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ABSTRACT through information 10], and qery and document classification
The leading web search engines hasent a decade building [11] are all important features for modern web searcfkean
highly specialized ranking functions for English web pagese These features often dono6t trans|

of the reasons these ranking functions are effeditieat they are ~ Because of lack of exposure, useful and importanttrglish

designed around featuresch as PageRapdutomaticquery and sites often have IowlPageRank. When entering a newilinguistic
domain taxonomies, and clitkrough information etc market, a search engine does not have a large user basticknd

Unfortunately, many of these features are absent or altered inthrough information can be unreliablearge, reliable training sets
other languages. In this work, we show how to exploisghe for query and webpage classification are often unavailaternn
English features for a subset of Chinese quesibich we call Englishlanguages.

linguistically nonlocal (LNL). LNL Chinese queries have a At the same time, aignificant portion of nonEnglish queries

minimally ambiguous English translatiavhich also functions as  have unambiguous translationganEnglish which also function

a good English queryWe first show how to identifypairs of as good English queriesWe designate thesejueries as

Chine® LNL queries and their English counterparts from Chinese linguistically norrlocal (LNL). As anexample, the Chinese query

and English query logs. Then we show how to effectively exploit 5 O can be tHaanm gy, a®tuerd feravkich i

these pairs to improve Chinese relevance ranking. Our improvedap, nqant and useful English information exigts.,sites devoted

relevance ranker proceeds {1y translating a query into English, 4 the books and movigsFor this querythe features from the

(2) computing a crosbngual relational graph between the gpqjish documents may be able to provide us with useful
Chinese and English documents, andgf@ploying the relational information in ChineseBy contr ast the Chine:
rankingmethod ofQin et al. [15] to rank the Chinese documents. o Ndrthern [China] skilled person net\’/vork)- haé on ”

Our technique gives consistent improvements over a-gtates . . : .
art Chirese mondingual rankeron web search data from the immediate English counterpart. Even if we were able to accurately
Microsoft Live China search engine translate this query into English, the resulting English documents

are sparse and noseful.

Categories and Subject Descriptors This work describes a ethod for improving search quality for
H.3.3[Informat|on Storage and Retrieval: Information Search linguistically nonlocal Chinese queries by exploiting English
and Retrieval. information. Our methodalls under theframeworkof machire
learning for search ranking [, 5, 7, 10,15, 21]. We trah our
Gen_eral Terms . . model using a list ofChinese LNL queries together with
Algorithms, Performance, Experimentation. relevance judgments for a list of Chinese documents. Training
proceeds as follows: For each Chinese query, we first translate it
into English andetrieve a list of English document§, B]. We
then use a dictionaflgased translation system to compute cross
lingual similarities among the Chinese and English documents
[13]. Finally, we use these crofisgual similarities to learn a
1. INTRODUCTION relational ranking function for the Chinese document. [fve
show consistent improvement in relevance ranking, as measured
by normalized discounted cumulative gain (NDCG@)] pn a
corpus of web search daad relevance judgments from the MSN
Live search engine2B, 24].

Keywords
Learningto-rank, non-English web searchquery translation,
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The English web is larger and has existed longer than the web in
any other language. Because of this, English search engines ha
been tuned for longer and with more effort than search engines in
other languagesStatic link analysisuch as PageRang][ click-

While our simple procedure does lead to imged search results,
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Table 1. Examples of linguisticallynon-local (left columns)and local (right columns) Chinese queres, together with their
English translations or glosses For the linguistically non-local queries, English results may help us perform better Chinese
ranking. For local queries, Englishresults are unlikely to be helpful.

