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Abstract. In this paper, we try to find empirically the optimal
dimensionality in data-driven models, Latent Semantic Analysis (LSA)
model and Probabilistic Latent Semantic Analysis (PLSA) model.
These models are used for building linguistic semantic knowledge which
could be used in estimating contextual semantic similarity for the target
word selection in English-Korean machine translation. We also facilitate
k-Nearest Neighbor learning algorithm. We diversify our experiments by
analyzing the covariance between the value of k in k-NN learning and
accuracy of selection, in addition to that between the dimensionality and
the accuracy. While we could not find regular tendency of relationship
between the dimensionality and the accuracy, however, we could find
the optimal dimensionality having the most sound distribution of data
during experiments.
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1 Introduction

Data-driven models in this paper are much beneficial in natural language pro-
cessing application because the cost for building new linguistic knowledge is
very expensive. But only raw text data, called untagged corpora, are needed in
data-driven models of this paper. LSA is construed as a practical expedient for
obtaining approximate estimates of meaning similarity among words and text
segments and is applied to various application. LSA also assumes that the choice
of dimensionality can be of great importance[Landauer 98]. The PLSA model is
based on a statistical model which has been called aspect model[Hofmann 99c].
In this paper, we ultimately have tried to find out regular tendency of covariance

� � � This work was supported by the Korea Ministry of Science and Technology under
the BrainTech Project

K.-Y. Whang, J. Jeon, K. Shim, J. Srivatava (Eds.): PAKDD 2003, LNAI 2637, pp. 111–116, 2003.
c© Springer-Verlag Berlin Heidelberg 2003

Verwendete Distiller 5.0.x Joboptions
Dieser Report wurde automatisch mit Hilfe der Adobe Acrobat Distiller Erweiterung "Distiller Secrets v1.0.5" der IMPRESSED GmbH erstellt.Sie koennen diese Startup-Datei für die Distiller Versionen 4.0.5 und 5.0.x kostenlos unter http://www.impressed.de herunterladen.ALLGEMEIN ----------------------------------------Dateioptionen:     Kompatibilität: PDF 1.3     Für schnelle Web-Anzeige optimieren: Nein     Piktogramme einbetten: Nein     Seiten automatisch drehen: Nein     Seiten von: 1     Seiten bis: Alle Seiten     Bund: Links     Auflösung: [ 2400 2400 ] dpi     Papierformat: [ 595.276 841.889 ] PunktKOMPRIMIERUNG ----------------------------------------Farbbilder:     Downsampling: Ja     Berechnungsmethode: Bikubische Neuberechnung     Downsample-Auflösung: 300 dpi     Downsampling für Bilder über: 450 dpi     Komprimieren: Ja     Automatische Bestimmung der Komprimierungsart: Ja     JPEG-Qualität: Maximal     Bitanzahl pro Pixel: Wie Original BitGraustufenbilder:     Downsampling: Ja     Berechnungsmethode: Bikubische Neuberechnung     Downsample-Auflösung: 300 dpi     Downsampling für Bilder über: 450 dpi     Komprimieren: Ja     Automatische Bestimmung der Komprimierungsart: Ja     JPEG-Qualität: Maximal     Bitanzahl pro Pixel: Wie Original BitSchwarzweiß-Bilder:     Downsampling: Ja     Berechnungsmethode: Bikubische Neuberechnung     Downsample-Auflösung: 2400 dpi     Downsampling für Bilder über: 3600 dpi     Komprimieren: Ja     Komprimierungsart: CCITT     CCITT-Gruppe: 4     Graustufen glätten: Nein     Text und Vektorgrafiken komprimieren: JaSCHRIFTEN ----------------------------------------     Alle Schriften einbetten: Ja     Untergruppen aller eingebetteten Schriften: Nein     Wenn Einbetten fehlschlägt: AbbrechenEinbetten:     Immer einbetten: [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]     Nie einbetten: [ ]FARBE(N) ----------------------------------------Farbmanagement:     Farbumrechnungsmethode: Farbe nicht ändern     Methode: StandardGeräteabhängige Daten:     Einstellungen für Überdrucken beibehalten: Ja     Unterfarbreduktion und Schwarzaufbau beibehalten: Ja     Transferfunktionen: Anwenden     Rastereinstellungen beibehalten: JaERWEITERT ----------------------------------------Optionen:     Prolog/Epilog verwenden: Ja     PostScript-Datei darf Einstellungen überschreiben: Ja     Level 2 copypage-Semantik beibehalten: Ja     Portable Job Ticket in PDF-Datei speichern: Nein     Illustrator-Überdruckmodus: Ja     Farbverläufe zu weichen Nuancen konvertieren: Ja     ASCII-Format: NeinDocument Structuring Conventions (DSC):     DSC-Kommentare verarbeiten: Ja     DSC-Warnungen protokollieren: Nein     Für EPS-Dateien Seitengröße ändern und Grafiken zentrieren: Ja     EPS-Info von DSC beibehalten: Ja     OPI-Kommentare beibehalten: Nein     Dokumentinfo von DSC beibehalten: JaANDERE ----------------------------------------     Distiller-Kern Version: 5000     ZIP-Komprimierung verwenden: Ja     Optimierungen deaktivieren: Nein     Bildspeicher: 524288 Byte     Farbbilder glätten: Nein     Graustufenbilder glätten: Nein     Bilder (< 257 Farben) in indizierten Farbraum konvertieren: Ja     sRGB ICC-Profil: sRGB IEC61966-2.1ENDE DES REPORTS ----------------------------------------IMPRESSED GmbHBahrenfelder Chaussee 4922761 Hamburg, GermanyTel. +49 40 897189-0Fax +49 40 897189-71Email: info@impressed.deWeb: www.impressed.de

