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Abstract

Recurrent event queries (REQ) constitute a
special class of search queries occurring at
regular, predictable time intervals. The fresh-
ness of documents ranked for such queries is
generally of critical importance. REQ forms a
significant volume, as much as 6% of query
traffic received by search engines. In this
work, we develop an improved REQ classi-
fier that could provide significant improve-
ments in addressing this problem. We ana-
lyze REQ queries, and develop novel features
from multiple sources, and evaluate them us-
ing machine learning techniques. From histor-
ical query logs, we develop features utilizing
query frequency, click information, and user
intent dynamics within a search session. We
also develop temporal features by time series
analysis from query frequency. Other gener-
ated features include word matching with re-
current event seed words and time sensitiv-
ity of search result set. We use Naive Bayes,
SVM and decision tree based logistic regres-
sion model to train REQ classifier. The re-
sults on test data show that our models outper-
formed baseline approach significantly. Ex-
periments on a commercial Web search en-
gine also show significant gains in overall rel-
evance, and thus overall user experience.

Introduction

Organized public events such as festivals, confer-
ences, expos, sports competitions, elections: winter
olympics, boston marathon, the International Ocean
Research Conference, oscar night.

Public holidays and other noteworthy dates: labor day,
date of Good Friday, Thanksgiving, black friday.

Products with annual model releases, such as car models:
ford explorer, prius.

Lottery drawings: California lotto results.

TV shows and programs which are currently running:
American idol, Inside Edition.

Cultural related activities: presidential election, tax r
turn, 1040 form.

Our interest in studying REQ arises from the chal-

lenge imposed on Web search ranking. To illustrate

this, we show an example in Fig. 1 that snapshots
the real ranking results of the quefgMNLP, is-

sued in 2010 when the authors composed this pa-
per, on Google search engine. It is obvious the
ranking is not satisfactory because the page about

EMNLP2008is on the first position in 2010. Ide-

ally, the page abolEMNLP20100n the 6th position

should be on the first position even if users don't
explicitly issue the queryEMNLP 2010 because

EMNLPis a REQ. The query, “EMNLP”, implic-

itly, without a year qualifier, needs to be served the

most recent pages about “EMNLP”.

A better search ranking result cannot be achieved
if we do not categorize “EMNLP” as a REQ, and
provide special ranking treatment to such queries.
Existing search engines adopt a fairly involved rank-

REQ pertains to queries about events which odng algorithm to order Web search results by con-
cur at regular, predictable time intervals, most oftesidering many factors. Time is an important fac-

weekly, monthly, annually, bi-annually, etc. Natu-tor but not the most critical.

The page’s rank-

rally, users issue REQ periodically. REQ usually reing score mostly depends on other features such
fer to:
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lution (Shen et al., 2005) used multiple classifiers
Figure 1: A real problematic ranking resuit by Google fofiptegrated by ensemble method. The difficulties for
a REQ query, "EMNLP". The EMNLP2010 page shouldy o1y classification are from short queries, lack of
be on the 1st position. labeled data, and query sense ambiguity. Most pop-
ular studies use query log, web search results, unla-
beled data to enrich query classification (Shen et al.,
et al., 2000), anchor text, historical clicks, pagerpgog; Beitzel et al., 2005), or use document classifi-
ank (Brin and Page, 1998), and overall page qualation to predict query classification (Broder et al., ).
ity. New pages about EMNLP2010 obtain less fageneral query classification is also studied for query
vorable feature values than the pages of 2009 earligfient detection by (Li et al., 2008).

in terms of a_nchor text, click or pagerank because Thare are many prior works to study the time sen-
they have existed for a shorter time and haven't a%Wtivity issue in web search. For example, Baeza-

cumulated sufficient popularity to make them standeset al. (Baeza-Yates et al., 2002) studied the re-