Linguist_ically non -local English translation Local Chinese English gloss
Chinese query query
Ford Motor Company Q The poems of LBai
E" T public relations Sichuan Changhong cell phones
- Harry Potter Great Red Eagle [Tobacco]
I music appreciation . Northern [China] skilled person network

better onstructecthan other languages, this is an immediate area 3. A MOTIVATING EXAMPLE

for further exploration. The latter part of this paper is devoted to With our taxonomyv of Chinese queriaslinquistically local and
exploring current and future approaches for using English - ny q 9 Y .
: ; non-local in Section 2we expectthat the relevance ranking of
information. ) - . ;
ChineseLNL queries, such adoreign names globally hot topics,
The rest of this paper is organized as follows: Section 2 introducesgeneral conceptgtc, will benefitfrom informationcontained in
the concept of LN queries Section 3 gives a realorld LNL the returned documents of theiorresponding English queries.
guery example that motivates our ranking scheme; in Section 4, For example, givetheC h i n e s e #q u eor(HarryfPotte),
we present our ranking model by using relational relevance search resultfrom the English query tend to be more relevant
information across different languages; Section 5 d&esis than just searchingby Chinese because éhconcept is more

experimentsand results; Section iresens the related work and popular in the Englisispeakingwvorld.
we conclude with a brief discussion of future workSaction 7 Figure 1shows ranking judgments for Chinese websites retrieved
and 8 . o | .
when given the queryi # 0. For each retrieved document
we give a human gig men't (in bol ddor atnogi n
fiEx cel | ent O. These judgments were
2. LINGUISTICALLY NON-LOCAL English translations and this work. Similarlyf, we retrieve
QUERIES English documentasngthet r ans | at i on fldanr ry Po
Defining what makes a query linguisticatipn-ocalis a difficult theresults shownn the second columrSome documents among

problem. Because of this, wese an automatic definition derived ~these resuitareconceptually quite similasuch as CZ1 & E2
from query logs and a large bilingual dictionary. We designate a (all are official sites of the movie), C& E3 (they are about the
Chinese query as linguisticallgorrlocal if its translation also ~ fiSorcerer's Storte )t andC4& E4 (unofficial fars site.

occurs in the English query logable 1gives several examples of  |f we ignoreinter-documensimilarity and use a ranker based only
linguistically local and nonlocal Chinese queriefom the query  on the Chinese queries, we obt#ire results given in the third
logs of a major search engin&ven if we could translate the  column, where thenofficial site http:/club.52harrypotter.coris
linguistically local Chinesequerieg, we cannot expect a large  ranked the highest.However, by exploiting crosslingual
amount of rich English information (when compared to the similarities, we can use the fact that, 2, and C3 are similar to
Chinese). On the other handecause the translations of the English documents which have strong PageRank, -thimugh,
linguistically nonlocal queries occur in the English query log and domain recognitiorFrom a learnig-to-rank perspective, this
itself, we know a priori that theyield reasonable queries information can be exploited to help us learrbetter ranking
Even if we were able to achieve improvements ot lgNeries it function which increases the scores of C1, C2, and C3. Because
would only be worthwhile if therevere a significant number of 94 is not as similar to an officiali English site, its score will not be
them to begin with. We selected 32,730 Chinese queries andincreased. Indeed, we choshist example to showcase our
translated them into English. After automatic translation with a improved relevance ranker (shown at the rightmost column). By
ChineseEnglishdictionarywith 940,000 unique entriesve were training a ranker which exploittocumensimilarities, we are able

left with 7,008 querieswhose translabins also appeared imn to rank the websites C1, C2, and C3 above C4. The next section
English query logof size about 7.2 million After manually describes in detail how we traihig rankerto improve theweb
checking these queries, we fourR|767 that were perfect searchranking for LNLChinesegueries

translations.The final ratio 8,767/ 32,730) yields the estimate
that 11.5% of queries aré.NL queries We emphaize, though,
that with an improved dictionary and larger query logs, this ratio
may rise even higher.

