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ABSTRACT

In this paper, we consider the problem of extracting structured data
from web pages taking into account both the content of individual
attributes as well as the structure of pages and sites. We use Markov
Logic Networks (MLNs) to capture both content and structural fea-
tures in a single unified framework, and this enables us to perform
more accurate inference. We show that inference in our information
extraction scenario reduces to solving an instance of the maximum
weight subgraph problem. We develop specialized procedures for
solving the maximum subgraph variants that are far more efficient
than previously proposed inference methods for MLNs that solve
variants of MAX-SAT. Experiments with real-life datasets demon-
strate the effectiveness of our approach.

Categories and Subject Descriptors: 1.7m [Computing Method-
ologies]: Document and Text Processing - Miscellaneous

General Terms: Algorithms, Design

Keywords: Information extraction, Markov logic networks

1. INTRODUCTION

Extracting structured data from web pages is a key challenge
due to the presence of noise, and we focus on this problem in this
paper. Consider a set of web sites W belonging to a specific do-
main like Restaurants, Books, etc. We denote the set of attributes
(e.g.,Name, Address, Price and Phone) that we want to extract
from the web sites in W by A. For each web pagep € W € W,
consider the DOM tree representation of the page. Then the extrac-
tion problem is to assign attribute labels to all the leaf nodes in the
DOM tree for p.

In recent years, there has been a flurry of research activity on sta-
tistical models for information extraction [2]. These models lever-
age both content and structural cues to detect attribute values, and
are tolerant to errors and noise in the input pages. For extracting
data from the web with little human supervision, Hierarchical Con-
ditional Random Fields (HCRFs) [2] represent the state-of-the-art
today. Despite their expressive power, a limitation of HCRFs is
that they only capture short-range structural dependencies between
neighboring elements in the DOM tree. Here, we develop an MLN-
based framework for general-purpose extraction from web sites.

2. OUR APPROACH

Our MLN models capture both attribute content properties as
well as long-range structural relationships in a single unified frame-
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work, and this enables us to perform extractions with higher accu-
racy. Markov Logic Network (MLN) [1] is a set of pairs (F53, w;),
where F; is a first-order formula and wy; is its corresponding weight.
Now, for a web site W, let x be the set of evidence predicates that
are true for pages in W. Then, the probability that the set of query
predicates g is true is given by: P(q|z) = & exp(Xp, D geq, Wit
g(qUx)) where G is the set of groundings of F}, g(q U x) equals
to 1 if the grounded formula g is true for predicate set ¢ U x and
0 otherwise, and Z is a normalization constant which ensures that
probabilities add up to 1.

Predicates and Formulas: Content formulas link content predi-
cates (e.g.,Hasb5Digits(n)) with query predicates for a node n. For
each content predicate, attribute pair, C;, A;, we create a separate
content formula Vn C;(n) = IsAj(n). Structural formulas connect
structural predicates and non-noise query predicates. Structural
predicates listed below capture such long-range relationships over
more than one node either within the same page or across the pages
of a site. (1) Proximity: The proximity predicate Close(n1,n2) re-
flects the closeness between a pair of nodes n1,n2 in a page p and
proximity formulas have the general form Vni,ns € p IsAi(n1) A
IsAj(n2) = Close(ni,n2). (2) Precedence: Precedence formu-
las specify ordering relationships among the attributes. Such or-
dering can be captured using precedence formulas like Vni,ne €
p IsName(n1) A IsNumberofPages(nz) = Precedes(ni, n2). (3)
Alignment: The structural predicate Aligned(n1,n2) captures the
similarity in non-noise attribute value positions across the template
based pages of a web site. We consider a pair of nodes n1,n2 in
two different pages p1, p2 to be aligned (that is, Aligned(n1, n2) is
true) if n1 and n2 have identical DOM paths. An example is Vn; €
p1,n2 € p2 IsName(n1) A IsName(nz) = Aligned(n1,n2).
Learning and Inference: Given the formulas F; in our MLN
model, the learning problem is to learn the weights w;. We find
these weights by maximizing a regularized log likelihood func-
tion [1] defined over the training set. Our data extraction problem
is to find the most likely attribute label assignment for page nodes.
This is equivalent to finding the assignment ¢* that maximizes the
sum of weighted formulas given by: >> o >° . wi - g(q) (for
simplicity, we drop the dependence of z in g(q U z)). Thus, the
inference problem is an instance of the weighted MAX-SAT prob-
lem, which is known to be NP-hard [1]. Since the well-known
MAXWALKSAT (MWS) algorithm is inefficient for our purpose,
we devise efficient graph-based inference algorithms.

3. INFERENCE ALGORITHM

Our graph framework leverages the fact that soft ground formulas
g contain one or two nodes. Content formulas contain only one
node while structural formulas like proximity or alignment are de-
fined over two nodes. For a node n;, let G, denote the set of
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content ground formulas containing node n;, and let Gy, n, de-
note the structural ground formulas containing nodes n; and ny.
Then, our optimization problem is to find a g that satisfies some
hard constraints (as illustrated below) and maximizes the function:

X =YY wl@g@+ >, >,  wlg)gle D

n; g€Gn, ni g 9€EGn; ny

Above, for grounding g derived from formula F;, the weight w(g)
is equal to w;. Now, we show that finding a ¢ that maximizes Equa-
tion (1) is equivalent to computing the maximum weight subgraph
in a graph G constructed as described below. In G, there is a sep-
arate vertex v;; for each node n; within a page and each attribute
Aj. Thus, there are |A| layers of vertices in G with layer j corre-
sponding to attribute A;. Intuitively, vertex v;; in G corresponds
to the predicate IsAj(n;) in g. With each vertex v;;, we associate a
weight ¢(vi;) = >° cq. w(g) - g({IsA;j(n:)}). To incorporate the
contribution of distinct node pairs n;, ny to X (q), we set the edge
weight t(’l}i]', ’l}kl) to ZQGGW,.,nk w(g) . g({|SAj(’n,i), Is/—\|(nk)})
Now, for query predicates g, consider the subgraph of G contain-
ing vertices v;; for each predicate IsAj(n;) € g. It is easy to see
that the sum of the weights of vertices and edges in this subgraph
induced by ¢ is equal to X (gq). Thus, the problem of computing a
label assignment ¢ that maximizes X (g) is equivalent to finding the
maximum weight subgraph in G. Note that in any label assignment,
a majority of the nodes will be labeled as Noise. So we improve
the efficiency of our inference algorithm by considering Noise as
the “default” label, and only computing the non-noise label assign-
ments in a modified graph G.

Algorithm 1 Maximum weight subgraph computation.

Input: Graph G. .
Output: Maximum weight subgraph of G.

S=0;
repeat
Sotda = S} .
Let v;; be the vertex for whom ¢(.S' U {v;; }) is maximum;
1f£(S U {’Uij}) > f(S) then S =S U {’Uij};
until £(S) = £(So14) (#(S) represents the weight of S)
repeat
Sota = S
Consider a random ordering of (page, attribute) pairs;
for each (p, A;) pair in the ordering do
if S contains a vertex v; ; from layer j of page p, then
S’ =5 - {’Uz‘j};
Let vy; be the vertex in layer j of page p, for whom
£(S" U {vk;}) is maximum;
if £(S" U {vx;}) > £(S) then S = S’ U {vx; };
if £(S’) > #(S) and A; is non-mandatory then S = S’;
else
Let v;; be the node in layer j of page p, for whom £(S'U
{vi;}) is maximum;
if £(S U {vi;}) > £(S) or A; is mandatory then
S=SUuU {’Uij};
end if
end for
until £(5) —#(S,14) < € (e: auser-defined threshold parameter)
return S,

(S represents the set of nodes in the subgraph)

Enforcing Hard Constraints: We model the single label hard con-
straint of assigning exactly one attribute label to each node by as-
signing a weight of —oo to the edge between vertices v;; and vy; in
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Method Name|Address|Phone|Timing|Description|Review|Avg-F1
C 949 | 968 | 919 | 70.8 66.3 90.2 | 85.2
C+S(Intra) [ 949 [ 956 | 959 | 91.3 65.9 90.2 | 89.0
C+S (All) 94.6 | 96.7 | 96.6 | 92.6 73.1 86.8 | 90.1
MWS (WOC) 83.7 [ 66.8 | 924 | 76.9 53.0 39.7 | 68.7

Table 1: Average F1 scores on the Restaurants dataset.

G corresponding to the same node n;, but in different layers j and [.
We incorporate contiguity constraints (that is, nodes with the same
attribute label are contiguous) by constructing super-vertices (co-
alesced subsequences of nodes) with suitably aggregated weights.
Note that contiguity constraints involve 3 nodes and pose a serious
challenge for satisfiability solvers.

A Greedy Algorithm: Algorithm 1 describes a greedy algorithm
to find the maximum weight subgraph S in G. Note that nodes n;
with corresponding vertices v;; in .S are labeled with the attribute
Aj; the remaining nodes are labeled as Noise.

4. EXPERIMENTAL EVALUATION

Setup: We constructed two datasets Restaurants and Books by
picking random web pages from five popular websites for each do-
main. The approximate number of pages we collected per site were
100 and 500 for Restaurants and Books, respectively. To learn
the MLN model, we made use of the publicly available package
thebeast (http://code.google.com/p/thebeast/). All
the experiments were performed in a leave-one-out (LOO) setting
(at website level). Due to space limitation we present results from
only one dataset.

The first three rows of Ta-

1000 ble 1 depict the F1 values for the
W MLN model using our inference

e MWS algorithm. We observe that the

100 | —= Graph Based F1 performance improves for
Gt several attributes as we go from

/a,,,a/E/E”WME the model with only content for-

10 mulas (C) to the model that in-
230 265 300 cludes intra-page (C+S (Intra))

and inter-page structural formu-
las (C + S (All)) (with 3 pages
in a group).

Due to speed and memory is-
sues, we could not obtain F1
score results for the MWS algorithm with contiguity constraints.
Therefore, the MWS results reported in the final row of Table 1
are for the case of C+S (Intra) and without contiguity constraints
(WOC), with the number of random flips set to 80000 which gave
the maximum labeling accuracy. Although the MWS algorithm ran
fast in this case, its F1 performance was poor. In Figure 1, we plot
the running times for page groups (C+S(All)) containing different
numbers of nodes. To ensure a certain minimum level of labeling
accuracy, we set the number of flips to 1000. It is easy to see that
our algorithm is an order of magnitude faster.

We observed that while the HCRF model generalizes well within
the sites, its generalization is not good on unseen sites. In con-
trast, the MLN model with structural formulas and contiguity con-
straints (tested under the more stringent LOO setting) performs sig-
nificantly better (more than 25%).
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Figure 1: Inference time
in seconds versus Number
of nodes for C+S (All) on
the Restaurants dataset.




<<
  /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 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /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 -1
  /ColorImageMinDownsampleDepth 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
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /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
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /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