out. Without special treatment, the new pages aboylion petween the web dynamics, structure and page
“EMNLP2010" will typically not be ranked appro- g jity, and demonstrated that PageRank is biased
priately for the users. against new pages. In T-Rank Light and T-Rank al-
Typically, a recurrent event is associated with gorithms (Berberich et al., 2005), both activity (i.e.,
root, and spawns a large set of queries. Oscaipdate rates) and freshness (i.e., timestamps of most
for instance, is a recurrent event about the annugdcent updates) of pages and links are taken into ac-
Academy Award. Based on this, queries like “oscagount for link analysis. Chet al. (Cho et al., 2005)
best actress”, “oscar best dress”, “oscar best movigoposed a page quality ranking function in order to
award”, are all recurrent event queries. As suchalleviate the problem of popularity-based ranking,
REQ is a highly frequent category of query in Weland they used the derivatives of PageRank to fore-
search. By Web search query log analysis, we olgast future PageRank values for new pages. Pandey
serve that there about 5-6% queries of total queryt al. (Pandey et al., 2005) studied the tradeoff be-
volume belongs to this category. tween new page exploration and high-quality page
In this work, we learn if a query is in the REQ exploitation, which is based on a ranking method to
class, by effectively combining multiple featuresrandomly promote some new pages so that they can
Our features are developed through analysis of higccumulate links quickly.
torical query logs. We discuss our approaches in de- More recently, Donget al. (Dong et al., 2010a)
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proposed a machine-learned framework to improvevent. Some additional corpora such as blog crawl
ranking result freshness, in which novel featuresand Wikipedia is used for buzziness inference. Com-
modeling algorithms and editorial guideline are usegdared with (Diaz, 2009), different feature and learn-
to deal with time sensitivities of queries and docing algorithms are used.
uments. In another work (Dong et al., 2010b), they Elsaset al. (Elsas and Dumais, 2010) studied
use micro-blogging data (e.g., Twitter data) to detedinproving relevance ranking by detecting document
fresh URLs. Novel and effective features are alseontent change to leverage temporal information.
extracted for fresh URLSs so that ranking recency in
web search is improved. 3 Feature Generation
Perhaps the most related work to this paper is
the query classification approach used in (Zhan§0 better understand our work, we first introduce
et al., 2009) and (Metzler et al., 2009), in whichthree terms. We subdivide all raw queries in query
year qualified queries (YQQs) are detected basd@g into three categories: Explicit Timestamp, Im-
on heuristic rules. For example, a query containplicit Timestamp, and No Timestamp. An Explicit
ing a year stamp is an explicit YQQ; if the yearTimestamp query contains at least one token being a
stamp is removed from this YQQ, the remaining partime indicator. For examplesmnip 20102007 De-
of this query is also a YQQ, which is called im-cember holiday calendaamsterdam weather sum-
plicit YQQ. Different ranking approaches were usedner 2009 Google Q1 reports 2010These queries
in (Zhang et al., 2009) and (Metzler et al., 2009pre considered to conatin time indicators, because
where (Zhang et al., 2009) boosted pages of the mo&€ can regard 2010, 2007, 200p as year indica-
latest year while (Metzler et al., 2009) promotedor, decembeasmonthindicator, {summer, Q1(first
pages of the most influential years. Similarly, Nuneguarter)} as seasonalindicator. To simplify our
et al. (Nunes, 2007) applied information extractionwork, we only consider thgear indicators,2010,
techniques to identify temporal expression in we007, 2009 Suchyear indicators are also the most
search queries, and founds% of queries contain- important and most popular indicators, as noted in
ing temporal expression. (Zhang et al., 2009). Any query containing at least
Dong et al. (Dong et al., 2010a) proposed aoneyear indicator is an Explicit Timestamp query.
breaking-news query classifier with high accuracjue to word sense ambiguity, some queries labeled
and reasonable coverage, which works not by mo@s Explicit Timestamp by this method may have no
eling each individual topic and tracking it over time,connection with time such a&indows Office 20Q7
but by modeling each discrete time slot, and compa?010 Sunset Boulevardr call number 2008In this
ing the models representing different time slots. Thwork, we tolerate this type of error because word
buzziness of a query is computed as the languagénse disambiguation isaperipheral problem for this
model likelihood difference between different timetask.
slots. In this approach, both query log and news Implicit Timestamp queries are resulted by re-
contents are exploited to compute language modgloving all year indicators from the corresponding
likelihood. Explicit Timestamp queries. For example, the Im-
Diaz (Diaz, 2009) determined the newsworthinesplicit Timestamp query ofemnlp 2010is emnlp
of a query by predicting the probability of a userAll other queries are No Timestamp queries because
clicks on the news display of a query. In this framethey have never been found together wityear in-
work, the data sources of both query log and newdicator.
corpus are leveraged to compute contextual features.Classifying queries into the above three cate-
Furthermore, the online click feedback also plays gories depends on the used query log. A search
critical role for future click prediction. engine company partner provided us a query log
Konig et al. (Knig et al.,, 2009) estimated the from 08/01/2009 to 02/29/2010 for this research.
click-through rate for dedicated news search resul/e found the proportions of the three categories
with a supervised model, which is to satisfy then this query log are 13.8% (Explicit), 17.1% (Im-
requirement of adapting quickly to emerging newslicit) and 69.1% (No Timestamp). These numbers
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could be slightly different depending on the sourcejuery is, E9 = (3=2ho suiaby —sundalb)