! The linguistically local queries here did nappear in our
dictionary. We provided the glosses ourselves.
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E1 - http://harrypotter.warnerbros.com/main/homepage/intro.htmi
(Excellent)

Harry Potter The Official Site The Offial Harry Potter Website C4 C1
offers content, games and activities which seamlessly extend the
magi cal world of Harry Potter

E2 - http://harrypotter.warnerbros.co.uk/diversions/index. html
(Good)

Harry Potter | En & Games The official site of Harry Potter! Movie C1 Cc3
trailers, film clips, behind the scenes at Hogwarts. JK Rowlings'
wizards and witcheds Harry Polf

E3- http://us.imdb.com/title/tt024152 Fair)

Harry Potter and the Sorcerer's Stone (20@Ipt summaryHarry Cc3 c2
Potter and the Sorcerer's Stone on IMDb: Movies, TV, Celebs, an
more...

E4 - http://www.alivans.com(Fair)

Magic Wands for Hay Potter wands fansSee our Magic
WandsMagic Wands from Alivan's are handcrafted to meet the Cc2 C4
requirements of even the great wizard Harry Potter's wand and al
similar to Harry Potter wands:/

E5- http://news.bbc.co.uk/cbbcnews/hi/specials/harry_pofBet])

Ent. Harry Potter Publishing Rights © J.K.R. Harry Potter CBBC Newsround | Specials | Harry PotterCBBC Newsrouvour C5 C5
characters, names and related indicia are trademarks of and { stories, your worldf i r st ! &

Warner Bros. ...

Figure 1. Improving the search results ofChinese LNL queryfi # 0 (left-most column) by leveraging the interdocument
similarity across different languages, i.e., thaelationship with the i nf or mati on i n search res
Potterd (second col umn). E n h a n ¢ e dghtrmest ¢olumngcomparesl to the third column. b €

4. ARANKING MODEL FOR L NL
QUERIES

Given a set of linguisticallyhonlocal Chinese queries together
with their unranked Chinese documents, we train a ranking model
in three steps. First we translate each query into English and us

4.2 Crosslingual Similarity

Once we have obtained an English query and corresponding list of
documents, th crucial next step (step 2 inigkre 2) is to
determine the similarity between Bhse and English documents.
é{Ve define a similarity scoresinfc,e) betweena Chinese and

an English search engine to obtain English documents. Ween ~ English document to be a function mapping pairs of documents to
construct a similarity graph, where nodes represent Chinese and® Positive real numbetntuitively a good similarity measure is

English documents, and edges between nodes represent cros@N€ Which maps crodigual relevant documents together, and
lingual similarity. Finally we use this graph to train a relational Maintains a large distantetween irrelevant Chinese documents

ranking SVM [B]. This proceduresi described formally inifure and relevant English documents and wieesa.
2, and the rest of this section is devoted to describing it in detail. We use the similarity measure proposedNiattieu et al.[13].

4.1 Query Translation

Using the same dictionary as for quémnslation, we lefl (c,€)

For each Chinese queryour first step is toidentify a indicate the set of pairg¢w,,w,) such thatw, is a word in
corresponding English query. Our query translation uses a largeChinesedocumentc, w, is a wordin English documene, and

static dictionary based amstatistical qery translation modgb],
and we do not investigate the quality of our query translation in

w, is the English translation ofv, . We define tf(w,,c) and

this work. In our experiments, we pgsbcess outraining and tf(w,,€) to be the term frequency of termv, in documentc
testing data manually to obta®hineseEnglish query pairs that  andw, in documente, respectively. Letdf(w,) be the Chinese

we are certain are correct. Inpdeying a real ranker, of course,
we would not have the option of manually ppsbcessing queries

document frequency for ternw, (with an analogous English

to ensure that they are correct valiliL query pairs. But we definition). If n, is the total number of Chinese documertiteen
emphasize that there has been significant research in thefarea n,
bilingual lexicon extractiofig], and we expect that our dictionary ~ 1df(w,) = '09W .

can be significantly improved.
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Input: Chinese queries and documents

{qi 1{Cij }Ijn;l}lnfl

Output:  Learned ranking model which maps
from query - document pairs to real - valued
scores f:(g,c)- A

(1) For each query q

Translate g, into English to

obtain English documen ts {el}r,

(2 For each query q

Usingabi - lingual dictionary,
compute a similarity adjacency
matrix , with  R;(j,k) =sin(g,§,)

Let L,=D,- R, bethegraph

Laplacian for R,

() Let /, b be free parameters and
€1, rankg) >rankgc)
v :i_l rankc, ) <rankc,) be the entry
:»0, rankc, ) =rankc,)
of pair - wise label constraint matrix
for query g, - Define E =C[(1+6L)Y

Return the solution to the
minimization problem

. 2 S ) .
minff[F+/8 & & maxly, 1§ - &)+1.0]
i=1 j:lk‘:jzr]l.

