial
search query data set as the train set. It contains contain
users and search queries and is sorted by anonymous user
ID and sequentially arranged. We should divide the query
log into many documents, based on its user id, and then we
can utilize our proposed probabilistic topic model to analyze
query log. In each document, we segment these query log
into sessions by adopting methods proposed in [31]. After
processing, we get about 6,500,000 sessions. In order to
filter out meaningless queries and URLs, we follow the
stopword lists that recommended in [32] to filter out queries.
As for URLs, the websites such as ‘www.google.com’ and
‘www.bing.com” and other popular portals will be removed.
Each session’s timestamp is decided by the data and time
on which the query log was given. If the timestamp is the
earliest, we normalize it as 0, and the lasted timetamps is
normalized as 1. In the end, a document associates with a
user’s search query log, each document concludes a number
of search sessions and each search session has query terms,
URLs(if clicked) and a timestamp.

6.2 Discovered Topics and Captured Burstiness

The plausibility of the discovered search topic is a significant
measure to judge the success of the proposed model. In
this experiment, we present the discovered search topics
and illustrate the proposed model can accurately predict
the timestamps of search query log. For simplicity, we set
50 search topics(K = 50), and run Gibbs sampler for 1000th
iteration to extract the topics.

We present four search topic examples discovered by
TIM-TG and TDM-TG on the corpus level in Table 4. As
a comparison, We also show the TIM-TU and TDM-TU
search topics based on the user-based level in Table 5.
The topic titles in the table are manually added by our
own judgement. The histograms in the table are the topics’
distribution over time, and the curve is the fitted beta PDF.
Blow the histograms, we present top ten queries and sort by
the probability in their topic.

In the leftmost topic, War, is an example of how TIM and
TDM successfully capture the temporal burstiness. The beta
distribution of times show an extra raised in the last few
days on May. It is strong associated with Memorial Day on
the last Monday of May. “war”, “world”, “civil” and “cold”
are the most frequent words on global corpus level. On the
user-based level, we choose a user that with a large number
of search query log to analyze the search topic via TIM-TU.
In this topic we also observed that words like “iraq”, “war”
carry out significant information on the user-based level,
which is about Iraq war. The result suggests that people pay
more attention to the topic of war on Memorial Day, and for
the user in Table 4, he just concerns about Iraq war.

The second topic in Table 4 and Table 5, Computer, shows
the wave of the topic, and get to a peak on about the
30th day. On the corpus level, “online”, “ebay”, “chat” are
the most frequent terms. All of these words belong to the
topic Computer, and the fact that online chat and electronic
commerce was very popular at that time. On the user-based
level, The topic Computer is composed of the terms like
“game”, “pogo” and “online”. “pogo” is a popular online
game website, and these words are closely related to the
computer games.

In the search topic Immigration, TDM-TG clearly shows
that the immigration reform occurred between the 40th day
and the 75th day, which is frequently associated with the im-
migration reform protests in April. The search topic “Immi-
gration” primarily contains with “immigration”, “illegal”,
“law”, “us” and “senate”, since we use the global bipartite.
On the user-used level, the topic is correctly localized in
time by TDM-TU. “Immigration”, “Mexican” and “illegal”
are the critical words, which prove that the user focuses
more on Mexican illegal immigrations.

The rightmost topic is Health Care. There’s a quite dif-
ference between global and user-based query-URL bipartite.
In Table 4, the words like “care”, “insurance” and “welfare”
are all related to health care, but they emphasize public
health care department. In Table 5, on the user-based level,
the search topic Health Care contain with “care”, “mental”,
nutrition” and “vitamin”, all of which are about private
health care.

The above results show the discovered search topics of
the proposed models and reveal their temporal burstiness



TABLE 4
Four topics discovered by TIM-TG and TDM-TG for the data set on the corpus level.