of query logs. Note that 17.1% of Implicit Times-wheresun? = qfio + qfog + ... + qfo1 is sum of
tamp queries in the query log is a significant numall year frequency for the query. (d) Calculate CHI-
ber. However, not all Implicit Timestamp queriessquared value to represent the different yearly fre-
are REQ. Many Implicit Timestamp queries have nguency distribution betweels® andO% according to

time sense. They belong to Implicit Timestamp jus2 _ yN_ ©OEY Using CHI square distance as a
i= =

because Users |ss-ued the query wnyear“mdlca—” . method is wid'ely used for statistical hypothesis test.
tor through varied intents. For example, “google IS,

N ? e found it to be a useful feature for REQ classifier.
found to be an Implicit Timestamp query since there
were many “google 2008 or “google 2009” in the32 Query reformulation

query log. i t find th t by issuing |
The next few sections introduce our work in rec- users cannot fin € newest page by 1Ssuing Im-

ognizing recurrent event time sense for Implicitpl'c't Timestamp query, they may re-issue the query

Timestamp queries. We first focus on features > 9 @n Explicit Timestamp query. We can detect

There are many features that were exploited in RE is change in a search sgssior! @ .30 minutes p.eriod
classifier. We extract these features from query lo ’r each query). Bty f'{]d'rﬁhth's fk'nf[j of behavior
query session log, click log, search results, time s fom USers, we next extract three features.
fies and NLP morphological analysis User Switch: Number of unique users that switched
' from Implicit Timestamp queries to Explicit Times-
3.1 Queryloganalyss tamp queries.
The following features are extracted from query log' % Switch: Number of unique year-iike tokens
analysis: switched by users in a query session.

QueryDailyFrequency: the total counts of the NormalizedUser Switch: Feature UserSwitch di-

query divided by the number of the days in the peYided by QueryDailyFrequency.
riod.

ExplicitQueryRatio: Ratio of number of counts
query was issued with year and number of countd a query is time sensitive, users may click a
query was issued with or without year. This featur®age that displays the year indicator on title or
is the method used by (Zhang et al., 2009). url.  An example that shows year indicator on
UnigExplicitQueryCount: Number of uniq Ex- url is www.lsi.upc.edu/events/emnlp2010/call.html
plicit Timestamp queries associated with query. Fopearch engine click log saves all users’ click infor-
example, if a query was issued with query+2009 ana@nation. We used click log to derive the following
query+2008, this feature’s value is two. features.

ChiSquareYearDist: this feature is the distance be-YearUrITopSCTR: Aggregated click through rate
tween two distributions: one is frequency distribu{CTR) of all top five URLs containing a year in-
tion over years for all REQ queries. The other igjicator. CTR of an URL is defined as the number
that for single REQ query. It is calculated througtef clicks of an URL divided by the number of page
following steps: (a) Aggregate the frequencies fo¥iews.

all queries for all years. Suppose we observe alearUrlFPCTR: Aggregated click through rate
years from 2001 to 2010. So we can get vectofCTR) of all first page URLs containing a year in-
E= (2 2 2k yhereaf is the frequency dicator.

sum of year 2Dfor all REQ queries. sunl = .

afio + afgo + ... + afyr, the sum of all year fre- >4 Searchengineresult set

qguency. (b) Given a query, suppose we observeor each Implicited Timestamp query, we can scrape
this query’s yearly frequency distribution iO% = the search engine to get search results. We count the
(qfi0, a0, ,-...,qf01). qfi is this query’s frequency number of titles and urls that contain year indicator.
for the year 20 Pad the slot with zeros if no fre- We use this number as a feature, and generate 6 fea-
qguency found. The expected distribution for thidures.