Adobe Acrobat Distiller 5.0.x Joboption Datei
<<     /ColorSettingsFile ()     /AntiAliasMonoImages false     /CannotEmbedFontPolicy /Error     /ParseDSCComments true     /DoThumbnails false     /CompressPages true     /CalRGBProfile (sRGB IEC61966-2.1)     /MaxSubsetPct 100     /EncodeColorImages true     /GrayImageFilter /DCTEncode     /Optimize false     /ParseDSCCommentsForDocInfo true     /EmitDSCWarnings false     /CalGrayProfile (Ø©M)     /NeverEmbed [ ]     /GrayImageDownsampleThreshold 1.5     /UsePrologue true     /GrayImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>     /AutoFilterColorImages true     /sRGBProfile (sRGB IEC61966-2.1)     /ColorImageDepth -1     /PreserveOverprintSettings true     /AutoRotatePages /None     /UCRandBGInfo /Preserve     /EmbedAllFonts true     /CompatibilityLevel 1.3     /StartPage 1     /AntiAliasColorImages false     /CreateJobTicket false     /ConvertImagesToIndexed true     /ColorImageDownsampleType /Bicubic     /ColorImageDownsampleThreshold 1.5     /MonoImageDownsampleType /Bicubic     /DetectBlends true     /GrayImageDownsampleType /Bicubic     /PreserveEPSInfo true     /GrayACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>     /ColorACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>     /PreserveCopyPage true     /EncodeMonoImages true     /ColorConversionStrategy /LeaveColorUnchanged     /PreserveOPIComments false     /AntiAliasGrayImages false     /GrayImageDepth -1     /ColorImageResolution 300     /EndPage -1     /AutoPositionEPSFiles true     /MonoImageDepth -1     /TransferFunctionInfo /Apply     /EncodeGrayImages true     /DownsampleGrayImages true     /DownsampleMonoImages true     /DownsampleColorImages true     /MonoImageDownsampleThreshold 1.5     /MonoImageDict << /K -1 >>     /Binding /Left     /CalCMYKProfile (U.S. Web Coated (SWOP) v2)     /MonoImageResolution 2400     /AutoFilterGrayImages true     /AlwaysEmbed [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]     /ImageMemory 524288     /SubsetFonts false     /DefaultRenderingIntent /Default     /OPM 1     /MonoImageFilter /CCITTFaxEncode     /GrayImageResolution 300     /ColorImageFilter /DCTEncode     /PreserveHalftoneInfo true     /ColorImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>     /ASCII85EncodePages false     /LockDistillerParams false>> setdistillerparams<<     /PageSize [ 595.276 841.890 ]     /HWResolution [ 2400 2400 ]>> setpagedevice



112 Y.-S. Kim, J.-H. Chang, and B.-T. Zhang

between dimensionality and soundness of acquired knowledge in natural lan-
guage processing application, especially in English-Korean machine translation.
We utilized k-Nearest neighbor learning algorithm to resolve the meaning of un-
seen word or data sparseness problem. Semantic similarity among words should
be estimated and the semantic knowledge for similarity could be built from the
data-driven models to be shown in this paper[Kim 02b]. We also extended our
experiment by computing covariance values between k in k-NN learning and
selectional accuracy.

