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ABSTRACT 
In this paper, we try to leverage a large-scale and multilingual 
knowledge base, Wikipedia, to help effectively analyze and 
organize Web information written in different languages. Based 
on the observation that one Wikipedia concept may be described 
by articles in different languages, we adapt existing topic 
modeling algorithm for mining multilingual topics from this 
knowledge base. The extracted “universal” topics have multiple 
types of representations, with each type corresponding to one 
language. Accordingly, new documents of different languages can 
be represented in a space using a group of universal topics, which 
makes various multilingual Web applications feasible.  
Categories and Subject Descriptors 
H.3.1 [Information Storage and Retrieval]: Content Analysis 
and Indexing; 

General Terms 
Algorithms, Performance, Experimentation 

Keywords 
Multilingual, Wikipedia, Topic Modeling, Universal-topics 

1. INTRODUCTION 
In Wikipedia, each article describes one concept. Meanwhile, one 
concept is usually described in multiple languages, each language 
corresponding with one article. All documents associated with one 
concept (concept-unit) are similar in their topics. This motivates 
us to use topic modeling algorithms to mine multilingual topics 
from Wikipedia.  
We propose a novel approach to model multilingual topics from 
Wikipedia data. All term by document matrices of L different 
languages are treated separately. A group of “universal” topics are 
used for modeling documents from different languages. The 
topics are inherently multilingual: each has L types of 
representations and each representation corresponds with one 
language. The links among documents describing the same 
concept are utilized to align topic representations: all these 
documents follow the constraint of sharing one identical topic 
distribution. Based on this unified modeling framework, new 
documents of different languages can be represented within one 
same vector space using the universal multilingual topics. 
Different from previous research work, our approach does not 
require additional linguistic resources like bi-lingual dictionaries 
or translation tools. Also, we exploit Wikipedia to extract 
multilingual topics applicable across multiple languages, instead 
of aligning documents in word or sentence level.  With 
multilingual topics, it is very flexible to organize and utilize Web 
content written in different languages. Our experiments on text 
classification and document recommendation task indicate our 
topic modeling approach is effective. 

2. MULTILINGUAL TOPIC MODELING 
We adapt Latent Dirichlet Allocation (LDA) to model 
multilingual topics (ML-LDA). We assume all the documents of a 
concept unit, although in different languages, share identical topic 
distribution. Figure 1 presents the graphical model of ML-LDA. 

 
Figure 1. Graphical model representation of ML-LDA. 

The notations are similar to those in LDA [1][2].  Here Lj denotes 
one language and 

jLk ,ϕr denotes the word distribution for topic k in 

Language Lj. We modify Gibbs Sampling [2] method for the 
estimation of ML-LDA. Here in one concept-unit, documents in 
different languages share the same topic distribution but use 
different word distribution for each topic. Thus we compute 
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where t denotes the index of the current word in Gibbs Sampling 
procedure. 

jLV is the vocabulary size of language Lj. m is the index 

of concept-unit. We compute 
jLk ,ϕr  by using: 

∑ =
+

+
=

jL

jj

jj

j V

v
v
L

v
Lk

t
L

i
Lk

Ltk
n

n

1 ,

,
,,

)( β

β
ϕ

 

3. TOPIC MINING EXPERIMENTS 
We have built a document-aligned comparable corpus from 
Wikipedia which was released on March 12, 2008. We only use 
77,390 concept-units written in either English or Chinese.  When 
ML-LDA is used, we set the hyper parameters α and β to be 0.5/K 
and 0.1 respectively, where K is universal-topic number ranging 
from 50 to 600, with 50 as the step size. For each value of K, the 
model is estimated using 200 Gibbs Sampling iterations.  
Table 1 shows some example universal-topics produced by ML-
LDA algorithm with K = 400. You can find that each universal-
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topic has two representations: the first line corresponds with the 
distribution of Chinese words and the second line is associated 
with English word distribution. Words on each line are ranked by 
probability score in decreasing order.  

Table 1. Sample of Universal-topics 

1st: 宇宙(universe) 理论(theory) 相对论(principle of relativity)… 
       universe black relativity theory matter time gravitational …  
2nd:足球(football) 年(year) 球(ball) 球员(football player) …  
       football team cup national season world league scored … 
We can also use another way to verify the effectiveness of our 
ML-LDA approach: word mapping between two languages. Given 
two words from different languages, we can measure their 
distance through their probability distributions over universal-
topics. Table 2 gives two word mapping samples.  