3.3 Click log analysis
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TitleYear Top5: the number of titles containing a new results top schedule

year indication on the top 5 results. This value is  football  festival movie world

4in Fig. 1. show day best tax

TitleYear Top10: the number of titles containing a result calendar honda ford

year indication on the top 10 results. This value is 6 download exam nfl miss

in Fig. 1. awards toyota tour sale

TitleYear Top30: the number of titles containing a  american fair list pictures

year indication on the top 30 results. election game  basketball cup

UrlYear Top5: the number of urls containing a year

indication on the top 5 results. This value is 1 in Table 1: Top recurrent event seed words

Fig. 1.

UrlYear Top10: the number of urls containing a year

indication on the top 10 results. frequently used recurrent seeds in Table 1. Those

UrlYear Top30: the number of titles containing a Seeds are likely combined with other words to form

year indication on the top 30 results. new recurrent event queries. For example, the seed,
“new”, can be used by queries “new bmw cars”,

35 Timeseriesanalysis “whitney houston new songs”, “apple new iphone”,

Recurrent event query has periodic occurrence pdt “hairstyle new”.
tern in time series. Top graph of Figure 2 shows the To generate the seed list, we tokenized all the
frequency change of the query, “Oscar”. The annugjueries from Implicit Timestamp queries and split
event usually starts from Oscar nomination as eadll the tokens. We then sort and unique all the to-
lier as last year December to award announcemekens, and submit top tokens to professional editors
of February this year. So a small spike and a bigrho are asked to pick 8,000 seeds from the top fre-
spike are observed in the graph to indicate nominauent tokens. Some top tokens were removed if they
tion period and ceremony period. There are a periogre not qualified to form recurrent event queries. The
of silence between the two periods. The frequencgditors took about four days to do the judgment ac-
pattern keeps unchanged each year. We show thre@rding to the token’s time sense and examples of
years (2007,8,9) in the graph. By making use of rececurrent event queries. However, this is a one-time
current event queries’ periodic properties, we calcieffort. A token will be in the seed if there are many
lated the query period as a new feature. recurrent event examples formed by this token, by

We use autocorrelation to calculate the period. editors’ judgment.

- _Tat_)le 1 shows 32 top seeds. Some seeds connect
R(Y) = Yiimq (% = ) (Ker — 1) with time such as, “new, schedule, day, best, calen-

DT (% = )2 (Xeer — p)2 12 dar”; some relate to sports, “football, game, nfl, tour,

wherex(t) is query daily frequencyN is the num- basketball, cup”; some abput cars, “honda, for'd, toy-
ber of days used for this query. We can get maxPta’- The reason why “miss” is in the seeds is that
mum of 3 years data for some queries but only a feff€re are many annual events about beauty contest
months for othersR(r) is autocorrelation function. SUCh as “miss america, miss california, miss korea’.
Peaks (the local bigge&(t) given a time window) We use the seed list to generate the following
can be detected from() plot. The periodT is cal- three features:
culated as the duration between two neighbor peakveNumber TokensSeeds: number of tokens that is
T = 365 for the query, “Oscar”. The bottom graphin the seed list divided by number of tokens in the
of Fig. 2 shows the autocorrelation function plot forduery.

the query Oscar. AveNumber TokensNotSeeds: number of tokens
that is not in the seed list divided by number of to-
3.6 Recurrent event seed word list kens in the query.

Many recurrent event queries share some commd@iffNumber TokensSeeds. The difference of the
words that have recurrent time sense. We list mosbove two values.
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Figure 2: Frequency waveform(top) and corresponding autelation curve (bottom) for quei@scar.

