IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 35, NO. 3, MARCH 2023

Burstiness-Aware Web Search Analysis
on Different Levels of Evidences
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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 URLSs 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
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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 lan-
guages are roughly inversely a proportion to their rank in
the frequency table and therefore, follow a power-law distri-
bution. 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 phenomenon, such as in finan-
cial realm, gene expression and computer vision data [2].
Now web search has become an indispensable part of peo-
ple’s daily life, and the search queries that the user submits
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have become a huge pool of human knowledge [3], [4], which
demonstrate its unique characteristics against natural lan-
guage used in other digital formats such as articles, micro-
blog, etc. However, with the importance of web search
analysis and its clear uniqueness among other natural-lan-
guage-based text, very few work 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 probabi-
listic topic models to utilize the burstiness phenomenon.
Although models like DCM[5] and DCMLDA[2] have been
proposed to model the word burstiness in general docu-
ments, 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 phe-
nomenon 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 essen-
tially 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 burst-
iness. After comparing the proposed models with traditional
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
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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.

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 tempo-
ral 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.

e 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 for-
mulate 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 fur-
ther 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 doc-
ument. 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 capturing 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] pro-
posed DCMLDA model, which combines the extend DCM
model and LDA, and it is used for capturing word burstiness.
Lappas et al. [20] proposed that with the increment of time-
stamped data collections, such as digitized periodicals, web
news and blogs, it becomes more and more important to effi-
ciently 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 distri-
bution of PY process is that can get the power-law distribution
of words and the various topics presence.
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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 years. Boldi ef al. [22] proposed the query-flow graph,
which presents the key information of latent search conduct.
Fuxman 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 success-
fully 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 cor-
responding 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. Fig. 1a
shows the probability that a word occurs in a document z
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 com-
mon 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
Figs. 1b and 1c, we present the results of similar experi-
ments 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,
the phenomena mentioned above suggests the necessity of
capturing burstiness in web search.

In Fig. 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 common
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
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Meta-word occurs exactly x times in a user's search query log
(a) Counting probabilities of meta-words

Fig. 1. The phenomenon of user-based web search burstiness.

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 UsSER-CENTRIC PROBABILISTIC TOPIC MODELS

In this section, we propose a series of topic models to cap-
ture the web search burstiness. The models have the follow-
ing desiderata:

e 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 rela-
tion between query terms and URLs. In Section 4.3, we dis-
cuss the strategy of enabling TIM and TDM to capture the
temporal burstiness.

4.1 Topical Independence Model (TIM)

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 mak-
ing 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 Fig. 2a.

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

(b) Counting probabilities of query terms

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%

15 20 25 30 0 5 10 15 20 25 30

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

(c) Counting probabilities of URLs

Algorithm 1 presents the generative process of TIM. At
first, for each document, we draw a document-specific mix
0; 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 8, and y,, (Line 4 5). Because a ses-
sion is related to the same search topic, a topic z is session-
specific and drawn from 6°. Next, in each session, 6%, 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 click-
through and the URL are drawn from 6}, based on the
search topic z and the document d. Finally, each word w
and URL u(if any) are selected by the preference of the doc-
ument-topic z, and the topic-word w and topic-URL wu(if
any) (Line 12). The parameters 8 and y are document spe-
cific so that the TIM captures the burstiness of query terms
as well as URLs for each user.

Algorithm 1. Generative Process of TIM

1: fordocumentd € 1,...,D do
2: draw d’s topic distribution 7 ~ Dirichlet(«);
3: fortopickel,...,K do
4: drawa word dlstrlbutlon 0y, ~ Dirichlet(8,);
5: draw a URL distribution 6}, ~ Dirichlet(5;,);
6: end for
7:  for each session s in d do
8:  choose a topic z ~ Multinomial(67);
9:  generate words w ~ Multinomial(6%,);

10: draw X ~ Binomial(p);

11: if X =1 then

12: generate URLs u ~ Multinomial(6%,);

13: end if

14:  end for

15: end for

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

P(w,u,2|a, B,y) = P(ulz,y) P(W|z, B) P(z|a). o)
The probability P(P(z|«)) is the same as that in LDA
Plefo) = (1) H Hz’ T\ ) @
Hz_ INCD)

=il (Ndz+‘XZ))
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(a) TS-TIM

Fig. 2. Two interpretations of web search.