Figure 2. Our algorithm for training a ranker for
linguistically non-local Chinese queries based on RRSVM.

Bilingual idf is defined as
n.+n

idf(w.,w)=log— < ¢
dfwe. w.) Ogdf(wc)+df(we)

If letting T(c,e) denote the set of termim c that have no

translation ine and likewise T (e,c) denotethe set of term# e
that haveno translation inc, we can define the similarity
between two documents as

3 th(w,, O)tf (w,, )idf(w,,w,)?
SirT(C, e) - (w,,w,)i T(c,e)
Jz

where

Q

3

Z_é' e . 2 = H 2 <

=é & (tf(w,0idf(w,w,)) + & (tf(w,,c)idf(w,))u
éwC Wi T(c.e) w,iT(c.e) g
é . . 2 P : 2ﬂ
é g (tf(w,eidf(w,w,)) + & (tf(w,,eidf(w,))u
éwc,we)iT(c,e) ﬂ

This simiarity function can be understood as crosdingual

analog to thecommonly usedmonclingual cosine similarity

function.

w,i T (e,c)

4.3 Relational Relevance Ranking

Once we know the most similar English documents for a

particularChinesedocument, we need to use thesrilarities to

help us learn a better ranking function. The relational ranking

support vector machine (RRSVND5] is a variant of the ranking
support vector machine VM) [7] that includes, in addition to
the ranking objective, a constraint which encges similar
documents to have scoréisat are close to one another. In our

case, if a Chinese document is similar to an English document

with high Pageérank or clickthrough features, the RRSVM

objective will automatically encourage the Chinese document to

have a higher score (provided those features are in fact useful).

Let / andY, be defined as ifFigure 2. HereY; is the (j,k)"
entry of the constrat matrix for queryq, . Each entry indicates
one of ¢1, 0, +1) depending on whether Chinese documgnis

less relevantequally relevant, or more relevant to the query than
By dabsorbing the margin constraints into the

documentc, .

objective function, we canow write the ranking SVMRSVM)
objective as

. 2 A ) L
minlf| +/8 & & mady, 17§ - &)+10)
=l j=1 k=j+,
Yi, 0

where/ is a free regularization parameter.

Now let us construct weighted bipartite simildly graph for each

query, where the edge weights for the graph are given by the
similarity scoresin{c,€) . Let the adjacency matrix be defined as

in step (2) of Rgure 2. For a fixed document scoring functibn
and queryq, , the RRSVM finds scoreg; which minimize

A6 2 +2ARGKGE - 2)°

This quadratic can be solved in closed form. The solution is the

minimum energy harmonic funot for the graph characterized
by R;(j.k) [22]:
z=(1+5(D, - R))'Cf

where Di(j,j)=ékRi(j,k) is a diagonal matrix The matrix

L, =D, - R, is the graph Laplacian for the query graph with

adjacencymatrix R, . Finally, now that we know the form of the

scoring function, we may solve for the optinfawhich satisfies
it. This yields the optimization problem from step (3Fajure 2.