4 Learning Approach for REQ

The REQ classification is a typical machine learn- ply = clx) = 1+ef() 2)

ing task. GivenM observed samples used for train- We employ Gradient Boosted Decision Tree algo-
ing data,{(Xo, Yo), (X1, Y1), - » (Xm, Ym)} Wherex; is  rithm (Friedman, 2001) to learn the functidifX).

a feature vector we developed in last section for @radient Boosted Decision Tree is an additive re-
given query. y; is the observation valug;+1, -1}, gression algorithm consisting of an ensemble of
indicating the class of REQ and non-REQ. The tasitees, fitted to current residuals, gradients of the loss
is to find the class probability given an unknown feafunction, in a forward step-wise manner. It itera-
ture vectorx’, that is, tively fits an additive model as

, T
ply=ck).  c=+1-1 @ fi(x) = Ti(x ©) + 2 ZﬂtTt(X? ©)
There are a lot of machine learning methods ap- =
plicable to implement Eq. 1. In this work, we Such that certain loss functiob(y;, fr(x + 1)) is
adopted three representative methods. minimized, whereT(x; ©;) is a tree at iteration,
The first method is Naive Bayes method. Thidveighted by parametes;, with a finite number of
method treats features independent. xIfs enx- parameters); anda is the learning rate. At iteration

tended into feature vector,= {xo. X1, - - - . Xy} then, b treeTi(x; B) is induced to fit the negative gradient
by least squares.

1 i=N The optimal weights of treg are determined by
p(y = clx) = Sp(Q) [ | p(xl0)
z i=0

N
Br = argminy, > L, fea () + BT (X, 6))

The second method is SVM. In this work we used i

the tool for our experiments, LIBSVM (Chang and Each node in the trees represents a split on a fea-

Lin, 2001). Because SVM is a well known approachture. The tuneable parameters in such a machine-

and widely used in many classification task, we skifearnt model include the number of leaf nodes in

to describe how to use this tool. Readers can turn ®ach tree, the relative contribution of score from

the reference for more details. each tree called the shrinkage, and total number of
The third method is based on decision tree baseghallow decision trees.

logistic regression model. The probability is given The relative importance of a featuf&, in such

by the formula below, forests of decision trees, is aggregated over all the
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m shallow decision trees (Breiman et al., 1984) as
follows: 095

o Expli‘citQueryRati‘o —t
5. ™ Ngive Bayes x
M L-1 9 &g 1
s2= =M S MM =) (3) O ey i
i = I t = K Bq
M W + Wy N 085 | S 1
m=1n=1 I
. . . 0.8 x* [aal B
wherev; is the feature on which a split occung, 5

*t
T
%,
\

andy, are the mean regression responses from th:
right, and left sub-tree, angd; andw; are the corre- .| ‘s |
sponding weights to the means, as measured by the j

number of training examples traversing the left and oss
right sub-trees.

0.75 -

recisiqp

0.6 L

5 REQ Learner Evaluation 055 | !

We collected 6,000 queries labeled as either Recur- 05 e ” - " o .
rent or Non-recurrent by professional human edi- Recall

tors. The 6,000 queries were sampled from ImpIICIIt:igure 3: Comparison of precision and recall rate be-

Timestamp queries according to frequency distribUy.een our method and the existing method.
tion to be representative. We split the queries into

5,000 for training and 1,000 for test. For each query,

we calculated features’ values as described in Sec- )
tion 3 model. The results of Naive Bayes were lower than

The Naive Bayes method used single GaussiaEVM and GBDTree. This model is weaker because

function for each independent feature. Mean an treats f_eatures independently. Typically SVMs and
. . BDT gives comparable results on a large class of
variance were calculated from the training data.

As for LIBSVM. we used C-SVC. linear function problems. Since for this task we use features from
’ ’ different sources, the feature values are designed to

as kernel and 1.0 ofshnpkage. . have larger dynamic range, which is better handled
The parameters used in the regression model WetrJ

e
20 of trees, 20 of nodes and 0.8 of learning rate” GBDT.
(shrinkage). The features’ importance ranked by Equation 3

The test results are Shown in F|g 31 reca”js ShOWn in Table 2. We I|St the tOp 10 featUI’eS.

precision curve. We set a series of threshold to thEhe No.1 important feature is ExplicitQueryRatio.
probability ofc = +1 calculated by Eq. 1 so that The second and seventh features are from search ses-

we can get the point values of recall and precision iion analysis by counting users who changed queries
Fig. 3. For example, if we set a threshold of 0.6, &70m Implicit Timestamp to Explicit Timestamp.
query with a probability larger than 0.6 is classified NiS is & strong source of features. The time se-
as REQ. Otherwise, it is non-REQ. The precisior'iies analysis feature is ranked No.3. Calculation of
is a measure of correctly classified REQ queries dfhis feature needs two years query log to be much
vided by all classified REQ queries. The recall is &nore effective, but we didn’t get so large data for

measure of correctly classified REQ queries dividef@ny queries. One of the features from recurrent
by all REQ queries in test data. event seed list is ranked No.4. This is also an impor-