2 Knowledge Acquisition Models

Next two subsections will explain what LSA and PLSA are and how these two
models can build the linguistic knowledge for measuring semantic similarity
among words.

2.1 Latent Semantic Analysis Model

LSA can extract and infer relations of expected contextual usage of words in
passages of discourse[Landauer 98]. LSA applies singular value decomposition
(SVD) to the matrix explained in [Landauer 98]. SVD is defined as

A = UΣV T (1)

,where Σ is a diagonal matrix composed of nonzero eigen values of AAT or AT A,
and U and V are the orthogonal eigenvectors associated with the r nonzero
eigenvalues of AAT and AT A, respectively. The details of above formula are
described in [Landauer 98]. There is a mathematical proof that any matrix can
be so decomposed perfectly, using no more factors than the smallest dimension
of original matrix. The singular vectors corresponding to the k(k ≤ r) largest
singular values are then used to define k-dimensional document space. Using
these vectors, m × k and n × k matrices where m and n is the number of rows,
Uk and Vk may be redefined along with k × k singular value matrix

∑
k. It is

known that Ak = UkΣkV T
k is the closest matrix of rank k to the original matrix.

The term-to-term similarity is based on the inner products between two row
vectors of A, AAT = UΣ2UT . One might think of the rows of UΣ as defining
coordinates for terms in the latent space. To calculate the similarity of two words,
V1 and V2, represented in the reduced space, cosine computation is used:

cos φ =
V1 · V2

‖ V1 ‖ · ‖ V2 ‖ (2)

Knowledge acquired from above procedure has a characteristics like that of peo-
ple before and after reading a particular text and that conveyed by that text.
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2.2 Probabilistic Latent Semantic Analysis

PLSA is based on aspect model where each observation of the co-occurrence data
is associated with a latent class variable z ∈ Z = {z1, z2, . . . , zK} [Hofmann 99c].
A word-document co-occurrence event, (d, w), d for documents and w for words,
is modelled in a probabilistic way where it is parameterized as in

P (d, w) =
∑

z

P (z)P (d, w|z)

=
∑

z

P (z)P (w|z)P (d|z), (3)

P (w|z) and P (d|z) are topic-specific word distribution and document distribu-
tion, respectively. The objective function of PLSA, unlike that of LSA, is the
likelihood function of multinomial sampling. The parameters P (z), P (w|z), and
P (d|z) are estimated by maximizing the log-likelihood function

L =
∑

d∈D

∑

w∈W

n(d, w) log P (d, w), (4)

and this maximization is performed using the EM algorithm. Details on the
parameter estimation are referred to [Hofmann 99c]. To estimate the similarity of
two words, w1 and w2, we compute the similarity of w1 and w2 in the constructed
latent space. This is done by

sim =
∑

k P (zk|w1)P (zk|w2)∑
k P (zk|w1)P (zk|w1)

∑
k P (zk|w2)P (zk|w2)

(5)

P (zk|w) =
P (zk)P (w|zk)

∑
l P (zl)P (w|zl)

(6)

3 Target Word Selection Process

We used grammatical relations stored in the form of a dictionary for target word
selection. The structure of the dictionary is as follows [Kim 01]:

T (Si) =






T1 if Cooc(Si, S1)
T2 if Cooc(Si, S2)

. . .
Tn otherwise,

(7)

where Cooc(Si, Sj) denotes grammatical co-occurrence of source words Si and
Sj , which one means an input word to be translated and the other means an argu-
ment word to be used in translation, and Tj is the translation result of the source
word. T (·) denotes the translation process. One of the fundamental difficulties
is the problem of data sparseness or unseen words. We used k-nearest neighbor
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method that resolves this problem. The linguistic knowledge acquired from latent
semantic spaces is required when performing k-NN search to select the target
word. The nearest instance of a given word is decided by selecting a word having
the highest semantic similarity, which is extracted from the knowledge. The k-
nearest neighbor algorithm for approximating a discrete-valued target function
is given in [Cover 67].