TIM-TG TDM-TG
War Computer Immigration Health Care
war 0.02864 | online 0.02495 | immigration 0.06181 | care 0.03455
world 0.02766 | ebay 0.02451 | illegal 0.06067 | insurance 0.03072
civil 0.02128 | chat 0.02416 | law 0.05879 | welfare 0.02918
cold 0.01975 | myspace 0.02336 | us 0.05313 | nutrition 0.02883
kill 0.01849 | games 0.02092 | senate 0.05086 | medical 0.02649
national 0.01821 | photoshop 0.01985 | forbidding 0.05000 | issue 0.02587
die 0.01738 | network 0.01773 | maxican 0.04865 | community 0.02501
America 0.01502 | java 0.01219 | American 0.04518 | ill 0.02486
veterans 0.01215 | desktop 0.01131 | reform 0.04457 | public 0.02249
country 0.01193 | internet 0.01004 | Israel 0.04396 | mental 0.02163
TABLE 5
Four topics discovered by TIM-TU and TDM-TU for the data set on the user-based level.
TIM-TU TDM-TU
War Computer Immigration Health Care
war 0.04762 | game 0.04225 | immigration 0.05382 | care 0.03894
iraq 0.04358 | pogo 0.03912 | Mexican 0.04971 | mental 0.03803
navy 0.04302 | online 0.03641 | illegal 0.04406 | nutrition 0.03389
American 0.03275 | yahoo 0.03379 | reform 0.04397 | vitamin 0.03064
kill 0.03028 | myspace 0.02311 | spanlish 0.04081 | calcium 0.02802
casualties 0.02867 | internet 0.02004 | senate 0.03883 | walk 0.02659
veterans 0.01973 | ps2 0.01435 | usa 0.03702 | oil 0.02384
wounded 0.01924 | download 0.01201 | protest 0.03302 | medical 0.02319
soldier 0.01718 | phone 0.01159 | latina 0.03214 | club 0.02237
blood 0.01502 | play 0.01084 | report 0.03029 | health 0.02206

2500)
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Fig. 5. Perplexity of Models for Different Metrics

of the search topics.

6.3 Quantitative Measure

In this section, we compare TIM and TDM with three base-
line models by utilizing two metrics. In fact, it is difficult to

tion of Observed Data

conduct direct comparison for proposed models since few
works focus on using topic models to capture web search
burstiness and temporal prominence of topic. As a result, we
select three general topic models as the baselines, namely
Latent Dirichlet Allocation (LDA) [7], DCMLDA [5], and
Topic over Time(TOT) [33]. Then we perform experimental
studies under two general evaluation metrics - held-out
method and cross validation method.

1) The Perplexity of Held-out Data: The original
training search query log data is separated into
two parts, one as train set (training corpus), for
the initial frequency estimation; the other is called
held-out data. The perplexity of held-out data is a
standard measure to evaluate the capability of the
generalization and forecasting unknown data [12].



The perplexity is formally defined as follows:

D Na -1
Perplexitynerq—out(M) = (H Hp(wi|M))EdD:1 V)

d=1i=1 (27)
In the equation 27, Ny is the number of words in
each document, M refers to the parameter of the
trained model. The lower perplexity is, the better
generalization performance is. Figure 4(a) shows
that TIM and TDM has better performance than the
three baselines in predicting further search query.
As we can see, when the search topic number is
1000, TIM and TDM achieve perplexity of 324.47
and 320.97, while the perplexity of LDA is 1100.02,
that of DCMLDA is 1087.03 and that of TOT is
890.08. The perplexity of TIM and TDM are much
lower than the three baselines, which suggests that
TIM and TDM have a better capability to analyze
web search topic.
The Perplexity of Observed Data: This approach
aims to estimate each model’s ability of predicting
the rest search query, after observing a part of the
search query log. Assume that we want to find a
model with a more effective predictive distribution
p(w|ws.p), after observing the predictive distribu-
tion of the query w; : P. More specifically, we
choose a portion of training data and the rest as
the testing data. We can calculate the perplexity
according to the Equation 28:

2)

Perplexityportion (M)
D Ny

(1 TI plwi M, Wop)) S5 0

d=1i=P+1

(28)

The predictive perplexity for partially observed data was
present in the Figure 4(b). We observe that when the percent-
age of the training dataset is 60%, LDA shows a perplexity
of 934.90, the perplexity of DCMLDA is 707.92, and TOT
demonstrates a perplexity of 647.52. The proposed models
show significantly outperform than the three baselines. The
perplexity of TIM is 230.76, and TDM achieves perplexity
of 203.17. The experiment result shows that when we have
observed a part of user’s search query data, TIM and TDM
are more suitable for predicting user’s search query trail in
the future.

7 CONCLUSION

In this paper, we propose a series of topic models to
study the problem of the user-specific web search analysis
from global level and user-based level. Topic Independence
Model(TIM) focuses on capture the burstiness of web search
query, while Topic Dependence Model(TDM) analyzes the
relationship between query terms and URLs. In order to cap-
ture the temporal burstiness, we also propose two variant
model TIM-T and TDM-T based on continuous Beta distri-
bution. We also conduct a series of experiments based on
the real search query log, and get better experiment results
than many baselines with respect to different metrics. For
further plan, we intend to apply these models to targeted
group-buying advertising via analyzing user’s web search
history.
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