In addition to the three plots, we also show thdant feature source. The ChiSquareYearDist feature
results using only one feature, ExplicitQueryRatiolS ranked 5th, that proves the recurrent event query
for comparison with the classification method useéfeguency has a statistical distribution pattern over
by (Zhang et al., 2009).All the three models usyears. TitleYearTop30 and TitleYearTopl0 that are
ing all features performed better than the existing/€rived from scraping results are ranked the 9th and
method using ExplicitQueryRatio. The highest im-10th important.
provement was achieved by GBDT regression tree Fig. 4 shows the distribution of feature values for
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Feature Rank Score Threshold

ExplicitQueryRatio 1 100 Feature 0.6 0.7 0.8
NormalizedUserSwitch 2 71.7 ExplicitQueryRatio 0.833 0.833 0.752
AutoCorrelation 3 54.0 +NormalizedUserSwitch  0.840 0.837 0.791
AveNumberTokenSeeds 4 48.7 +AutoCorrelation 0.850 0.839 0.823
ChiSquareYearDist 5 36.3 +AveNumberTokenSeeds 0.857 0.854 0.834
YearUrlFPCTR 6 19.1 +ChiSquareYearDist 0.857 0.864 0.839
UserSwitch 7 11.7 +YearUrIFPCTR 0.869 0.867 0.837
QueryDailyFreq 8 10.7 +UserSwitch 0.862 0.862 0.846
TitleYearTop30 9 10.6 +QueryDailyFreq 0.860 0.852 0.847
TitleYearTop10 10 5.8 +TitleYearTop30 0.854 0.853 0.843
) _ +TitleYearTopl0 0.858 0.861 0.852
Table 2: Top 10 most important features: rank and |m-+AII 0876 0.867 0.862

portance score (100 is maximum)
Table 3: F-Measures as varying thresholds by adding top

features.
:‘I"‘ Query Probability
. ncaa men'’s basketball tournament 0.999
Y ' bmw 328i sedan reviews 0.999
1L R e v new apple iphone release 0.932
T A ) N VRN St e sigir 0.920
2 I I I new york weather in april 0.717
ol I l I l academy awards reviews 0.404
google ipo 0.120

Figure 4: Feature value distribution of all data

(blue=REQ, red=non-REQ) adidas jp 0.082

Table 4: Probabilities of example queries by GBDT tree
classifier
each sample of the 6,000 data, where each point rep-

resents a query and each line represents a feature’s

value for all queries. One point is a query. The fea- Some query examples, and their scores from our
tures are ordered according to feature importance gtodel are listed in Table 4. The last two exam-
Table 2. The “blue” points indicate REQ queries and?!es,google ipoandadidas jp have very low values,
the “red” points, non-REQ queries. Some featurednd are not REQs. The first four queries are typical
are continuous like the 1st and 2nd. Some featufREQS. They have higher values of features Explicit-
values are discrete like the last two indicating TiQueryRatio,Normalized UserSwitch and YearUrlF-
tleYearTop30 and TitleYearTop10. There are “redPCTR. Although botmew apple iphone release re-

samples in the 4th feature but overlapped with angews and academy awards revieware about re-
covered by “blue” samples visually. views, academy awards reviewlsas lower value

In the Table 3. we show F-Measure values as waf NormalizedUserSwitch and ChiSquareYearDist

gradually added features from the feature, ExplicitcPuld be the reason for a lower score.