Qin et al. [B] compute a scoring functiobased on ranking

constraints for albf the documents corresponding to a particular

query. That is, they introduce labeled constraints for every node
in the graph. In contrast, we are interested only in the Chinese
documents foa particular query. The English documents appear

as similarity nodes in the graph, and thus in tita@sformation
(+b6(D,-R)*',but they dondt
objective. Similarly at test time, we are only inteeeistin the

English documents insomuch as they influence tleescof the
Chinese documents.

appear

n



In Sections 2 and 3, we mentioned that our goal is to make use ofof our monalingual, crosdingual, and joint similarity graphs and
English features such as PageRank and-tfiocbkugh that may be  show normalized discounted cumulative gain (NDC(B] for
unavailable or unreliable in othémnguages. In our technique, these modelssge Table 2NDCG is an IR evaluation metric that
these features appear in the transformed instance matrixcan handle multiple levels of relevance following the principles
&E =C[(I+£L,)" but not in the original matrixC, . that highly relevant documents are more valuable than marginally

' ' ' ' relevant onesandthe documentwith a higher ranking positiolis
more valuable because it is more likely to be examinethe user
than thatwith a lower ranking position)rhen we selected each of
these results by choosing the best possibje  settings of -hyper
p%raemci\tgrsk t(géaph? 18c8) kneigm:)grkr\ogd sllze'a)n% % . e g rby
optimal hypetfparameters are determinday maximizing the
average relative gain in NDCGhat is for each of mondingual,

5. EXPERIMENTS AND RESULTS crosslingual and ¢int similarity graphs, we choose the best

In this section wagive the results o series of experiments using Seting of k and b for the average relative improvement in

Unfortunately, because of the nbimear matrix inversion, this is
difficult to express directly in terms of the original feature space.
In general for a particular Chinese document, however, its
transformed version is fAsmoot
English (and indirectly, Chinese) documents.

our proposed algorithiim web searchiankingfor LNL queries NDCG over the negraph baselinat different ranking positions
. For a particular modeim, we write NDCG, to be the model
5.1 Dataset andBaselines NDCG andNDCG_to be the ND@Gaphot medah

Because thisworkshop focuses on web search, all of our
experiments arperformed on annotated Chinese amgjlish data ! > - " )
of the MSN Live search engine 3224]. As we mentioned in  Improvement in NDCGdyver ranking positiors 1, 3, and Sin our
Section 2, we built our training set by choosing randoendyibset €258 is defined as

of (labeled) Chinese queries from the Chinese query log and q NDCG, @1- NDCG,@1 . 1 NDCG, @3- NDCG,, @3
automatically translating them into English. After thiswe = =

which ignores similarity informationThen the average relative

manually choose 803 pairs of queries which are accurate 3 1- NDCG, @1 3 1- NDCG, @3
translationsThe average number of annotated Chinese documents L1 NDCG, @5- NDCG,, @5
for each of these queries is 25, but there is a large amount of 3 1- NDCG, @5

9

variability (The minimum number of documents is 5 and the

maximum numker is 50).We end up withabout 7000 Chinese Table 2. Performance of RRSVM in terms of NDCG@1,3,5
and 10,000English documents in the data set, respectivieach examined underdifferent similarity measures and compared
document is annotated from O (irrelevant) to 5 (perfect). with the RSVM baseline without using the similarity graph .

For each web page of a given query, the features consist of-query'N€ optimal parameters are resolved by maximizing the
dependent features.¢e, term frequency) and queiydependent  average relative gains over NDCG@1,3,5

features (e.g., PageRank) extracted from the page and the index. NDCG@1 NDCG@3 NDCG@5
Thereare 352 such features in total.

no-graph
Our baseline is aranking SVM, trained only on Chinese (baseline) 65.61 74.08 78.38
documents All of the results we report here arefeld cross monolnaual
validated, with (approximately) 600 queries being used as training| Moneingua 66.33 74.78 78.62
and 200 as testing. All of our results are trained using stochastiq (k=5, b=0.4) (+1.17%) (+0.94%) (+0.31%)
gradient descenfl7] on the lossfunctions ofthe RSVM (see crosslingual 66.74 7481 78.94

Section 4.3 RRSVM tep (3) in Fi 2
ection 4.3) anthe (see step (3) in Figure .2) (k=20,6=0.2) (+1.72%) (+0.99%) (+0.71%)