4 Experimental Result

For constructing latent space, we indexed 79,919 documents in 1988 AP news
text from TREC-7 data to 21,945,292 words. From this, 19,286 unique words with
above 20 occurrence was collected and the resulting corpus size is 17,071,211.
Kim et. al[Kim 02b] built a 200 dimension space in SVD of LSA and 128 latent
dimension of PLSA. We, however, made the dimensionality of LSA and PLSA
ranging from 50 to 300 individually because we tried to discover the relation-
ship between the dimensionality and the adequateness of semantic knowledge ac-
quired. We utilized a single vector Lanczos method of SVDPACK[Berry 93] when
constructing LSA space. The similarity of any two words could be estimated by
performing cosine computation between two vectors representing coordinates of
the words in the spaces. We extracted 3,443 example sentences containing pre-
defined grammatical relations, like verb-object, subject-verb and adjective-noun,
from Wall Street Journal corpus and other newspapers text of totally 261,797
sentences. 2,437,188, and 818 examples were utilized for verb-object, subject-verb,
and adjective-noun, respectively.

In the first place, we selected an appropriate target word using a default
meaning, which is selected when there is no target word found in a built-in
dictionary. About 76.81% of accuracy was acquired from this method. Secondly,
we also evaluated the selection from non-reductive dimensionality which is same
as the number of documents used in knowledge acquisition phase, 79,919. Up
to 87.09% of selection was successful. Finally, the reduction was performed on
the original vector using LSA and PLSA. Up to 87.18% of successful selection
was acquired by using LSA and PLSA. However, time consumed in selection
by non-reductive dimensionality was much longer about from 6 to 9 times than
those of LSA and PLSA reduction methods.

And we have also tried to find out regular tendency of covariance between
dimensionality and distributional soundness of acquired knowledge. For this, we
have computed the co-relationship between the dimensionality and the selection
accuracy and between k in the k-NN learning method and the accuracy. Figure
1 shows the relationship between the dimensionality and selectional accuracy
on each k value. In figure 2, the relationship between k in k-NN learning and
accuracy of target word selection over the various dimensionality was shown.

From this experiment, we could calculate the covariance values among sev-
eral factors [Bain 87]. Table 1 shows the covariance between dimensionality and
accuracy and between k and accuracy. As shown in the table, the covariance
value between k and accuracy is much higher than that between the dimension-
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Fig. 1. This figure shows the tendency of selectional accuracy with various dimension-
ality over each k value of k-NN learning. 6 figures are shown for each k value. The line
with ‘X’ (-X-) represents the result from SVD latent space, the line with ‘O’ (-O-) rep-
resents the result from PLSA space, and the other line (-*-) represents the result from
non-reductive space. X-axis represents the dimensionality from 50 to 300 and y-axis
represents selectional accuracy.
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Fig. 2. This figure shows the tendency of selectional accuracy with various k over each
dimensionality. Six figures are shown for each dimensionality value. The line with ‘X’
(-X-) represents the result from SVD latent space, the line with ‘O’ (-O-) represents
the result from PLSA space, and the other line (-*-) represents the result from non-
reductive space. X-dimension represents the k from 1 and from 2% to 10% of samples
and y-dimension represents selectional accuracy.

ality and accuracy. It can be said that the value of k can affect the selectional
accuracy much more than the dimensionality of a reduced vector. In PLSA, the
soundness of space distribution is in the highest position when the dimension-
ality is 150, which could be inferred from the fact that the covariance between
k and the accuracy is located at the top in the case of 150 dimensionality. It is
known that the larger the k value is, the more robust to noisy data the sample
data space is. From this, we can have an analogy that higher covariance value
with k could make more sound distribution of latent space. In contrast, LSA has
the most sound space in its 200 dimensionality. On average, PLSA has a little
higher covariance then LSA. As a matter of fact, PLSA with 150 dimensionality
selected accurate target words the most and LSA with 200 dimensionality se-
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Table 1. The 3 upper rows of the table shows covariance values among k of k-NN
learning and selectional accuracy in accordance to the dimensionality. And 3 lower
rows show the covariance between dimensionality and accuracy for each k.

dim 50 100 150 200 250 300 avg
PLSA 52.89 58.35 59.83 32.45 49.02 34.84 47.90
SVD 43.54 29.20 44.52 60.09 47.90 19.75 40.83

k 1 2 4 6 8 10
PLSA 7.89 23.91 6.46 0.12 1.79 -2.15 6.34
SVD 0.60 2.15 -5.50 -2.75 -3.11 -5.26 -2.31

lected the most accurately. Consequently, the distributional soundness and the
selection accuracy could be said to have a strongly shared characteristics to each
other.

5 Conclusion

LSA and PLSA were used for constructing the semantic knowledge in this paper.
The dimensionality does not have a specific linkage to the semantic knowledge
construction. However, the value of k could be the essential element. And, PLSA
could build the semantic knowledge robust to the noisy data than LSA.
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