QueryRatio, according to feature importance in Tax .

ble 2. We listed the F-Measure values under thrZGe Web Search Ranking

threshold, 0.6, 0.7 and 0.8. Higher threshold will inin this section, we use the approach proposed
crease classifier precision rate but reduce recall ratey (Zhang et al., 2009) to test the REQ classifier
F-Measure is a metric combining precision rate antbr Web search ranking. In their approach, search
recall rate. It is clearly observed that the classifieranking is altered by boosting pages with most re-
performance is improved as more features are usedent year if the query is a REQ. The year indicator
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DCG@5 DCG@1

bucket | #(query)| Organic| Our’s | % over Organic| Organic| Ours | % over Organic
[0.0,0.1] 59 6.87 6.96 1.48(-2.3) 4.08 | 4.19 2.69(-1.07)
[0.1,0.2] 76 5.86 6.01 2.52(0.98) 2.88 | 291 1.14(1.69)
[0.2,0.3] 85 6.33 6.41 1.24(2.12) 3.7 3.7 0.0(0.8)
[0.3,0.4] 75 5.18 5.24 1.18(-0.7) 292 | 295 1.14(1.37)
[0.4,0.5] 78 4.96 4.82 -2.84(-1.35) 25 2.42 -3.06(0)
[0.5,0.6] 84 5.4 5.37 -0.45(-0.3) 282 | 2.85 1.05(-1.5)
[0.6,0.7] 78 4.78) | 5.19) 8.42(3.64) 256 | 2.83 10.75(4.1)
[0.7,0.8] 80 4.45 4.60 3.41(3.19) 221 | 2.26 1.98(2.8)
[0.8,0.9] 78 4.81 4.96 3.15(4.79) 232 | 2.33 0.55(0.65)
[0.9,1.0] 107 5.08 5.50 8.41*(4.41) 2.64 | 3.09| 16.78%(1.36)

1[0.0,1.0]] 800 | 533 [ 547 | 274%217) | 2.83 |293| 36%1.26) |

Table 5: REQ learner improves search engine organic restlis numbers in the brackets are by Zhang’s methods.
Direct comparison with Zhang’s method is valid only in thstline, using all queries. A sign" indicates statistical
significance (p-value0.05)

can be detected either from title or URL of the re-human editors to judge all the scraped (query, url)
sult. For clarity, we re-write their ranking function pairs. Editors assign five grades according to rel-
as below, evance between query and articles: Perfect, Excel-
lent, Good, Fair, and Bad. For example, a “Perfect”
grade means the content of the url match exactly the
F(q’ d) = R(q’ d) + [e(do, dn) + k] e/la(q) query intent.

where the ranking functionf(q, d), consists of  We ~use Discounted — Cumulative  Gain

two parts: the base functioR(g, d) plus boosting. (PCG) (Jarvelin and Kekalainen, 2002) at renas
If the queryq is not a REQ, boosting is set to zero.OU' primary evaluation metrics to measure retrieval

Otherwise, boosting is decided b{do, dn), k, 1and Performance. DCG is defined as,
a(0). €(do, dy) is the difference of base ranking score
between the oldest page and the newest page. If the
newest page has a lower ranking score than the old-
est page, then the difference is added to the newest
page to promote the ranking of the newest page. wherer(i) € {0... 4} is the relevance grade of tith

a(q) is the confidence score of a REQ query. It isanked document.
the value of Eq. 14 andk are two empirical param-  The Web search ranking results are shown in Ta-
eters. (Zhang et al., 2009)'s work has experimenteole 5. We used GBDT tree learning methods be-
the effects of using different value @afandk (1 = 0 cause it achieved the best results. We divided 800
equals to no discounts for ranking adjustment). Weest queries into 10 buckets according to the classi-
usedd = 0.4 andk = 0.3 which were the best con- fier probability. The bucket, [0.0,0.1], contains the
figuration in (Zhang et al., 2009). guery with a classifier probability greater than 0 but

For evaluating our methods, we randomly exiess than 0.1. Our results are compared with organic
tracted 800 queries from the Implicit Timestampsearch results, but we also show the improvements
queries. We scraped a commercial search engine usrer search organic by (Zhang et al., 2009) in the
ing the 800 queries. We extracted the top five seardirackets. Because Zhang’'s approach output differ-
results for each query under three configures: oent classifier values from Ours for the same query,
ganic search engine results, (Zhang et al., 2009)muckets of the same range in the Table contain dif-
method and ours using REQ classifier. We askef@rent queries. Hence, it is inappropriate to compare

k .
20 —1
DCG@k = ; TrE)
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Zhang’s with Ours for the same buckets except the Aleksandr Kolcz. 2005. Automatic web query classi-

last row where we used all the queries. fication using labeled and unlabeled training data. In
Our classifier's overall performance is much bet- SIGIR 03 pages 581-582. .

ter than the organic search results. We achieveft Bererich, M. vazirgiannis, and G. Weikum. 2005.