The probability P(w|z, 8) is the same as that in DCMLDA

P(wiz, p) =

ﬂkw) Hu 1 F(Ndkw + IBk w)
HMH1 (Hw— T(Bw)T (Zw—l(Nd,thrﬂm)))'

3)

If users didn’t click any URLs in the session, the condi-

tional probability of the kth topic for the ith session is

P(Z7 = k|X7 = O,Z,i,W, ll,()l,ﬂ, y) (08

de + oy
S k-1 (Cra + )

F(Z;ZI (Ck,w,d + ﬁw,k)) ﬁ F(Ckwd + ,Bw,k + Ni,w)

O OH-C IO

D (Crand + B+ Niw)) izt D(Chwa+ Bu)
4)
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
0" multinomial distribution over query terms (TUM)
0" multinomial distribution over URLs
T Beta distribution over timestamps
o Dirichlet prior vector for 6*
B Dirichlet prior vector for 6"
y Dirichlet prior vector for 6"
P binomial distribution over clickthrough
X binomial indicator of clickthrough
% the topic of the ith section
zZ_; the topics of the sessions except the ith
w query-term list representation of the corpus
u URL list representation of the corpus
Chra the number of sessions that are assigned to topic & in document d
Cukd the number of times that query term w is assigned to topic & in
document d
Cukd the number of times that URL u is assigned to topic & in
document d
Cozu the number of clicks ¢ upon URL w of topic z
Sy the number of sessions in document d
Wsa the number of unique meta-words / query terms
Toa the number of unique timestamps in session s of document d
Nys.d the number of query term w in session s of document d
Nysd the number of ULR u in session s of document d
I the number of timestamp ¢ in session s of document d
Nys the number of query term w in session s
Ny the number of URL u in session s

®
O

(b) TS-TDM

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

Cra +ay,
Sb_ 1 (Cpg +ay)
M T(Chuva + Bui + Niw)

U(Cruwd + Bur)
F(Crud + Vg + Niw)
D(Crud + Vur)

P(Z7 = k|X1 = l,z,i,w,u,og ﬁ’ ]/) o8

(Z?y_l (Ck w,d T ﬂur ))

(0 (Cruwa + By + N; u)) wol
T (Crud + Vur)

T(Siy (Chua + Vage + Niw)) it

(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 y, 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 infor-
mation 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, B,y) = P(ulz,w,y) P(W|z, B) P(z|). (©)

In TDM, P(z|«) and P(wlz,8) are the same as TIM. The
major distinction between them is that the generation of
URL w is decided by the search topic z and the matching
query ¢. Because the query item w and URL w are related in
the given search topic.
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(c) Counting probabilities of URLs
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Fig. 3. The phenomenon of the user’s time-based web search burstiness.

P(ulz,w, 7) :/
/ ,

W U
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D Ny W

HHPudl‘A W i %d,i HHp wz|)/
d=1i= w=1 z=1
W K
H I piCE
z=1

w= (J/’LU u/ u=1

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:

u 1 U’U)

uzu
LUZU

dA

z=1w=1u=1
U
u lalbu

1 Hu lryuu

ﬁ 1 Hu 1F Lqu—i_y'wu)
u I(NLUJ-U + Yw,u,))
(7)

w =1 w= 1

Ch.d + oy,
Zk’ 1(Cra+ay)
U (Cruva + Bug + Niw)
I'(Crwa+ Bu)

P(ZL = k|XL = 1,Z_i,W, tvuvavﬂv y) X

I
I

2 (Chwa + Bui)
(Ck wd + Bk + Niw)) wi
1 r(ZL(Oq,Z,u +¥4)
1 T2t (Cn + Vg + Ni))
[(Cyzu + Vyu + Niw)
ul:Iq I'(Coru+7a)

®)

4.3 Including Temporal Information

Another phenomenon in web search is the temporal bursti-
ness. Fig. 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

Query term occurs exactly X times in a user's search query log (by hour)

(e) Counting probabilities of terms

URL occurs exactly x times in a user's search query log (by hour)

(f) Counting probabilities of URLs

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).