5.2 Mono-lingual and Joint Similarities

In Section 4, we described a bipartite graph basedhencross
lingual similarity (see Section 4.2) However, it may be that
monolingual similarities alone can give improvement in ranking
accuracy, or that a graplitltvboth crosdingual and mondingual
edges can be more effective than a graph with only Hingoal

edges. We define the montingual similarity between two h.Eurth e . . i | similari

d ts to be thétfsidf) i weighted cosine similarit graph Furthermore, aftese settihgasing crosslingual similarity
ocumen ) ) 9. e Y- improvesover monalingual similarity for NDCG@1, 3, and 5.
Throughaut the rest of this section, motingual similarity refers  Thjs suggests thawhile not perfectthe crosdingual similarity

to a graph built only from Chinese information (and ignoring measuredoes capture usefudimilarity information among the
English). Crossingual similarity refers to bipartite graphs of the  gocuments across diffent languages.

type described inSection 4, where there are ChindSeglish ) - .
b ser ! I Wher e a ! ° It is also worth noticing that the RRSVM improves NDCG@1

edges, but no Chines€hinese edgeslboint similarity graphs are -
those built with both monéingual and crostingual edges. much better than the performance at the rest of the posifibes.
monalingual, crosslingual and joint similarites can boost

As Sction 4 indicates, there are several hyparameters that can  NDCG@1 above the baseline by 1.17%, 1.72% and 1.97%

be tweaked in model design. We investigate varying esarh respectively, whilethe improvements at 3 and 5 arearly less

_these hper—parameters in&tion 5.3. In the end, though_, ourgoal than 1%, andalso NDCG@3 is basically improved larger than

is to compare ranking with crosiagual and mondingual NDCG@5 except for usinint similarity. We donét have a
information.In order to do thiswe select a single ranker for each  explanation for why joint similarity pesfms comparably worse at

joint 66.9 74.46 78.97
(k-all, b=0.5) (+1.97%) (+0.51%) (+0.75%)

As we can see, the RRSVM consistentlypmrforms the naraph
baseline, which implies the effectiveness of usigimilarity
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Figure 3. The comparison of different similarity measures contributing to the performance of Chines documents ranking in
terms of NDCG@1,3,5. The number of nearest neighbotsand the tradeoff parameter are varied to show their influences.

NDCG@s , and ultimately we doknl particllagthegoint gimilarieyis bopsstently @bove the no
understanding of how crodisgual and mondingual similarities graph baseline whek = 20. Its performance degrades with fewer
interact. This is an important area for furthiewestigation. numbes of nearest neighbors used for the cases of NDCG@3 and

5.3 Graph To po | o gy and b 5. Crosslingual similarity performs well under similar situations,

It is often the case that in high dimensional vector spaces such ag,m,'s I.ess robust temaller values ok . However,crosslingual
ours, local similarities can be more reliable than similarities Similarity outperforms both other methods for larigeand small
among more distant points. Because of this, we also investigate £ , resulting in the largest overall average relative gain in NDCG.
truncating the edges for each node to its rmesarneighbors. Finally, monelingual similarity performs best whek=5.

Finally, we examine how the distance changes as we increase the . . - .
tradeoff parametet (seeFigure 3), which governs the relative The variance withk seems to indicate that moiiogual

tradeoff betw the similarit h and th King functi similarity is accurate on a peiocument basis, but overall has
rageott between the simrarity grap _an e_ran INg TUNCUoN. jinjteq ability to impove ranking. In contrast, our current cross
When 6 =0, we use only the ranking function, and as we

lingual similarity measure is accurate only in aggregate across
increase & , we increasingly penalize documents which are many documents. Developing a way to improve ctioggial
nearby in the graph but have dissimilar scores. similarity or to interpolate more accurately between cioggial,

joint, and moneingud similarities is a topic for further research
(see section 7). Finally, we note that while the variation of NDCG
in b is fairly smooth, the graphs do not show a convex shape

with a single clear maximum. Indeed, NDCG may decreade wit

Figure 3 illustrates varying neighborhood sizk (for k=5, 10and
20nodes in the graph) an#l (on the xaxis).As a general trend,
we observe thaall of the similaritiesperformwell under larger