Table 2. Word mapping samples 

电脑(computer): computer controller ibm plugged computers 

Computer: 电脑 计算机 硬件 个人计算机 修改 

4. APPLICATIONS 
With universal-topics, we can map the documents of interest in 
different languages into the universal-topic space. In this section, 
we study how such representation can help cross-lingual 
applications. For experiment purpose, we collected a group of 
English and Chinese Web pages from Open Directory Project 
(ODP) website. 8 first level categories are used for experiments. 

4.1 Cross-lingual Text Classification 
Cross-lingual text classification (CLTC) addresses the problem of 
using texts labeled in one language to help classify texts in 
another language [4][5].  We have built two CLTC tasks: 1) 
classify Chinese pages by using the training data in English (En-
to-Ch); 2) classify English pages by using the training data in 
Chinese (Ch-to-En).  Support Vector Machine (SVM) algorithm is 
used as the basic classifier. Accuracy measure is adopted to 
evaluate the performance of the classification results.  
We compare our universal-topic based approach with a translation 
based CLTC method (“Translation”). In “Translation” approach, 
the target texts are first translated into the language of source text 
and are then classified by the classifier trained with the source 
texts. Terms of Web pages are weighted by the Term Frequency 
(TF) scheme. The translation is based on two bilingual 
dictionaries (from Chinese to English and from English to 
Chinese respectively) downloaded from [3]. In this comparison, 
the ML-LDA model with K=400 is used. 

Table 3. Comparison of Text Classification Results 

  Universal-topic based Translation 
Ch-to-En 60.5303 48.2396 
En-to-Ch 64.0129 59.7303 

Table 3 shows the comparison results. We can see that, on both 
CLTC tasks, the universal-topic based approach outperforms the 
translation based method. The experimental results obtained in 
this section indicate that universal-topics learned from Wikipedia 
by ML-LDA models can indeed help CLTC tasks.   

4.2 Cross-lingual Document Recommendation 
In this paper, we define the cross-lingual document 
recommendation (CLDR) as: given a document, retrieve the 

related documents in a different language. Two tasks are 
experimented: 1) Given a Chinese Web page (source), 
recommend related English Web pages (Chi-to-En). 2) Given an 
English Web page (source), recommend related Chinese Web 
pages (En-to-Ch). 
In this experiment, we adopt the following precision measure to 
empirically evaluate the recommendation results. 
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where Q denotes query set, T(n) denotes the set of top n most 
related pages and f(·) denotes class label. We measure the 
relatedness between two pages written in different languages in 
universal-topic space. In this experiment, the cosine similarity is 
utilized. We also compare our algorithm with the “Translation” 
approach in our experiment. In both CLDR tasks, we do 
recommendation for all source pages. 

Table 4. Comparison of Recommendation Results 

n   1 3 5 7 9 

Universal-topic 0.49 0.48 0.47 0.46 0.46 Ch-to-
En 

Translation 0.31 0.30 0.30 0.29 0.29 

Universal-topic 0.49 0.46 0.46 0.46 0.45 En-to-
Ch 

Translation 0.31 0.3 0.29 0.28 0.28 
Table 4 gives the comparisons between two recommendation 
approaches on both CLDR tasks. The recommendation precision 
will decrease when the value of n grows. This is reasonable, 
because, when more pages are recommended, there is higher 
probability of recommending some irrelevant pages. We can see 
that the universal-topic based recommendation approach 
outperforms the translation based method regardless of n. 

5. CONCLUSION 
In this paper, we proposed a novel approach, ML-LDA, to mine 
multilingual topics from Wikipedia. Our experiments showed that 
ML-LDA is suitable for discovering multilingual topics 
(universal-topics). With universal-topics, documents in different 
languages can be represented within the same vector space. 
Therefore cross-lingual similarity can be measured without 
machine translation, which makes various cross-lingual 
applications feasible. 

6. REFERENCES 
[1] D.Blei, A.Ng and M.Jordan. Latent Dirichlet Allocation. 

JMLR, 3:993-1022, 2003. 

[2] G.Heinrich. Parameter estimation for text analysis. Technical 
report, 2005. 

[3] http://projects.ldc.upenn.edu/Chinese/ 

[4] J.Olsson, D. Oard and J.Hajic. Cross-language text 
classification. In Proc. of SIGIR-05, pages 645-646, 2005. 

[5] Y.Wu and D.W.Oard. Bilingual topic aspect classification 
with a few training examples. In Proc. of SIGIR-08,  pages 
203-210, 2008. 

 

WWW 2009 MADRID! Poster Sessions: Thursday, April 23, 2009

1156



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.33333
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