Algorithm 2. Generative Process of TDM

: fordocumentd € 1,...,D do

draw d’s topic distribution 67

fortopicke1,...,K do
draw a word distribution 6},
draw a URL distribution 6},

end for

for each session s in d do
choose a topic z ~ Multinomial(63);

9: generate words w ~ Multinomial(6%,);

~ Dirichlet();

~ Dirichlet(8,);

1
2
3
4:
5 ~ Dirichlet(8y);
6.
7
8

10: forallq € sdo

11: draw X ~ Binomial(p);

12: if X = 1 then

13: generate URL u ~ Multinomial(8;,);
14: end if

15:  end for

16: end for

17: end for

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
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

referable.
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Based on TIM and TDM model, Algorithm 3 gives the P(z; = k|X; =1,z_;,w,t,u,a,B,7,7) x
main generative process of temporal information. Within a e
session, for the temporal prominence on the corpus level, H -
the timestamps are drown from a Beta distribution 7.(X-TG)  j= Bz, Tdk?) > w=1(Cpa+ay)
based on the search topic z, and for the temporal promi- W 4
nence on the user-based level, the timestamps are drown F‘(/V =1 (i + Pur)) [(Crava + Bu + Niw)
from a Beta distribution 7,.(X-TU) based on the session L (2_t=1(Cruwd + Buk + Niw)) w50 I'(Craa + Bu)
topic z and the document d (Line 4). T2V (Copon + Vo) T(Cye + Vou + Ni)

L7

qESs; (25:1 (Cq,z;u + yq,u + Ni,u)) u—q F(Clﬂ«,u + )/“)

T, 1,7 1
—t ) k1~ t k2~ Ck,d +ay

Algorithm 3. Including Temporal Information

12
1: the same as the original model (12)
2 for each session s in d do We utilize follow equations to update temporal parameters:
3:  choose a topic z ~ Multinomial(63); - -
4:  generate timestamps ¢ ~ Beta(z.) (X-TG) or ¢ ~ Beta(z,.) Tar = bk tax(1 ; ta) —1, (13)
(X-TU) Sk

5:  the same as the original model
6: end for = tar(l —tap

Tare = (1 — ta) (M - 1) ; (14)

dk

In order to implement Gibbs sampling for TIM-T and
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

where 4, is the mean of sampling, and s, denote the biased
sample variance of topic #’s timestamps in document d.

5 BURSTINESS-AWARE SEARCH TOPIC RANK
Pw,u,t,zlo, B, y,7) = P(t|z, 1) P(ulz, y) P(W|z, B) P(z|e). In this section, we introduce our burstiness-aware search topic
(9) rank with TIM and TDM. Search Topic Rank is an effective
When the temporal prominence on the corpus level, the gen-  method to verify the importance of discovered.topic: We suc-
erative process of timestamp and the temporal parameters ~cessfully apply KL-divergence to compare their topic distan-
update rules are the same as TOT. But if the temporal promi- 5 Qf TIM and TDM with some commonly recognized
nence on the user-based level, the generative process of time- baselines, and then rank the significance of discovered search

stamp will be different. For TIM and TDM, when there exists topics. Notice that ?he. hyper parametersu‘of Tﬂ\f. and TDM
no clickthrough, after combining terms, the conditional prob- ~ heed tobe learned. Similar to DCMLDA, 6 and 6" in TIM and

ability of the kth topic for the ith session is defined as (10) TDM relates to the values fand y in the models, respectively.

