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ABSTRACT

WebPMI is a popular web-based association measure to evaluate
the semantic similarity between two queries (i.e. words or entities)
by leveraging search results returned by search engines. This paper
proposes a novel measure named CM-PMI to evaluate query
similarity at a finer granularity than WebPMI, under the
assumption that a query is usually associated with more than one
aspect and two queries are deemed semantically related if their
associated aspect sets are highly consistent with each other.
CM-PMI first extracts contextual labels from search results to
represent the aspects of a query, and then uses the optimal
matching method to assess the consistency between the aspects of
two queries. Experimental results on the benchmark Miller
Charles’ dataset demonstrate the good effectiveness of the
proposed CM-PMI measure. Moreover, we further fuse WebPMI
and CM-PMI to obtain improved results.

Categories and Subject Descriptors:
H.4.m [Information Systems]: Miscellaneous
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1. METHOD

The study of measuring semantic similarity between words or
entities has become very important for many web-related tasks,
including word clustering, query reformulation and substitution,
name disambiguation, community mining, etc. In recent years,
web-based association measures have been well studied to
evaluate the semantic similarity between two words or entities. In
contrast with knowledge-based measures relying on existing
knowledge databases or taxonomies (e.g. WordNet), web-based
measures make use of the up-to-date web search results returned
by web search engines and they can reflect the updated semantic
similarity between two words or entities. Moreover, web-based
measures can be successfully applied to compute the semantic
similarity between new words or entities, which are usually not
defined in any existing knowledge database.

A number of web-based similarity measures have been proposed
in recent years, including WebPMI [1, 6], CODC [2], web-based
kernel [5] and supervised learning [1]. WebPMI is the most
popular one used today and it uses the number of hits returned by
a web search engine for assessing the semantic similarity between
two queries ¢; and g, as follows:

0

WebPMI(q,,q,) =

if hits(¢g, andg,) <c
hits(q, and g,)/ N

2 (1)
(hits(q,)/ N) - (hits(q,)/ N)

otherwise

where N is the number of web pages indexed by the search engine
and c is a threshold. In this study we set N=10"" and ¢=5 as in [1].
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hits() returns the hits page count for the query, estimated by the
search engine.

The above WebPMI measure directly computes the similarity
between two queries. However, we observe that for each short
query, the number of the returned search results is usually very
large and the results usually contain diverse aspects about the
query. For example, some results for the query “bike” are about
bike photos, while other results are about bike components.
Therefore, the search results for a query can be organized into a
few subtopics about the query, each subtopic representing a
specific aspect of the query. We believe that the subtopics in the
search results for a query can reflect the query at a fine-grained
level, while the single topic representation of the search results for
a query in previous work is coarse-grained. The more the subtopic
sets of two queries are consistent with each other, the more the
queries are semantically similar with each other. In this study, we
use a contextual label of a query to represent a subtopic for the
query. A contextual label is actually a word which occurs
frequently nearby the query in the search results. Figure 1 gives
the contextual labels for synonyms “bike” and “bicycle”, and the
two words share many common aspects linked by the dash line.

~"Mountain ------- Mountain ...
Parts --------- Parts
Tours PP Photos
bike Photos --~ Safety Lz bicycle

Store ~~< _ _ - Accessories
~ -

-

=~ Store
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_-

Components -

Figure 1. Contextual label matching example

Based on the above assumption, we propose a novel association
measure named CM-PMI to make full use of the aspect
information of each query. The measure evaluates semantic
similarity between words or entities in an indirect way. It first
extracts the contextual labels in the search results for each query
and then measures the consistency between the contextual label
sets. The optimal matching method is employed to measure the
consistency between the contextual label sets by formalizing the
problem as the optimal matching problem in the graph theory. The
normalized optimal matching weight is used as the semantic
similarity between the queries.

The CM-PMI measure consists of three steps: search results
retrieval, contextual label extraction and contextual label matching.
They are respectively described as follows:

Search Results Retrieval

In this study, we base our experiments on Microsoft’s Live Search
(http://search.live.com), without loss of generality. Live Search is
one of the most popular search engines used today and it returns



WWW 2008 / Poster Paper

the estimated hits number and at most 1000 results for each query.
We extract each result record consisting of the title, snippet and url
from the returned result page. Instead of downloading the full web
pages, we use only the titles and snippets in the search results for
efficient computation. All the 1000 (or less) returned search results
are used in this study.

Contextual Label Extraction

The contextual label words are extracted for each query in the
following simple way: the stopwords are removed from the titles
and snippets of all the search results, and the remaining words that
co-occurs with the query are ranked in decreasing order of their
TFE.IDF scores, and finally the top m (m>1) words are chosen as
the contextual labels of the query. The size of the co-occurrence
window is typically set to 2 words. Each label is deemed to reflect
one aspect of the query.