2.74% DCG@5 gain and 3.6% DCG@1 gain over ;'{;fé%‘g’fg%;umomy rankings.  Internet Math

organic search for all queries. The gains are high%r. Breiman, J. Friedman, R. Olshen, and C. Stone. 1984.

than (Zhang et al., 2009)'s results with regards 10 cassification and Regression Treed/adsworth and
improvement over organic results. By direct com- Brooks, Monterey, CA.

parison, Ours was 2.7% better than Zhangs signis. Brin and L. Page. 1998. The anatomy of a large-
icantly in terms of DCG@1 by Wilcoxon signifi-  scale hypertextual web search engiféoceedings of
cant test. DCG@5 is 1.1% better, but not signifi- International Conference on World Wide Web

cant. The table also show that the higher buckefddréi Z. Broder, Marcus Fontoura, ~Evgeniy

. . . . . . Gabrilovich, Amruta Joshi, Vanja Josifovski, and
with higher probability achieved higher DCG gain Tong Zhang. Robust classification of rare queries

than the lower buckets over_all. Our approach ob- using web knowledge. IBIGIR '07, pages 231-238.
served 16.78% DCG@1 gain for bucket [0.9,1.0]chih-Chung Chang and Chih-Jen Lin, 2001BSVM: a

This shows that our methods are very effective. library for support vector machinesSoftware avail-
] able at http://www.csie.ntu.edu.tw/ ¢jlin/libsvm.
7 Conclusions J. Cho, S. Roy, and R. Adams. 2005. Page quality: In

. . search of an unbiased web rankifyoc. of ACM SIG-
We found most of REQ are long tail queries that MOD Conference

pose a major challenge to Web search. We have pia; 2009, Integration of news content into web re-
demonstrated learning REQ is important for Web syits. Proceedings of the Second ACM International

search. this type of queries can't be solved in tra- Conference on Web Search and Data Mining (WSDM)
ditional ranking method. We found building a REQ pages 182-191.

classifier was a good solution. Our work describednlei Dong, Yi Chang, Zhaohui Zheng, Gilad Mishne,

using machine learning method to build REQ clas- Jing Bai, Ruigiang Zhang, Karolina Buchner, Ciya

sifier. Our proposed methods are novel compar- Liao, and Fernando Diaz. 2010a. Towards recency

) . . - ranking in web searctProceedings of the Third ACM
ing with traditional query classification methods. International Conference on Web Search and Data

We identified and developed features from query \jining (WSDM) pages 11-20.

log, search session, click and time series analysisnlei Dong, Ruigiang Zhang, Pranam Kolari, Jing
We applied several ML approaches including Naive Bai, Fernando Diaz, Yi Chang, Zhaohui Zheng, and
Bayes, SVM and GBDT tree to implement REQ Hongyuan Zha. 2010b. Time is of the essence: im-
learner. Finally, we show through ranking experi- Proving recency ranking using twitter datedth Inter-
ments that the methods we proposed are very effec-national World Wide Web Conference (WW\pgges

. - . . 331-340.
tive and beneficial for search engine ranking. Jonathan L. Elsas and Susan T. Dumais. 2010. Lever-

aging temporal dynamics of document content in rele-
vance ranking. I'WSDM pages 1-10.

We express our thanks to who have assisted dsH. Friedman. 2001. Greedy function approximation:
to complete this work, especially, to Fumiaki Ya- A gradient boosting machine. Annals of Statistics
maoka, Toru Shimizu, Yoshinori Kobayashi, Mit- 29(5):1189-1232.

. . Kalervo Jarvelin and Jaana Kekalainen. 2002. Cumu-
suharu Makita, Garrett Kaminaga, Zhuoran Chen. lated gain-based evaluation of IR techniquesCM

Transactions on Information Syster2€:2002.
K. Sparck Jones, S. Walker, and S. E. Robertson. 2000.
A probabilistic model of information retrieval: devel-
R. Baeza-Yates, F. Saint-Jean, and C. Castillo. 2002. opment and comparative experimentmf. Process.
Web dynamics, age and page quaB8tring Process- Manage, 36(6):779-808.
ing and Information Retrievapages 453-461. A. C. Knig, M. Gamon, and Q. Wu. 2009. Click-through
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