5.1 Parameter Estimation For TIM and TDM
P(zi =KX, =0,z_;,w,u,e, 8,7, 7) x The complete likelihood of TIM p(w, u, 2|a, B, ) is computed
T (1 as follows,

K -
i Blua, fdkz) 2= (Cra+ay) Pzl poy) = [ Lo o) | iy Dlmas + an)
I'( {:1 (Cruwd + Bui)) ﬁ I'(Cruwa + Buk + Niw) R Hkl;l INE) F(Zk{;(mdk + o))
L2 (Cran + B+ Niw)) F(Crua+ o) I L0 Bu)\ Ty T (Niwd + Bus)
10 TLom T(Bus) ) T(C e (N + Bu)
For TIM when there exists clickthrough, after combining

dk
U U
terms, the conditional probability of the kth topic for the ith F(Zu—1 Vur) | Thuma PVkud + i) )
session is defined as follows: HL U'(vur) F(Zu 1(Nkad + Vi)

Pz =klX;,=1,z,w,u,a,B,y,7) x (15)

1 1
— ¢ )Trild trde Ck‘d + ay,

ﬁ (1 — ty)rm i ! i Chra + o The complete likelihood of TDM p(w, u, z|e, B, y) is com-
= B(tam, Tdkz) Z?a(ck’fl +ay) puted as follows,
F(Zu V(Cruwd + Bui) 17T (Crua + Buy + Niw) P(w,u,zla, B,y) = H <<F(Z£{1 ak)) e
T (Crw+ B+ Niw))wsi T(Cruwa + Bu) o 15, D) ) TSE (mag + )
T(Y0 (Crua + Yur)) ﬁr (Crud + Vg + Niw) H (( we 1,3wk ) 1 T(Npwa + Buo) )
(X (Crud + Vap + Nia)) st T(Crua+vup) ar \ \ILu=1 F(ﬂu #) ) T (Niwa + Bu)
(11) K

Hﬁ U qu) Hu 1F(Nf1ku+yqu)
For TDM when there exists clickthrough, after combining FoT gl F(J/q W) F(ZLI( Nyku + Vq.u)) '
terms, the conditional probability of the kth topic for the ith

session is defined as follows:
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The complete likelihood of TIM-T p(w,u,t, 2|a, B, ¥, T) is
computed as follows,

P(w,u,zlo, ,y) = [| <<F(Z’€<1 ak)) iy (N + )

7 1 Tow) J T (Nia + )
0 ( (nzi’_l ﬂw,k)) 10 T(Nued + B
kod ngl LBy i) F(sz;l(Nw.kﬁd+:Bw,k))
(F@L Var)y Lt TN + Vi) )
T Cap) TR (Nuka + 7))

H P(tasi| Tak, )-

d,s,i

(17)

The complete likelihood of TDM-T p(w, u, t, z|e, B, y, T) is
computed as follows,

Z|lo — (21510‘1«) Hf1 F(map + o)
P(w,u,z|o, B,y, 1) 1;[<< kl (aﬁ)l‘(Zk L(mak +ay))

((r@kf 1 Bu, o) 10 T (N + B )
T TBu) ) T (e (Niaa + Bu)

19[ ((r@ff 18 n) T T (N + ) )
221 g=1 H'[ujzl C(vgu) F(Zi[:l(Nq,k.,u + You))

[ p(tasilzar,)-

(18)

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

o = Z(log D(N oy + o) —logI'(ey))
4

+ Z(logf(zak) —logl’ ( Z Nja+ Ol/c))
d T T

(19)
ﬂ/k = Z (IOg F(Nuhk,d + ﬂu,\k) - IOgF(ﬂfxﬂ,k))
d.kw
+ Z(IOg r < Z ﬂu,nk) - IOg r ( Z Nuhk,d + ﬂw,k)) .
d,k w w
(20)
For the non-coupling formula,
ylk = Z(log F( u,k,d + Vu k) 1Ogr(yuk))
d.ku
+ Z(log r < Z yuk) —logl’ ( Z Nuka + yu,k)) :
d.k u U
(1)
For the coupling formula,
)/fq Z(lOgF( q,k,u + yq u) IOgF(yqu))
q,kyu
+ Z(logf(Z yq_’u) logF<Z aku t Vau )
q.k u
(22)
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The above Equations (19), (20), (21) and (22) define vec-
tors, a, B, v and y, respectively. The maximization is
implemented by BFGS with limited memory, as detailed in
Algorithm 4.