Contextual Label Matching

Given two sets of contextual labels X and Y for two queries ¢, and
q», this step aims to measure the consistency between the label sets
from a global perspective. We formalize this problem as the
optimal matching problem and allow only one-to-one matching
between the contextual labels. A globally optimal solution can be
achieved by solving the optimal matching problem.

Optimal matching (OM) is a classical problem in the graph theory.
Let G={X, Y, E} be a weighted bipartite graph, where
X={x1,x3....x,} and Y={y, v, ...y,,} are the partitions representing
the two sets of contextual labels for queries ¢, and ¢,. V=XUYis
the vertex set, and E={e;|1<i,j<m} is the edge set with each edge e;
connects a contextual label x; in X and a contextual label y; in Y.
A weight w; is assigned to every edge e; in G. The weight wy; is
computed using the WebPMI measure as follows:

2

w,; =WebPMI(x,,y ;)
A matching M of G is a subset of the edges with the property that
no two edges of M share the same node. Given the weighted
bipartite graph G, OM is to find the matching M that has the
largest total weight. The Kuhn-Munkres algorithm [3] is employed
to solve the OM problem. Lastly the optimal matching M in
graph G is acquired and we use the normalized total weight in

M as the semantic similarity value between queries ¢; and ¢:

2w,

CM - PMi(q,,q,) = —2=
(91-9,) min X 7] 3)

s

where min{|X],|Y]} returns the minimum size of X and Y. Here, we
have min{|X],|Y|}=m.

2. EVALUATION
In the experiments, we further propose the FusionPMI meaure to
fuse the WebPMI and CM-PMI scores as follows:

FusionPMI (q,,q,) = A-WebPMI (q,,9,) + (1-A)-CM — PMI(q,,q,) (4)

where A€[0,1] is the fusion weight. We compare CM-PMI,
WebPMI and FusionPMI based on the Miller-Charles dataset [4],
which contains 30 word-pairs rated by a group of 38 human
subjects. The word pairs are rated on a scale from 0 (no similarity)
to 4 (perfect synonymy). We follow previous researches and use
only 28 pairs for evaluation because two word pairs are omitted in
earlier versions of WordNet. We use the Pearson’s correlation
coefficient (r) to measure the correlation between automatic
computed values and human-labeled values.

Figure 2 shows the comparison results with respect to various
label number (i.e. m&[2,20]). We can see that CM-PMI
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outperforms WebPMI when a medium-size number of label words
(i.e. mE[8,18]) are used to reflect the aspects of a query. Very
small or very large label number will deteriorate the performance
of CM-PMI, which is because that too few labels cannot cover all
the important aspects of a query and too many labels can introduce
noisy aspects. FusionPMI can almost always outperform both
WebPMI and CM-PMI, which demonstrates that WebPMI and
CM-PMI can complement each other. Figure 3 shows the
performance curves for the FusionPMI measures (m=5,10,15) with
respect to the fusion weight 2. We can see that FusionPMI can
always outperform WebPMI when m is appropriately set (e.g. 10
or 15) and CM-PMI plays a more important role than WebPMI for
FusionPMI. Overall, the results demonstrate the good
effectiveness of both the CM-PMI measure and the FusionPMI
measure.
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Figure 2. Pearson correlation () vs. label number ()
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Figure 3. Pearson correlation (r) vs. fusion weight (1) for
FusionPMI

3. ACKNOWLEDGMENTS

This work was supported by the National Science Foundation of
China (No.60703064) and the Research Fund for the Doctoral
Program of Higher Education of China (N0.20070001059).

4. REFERENCES

[1] D. Bollegala, Y. Matsuo and M. Ishizuka. Measuring semantic
similarity between words using web search engines. In Proceedings
of WWW2007.

H.-H. Chen, M.-S. Lin and Y.-C. Wei. Novel association measures
using web search with double checking. In Proceedings of
COLING-ACL2006.

H. W. Kuhn. The Hungarian method for the assignment problem,
Naval Res. Logist. Quart. 2: 83-97, 1955.

G. Miller and W. Charles. Contextual correlates of semantic
similarity. Language and Cognitive Processes, 6(1):1-28, 1998.

M. Sahami and T. Heilman. A web-based kernel function for
measuring the similarity of short text snippets. In Proc. of WWW
2006.

P. Turney. Mining the web for synonyms: PMI-IR versus LSA on
TOEFL. In Proceedings of ECML2001.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /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 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /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
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /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
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /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 ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