Algorithm 4. Single-Sample Monte Carlo EM

1. start with initial ., B.. and $..;

2: repeat

3:  Run Gibbs sampling to steady-state;

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

Choose a., B.. and §.. to maximize complete likelihood
p(w,u,t, zle, B, 8, T)

6: until Convergence of ., 8.. and §..

o

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, the
probability of background topic is equal. So, under the back-
ground topic 6“#, Equation (23) gives the probability of
each document d,,,.
p(dn]0"P) ==, for m e {1,2,...,D}. (23)
We get a topic vector (6,05, .. .,67,). Thus, the probabil-

ity of the kth search topic for the ith user can be described
like this

z
z 97}k

0, = —th—. (24)
Z?:lef]f

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
“background” topics, the value of KL-divergence will be
high. The average KL-distance of search topics is shown in
Fig. 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. Fol-
lowing [29], a junk topic means all the terms of the dictio-
nary has equal probability. So we can take a uniform
distribution over the corpus as the junk topic distribution.

1
P(w;|0") = —, for i € {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
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TABLE 3
Topic Rank(# Represents Labeled Topics)

Rank Title Search Item Score
1 Employment”  employment companyjob  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 matchkoa  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

distance corresponds to distribution with probability mix-
ture models that represent insignificant topics.

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

final_scorey, =W * (Sk.q + Skw)s (26)

where V¥ is the weight of the insignificance standard in the
total score, the S, 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 strat-
egy, we manually labeled a title for a part of discovered
search topics by experts. Table 3 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 con-
sistent 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
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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 commer-
cial search query data set as the train set. It contains con-
tain 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 seg-
ment 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 time-
stamp 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 signifi-
cant 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

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

s

oxn

e

e

=

Health Care

Immigration

= on = £

war 0.02864 | online 0.02495
world 0.02766 | ebay 0.02451
civil 0.02128 | chat 0.02416
cold 0.01975 | myspace 0.02336
kill 0.01849 | games 0.02092
national 0.01821 | photoshop 0.01985
die 0.01738 | network 0.01773
America 0.01502 | java 0.01219
veterans 0.01215 | desktop 0.01131
country 0.01193 | internet 0.01004

0.06181

immigration care 0.03455
illegal 0.06067 | insurance 0.03072
law 0.05879 | welfare 0.02918
us 0.05313 | nutrition 0.02883
senate 0.05086 | medical 0.02649
forbidding 0.05000 | issue 0.02587
maxican 0.04865 | community 0.02501
American 0.04518 | ill 0.02486
reform 0.04457 | public 0.02249
Israel 0.04396 | mental 0.02163
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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

titles in the table are manually added by our own judge-
ment. The histograms in the table are the topics” distribution
over time, and the curve is the fitted beta PDF. Blow the his-
tograms, we present top ten queries and sort by the proba-
bility 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 Memo-
rial 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 informa-
tion 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 Tables 4 and 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 Com-
puter, 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 web-
site, 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 immigration reform protests in April. The search topic
“Immigration” primarily contains with “immigration”,
“illegal”, “law”, “us” and “senate”, since we use the
global bipartite. On the user-used level, the topic is cor-
rectly 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 differ-
ence 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
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
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 experi-
mental 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 fre-
quency estimation; the other is called held-out data.
The perplexity of held-out data is a standard mea-
sure to evaluate the capability of the generalization
and forecasting unknown data [12]. The perplexity is
formally defined as follows:

D Ny ZD )
Perplexityneid—ou (M (HH;D w;| M) ) a=1

(27)

In the Equation (27), Ny is the number of words
in each document, M refers to the parameter of the
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Fig. 4. The KL-divergence of different models.

trained model. The lower perplexity is, the better
generalization performance is. Fig. 4a 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
1,000, 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.

2)  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|w;.p), after
observing the predictive distribution of the query wy :
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)

Perplexityportion(M)

(it

(28)

—1
~D .
plw;| M, Wa;P)> Lo o,
d=1i=P+1
The predictive perplexity for partially observed data was
present in the Fig. 4b. We observe that when the percentage 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 signifi-
cantly 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
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Pgmtar of Search Topca = ctaerved

(a) Perplexity of Models for Held- (b) Perplexity of Models for a por-
out Data tion of Observed Data

Fig. 5. Perplexity of models for different metrics.

capture the temporal burstiness, we also propose two variant
model TIM-T and TDM-T based on continuous Beta distribu-
tion. 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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