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Web page segmentation (WPS) aims to break a web page into different segments with coherent intra- and inter-semantics. By evidencing
the morpho-dispositional semantics of a web page, WPS has traditionally been used to demarcate informative from non-informative
content, but it has also evidenced its key role within the context of non-linear access to web information for visually impaired people.
For that purpose, a great deal of ad hoc solutions have been proposed that rely on visual, logical and/or text cues. However, such
methodologies highly depend on manually-tuned heuristics and are parameter-dependent. To overcome these drawbacks, principled
frameworks have been proposed that provide the theoretical bases to achieve optimal solutions. However, existing methodologies only
combine few discriminant features, and do not define strategies to automatically select the optimal number of segments. In this paper,
we present a multi-objective clustering technique called MCS that relies on K-means, in which (1) visual, logical and text cues are all
combined in a early fusion manner, and (2) an evolutionary process automatically discovers the optimal number of clusters (segments)
as well as the correct positioning of seeds. As such, our proposal is parameter-free, combines many different modalities, does not
depend on manually-tuned heuristics, and can be run on any web page without any constraint. An exhaustive evaluation over two
different tasks, where (1) the number of segments must be discovered or (2) the number of clusters is fixed with respect to the task
at hand, shows that MCS drastically improves over most competitive and up-to-date algorithms for a wide variety of external and
internal validation indices. In particular, results clearly evidence the impact of the visual and logical modalities towards segmentation

performance.
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1 INTRODUCTION

Over the past years, web content creation has become more sophisticated, multimedia and m@&dllar particular,

content manager systems allow to place di erent modules on a web page in a way that appears coherent to the user.
If carefully-placed, these modules cause most users to subconsciously segment the web page into coherent semantic
regions, each one serving a speci ¢ goal (e.g., topic distinction, functionality highlighting, advertisement information).

Web page segmentation (WPS) aims at automatically identifying these coherent semantic regions, and can be de ned
as the process of breaking a large rendered web page into smaller regions, in which contents with coherent semantics are
kept together L. Since the layout and the visual style of a web page are designed to facilitate content understanding,
WPS should coincide with human's visual perceptive abilities and re ect the semantic coherence of a web page content.

There are several applications of web page segmentation. A classical ones consists in demarcating informative from
non-informative content on a web pagéd . This (pre-)process has shown to improve the precision of web mining
tasks like duplicate detectionlf, 43, query expansion 12, and indexation []. There is a variety of other applications
that bene t from web page partitioning. For instance, annotations for web images are more precise if they are extracted
from the paragraphs the images belong tbl]. With proper segmentation, web pages designed for desktop screens
can automatically be reconstructed for mobile devic€s4(. Web page accessibility can also be improved by the
clari cation of the document structure and clutter eliminatior3p, 47). In information extraction, WPS may be used for
the identi cation of data-intensive document sectiongy or individual data elds [59. Finally, non-linear skimming
strategies can be developed for visually impaired people by integrating WPS into a summarization pipeline [53].

Although WPS seems to be an easy task for humans, who unconsciously guess the outlines of aweb page, automatically
measuring the semantic coherence between contents in a modular document is a di cult quest. Indeed, the syntactic
structure of a web page is designed for presentation purposes but without a clear description of the semantic relations
holding between the di erent modules. As a consequence, the challenge of WPS is to model the semantic links that exist
between the di erent information contents in a web page by taking into account layout, style and content properties,
i.e. its morpho-dispositional semantic§4, 82 83. By modelling such multimodal semantics, partitioning strategies
can then be proposed to segment web pages.

A wide range of supervised and unsupervised strategies have been proposed to tackle WPS. Supervised learning
models have concentrated on delineating content from noigé [8 80, eventually based on the ndings ofld, who
distinguish ve block types: header, footer, left side bar, right side bar, and main content. Other attempts have focused
on deciding whether some node elements in a graph-based web page representation should be considered as boundaries
or not [9, 15. Such models obviously require a large set of manually segmented web pages to take into account the
wide spectrum of web design creativity. This certainly represents the main bottleneck of such methodologies. Indeed, it
is unlikely that they can be used in real-world open-domain situations due to low performance rates for unseen web
pages types.

To provide unrestricted web page segmentation, unsupervised strategies have been propo$dd®[15 22, 37,

41, 43 72, 84, 87). Within this context, the most widely spread methodologies are basedadrhocmodels, which

highly rely on manually-tuned heuristics and may depend on parameters that need to be experimentally tuned
Manuscript submitted to ACM
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Multimodal Web Page Segmentation Using Self-organized Multi-objective Clustering 3

[4,12 37,43 68 72 84, 87]. To avoid such drawbacks, theoretically-founded methodologies have been proposed that
either rely on graph-theoretic algorithmsl or use classical clustering algorithms such asmeans, hierarchical
agglomerative clustering and density-based clusterifig4]. Such principled solutions avoid the problem of de ning a
coherent set of heuristics, limit the intensive trial-and-error e ort to combine these multiple heuristics, and are more
likely to obtain global optima. Nevertheless, they usually cannot be executed at run-time, unless e orts are made to
implement e cient solutions for the used clustering algorithm&/[31, 33 71, 76. Another bunch of studies have been
focusing on techniques borrowed from computer visio??[ 41]. Within this context, models to segment real-world
photos [L§ or digitized documents € are adapted to WPS. Results evidence low performaddkdon rming the
experiments of [3]. Moreover, such strategies can be slow at run-time [41].

Modelling the multimodal semantics that links di erent web elements is the other pillar of WPS. For that purpose,
di erent features have been studied. These can be classi ed into three main categories: visual, text and logical cues.
Most methodologies rely on the DOM (Document Object Model) logical structure of the web page combined with the
visual properties of its rendered versiod§, 37, 72 84]. While visual cues have shown to be the most important features
[4,12 87, the DOM structure is helpful in a great deal of situation37, 84, although it can be prone to errors due to
uncontrolled page creationd7. The rst representative work to tackle text properties i, which evaluates text
density as the only feature for WPS. As such, similarly 8]} it does not access to text semantics properties. This
research direction is further proposed bg][and followed by [] for the supervised learning paradigh Surprisingly,
although visual, logical and text properties have proven their discriminating power, only two studies have proposed to
combine them all, i.e.q] for the supervised case an@7] for the unsupervised case. Whil&] proposes an integrated
framework, where each cue is a feature for the learning proce39, proposes arad hoctwo-step process, where
clustering is rst performed on visual and logical cues, and nal clustering relies on text density similarly to [43].

In this paper, we propose to tackle WPS in a principled manner (as opposad twcstrategies) by integrating visual,
logical and text semantic properties (as opposed to text density) into a unsupervised (as opposed to supervised) model. As
far as we know, this is the rst attempt to formalize the problem of WPS with a well-known clustering algorithm, which
includes all logical, visual and textual cues. Compared to the related work, our Multi-objective Clustering Segmentation
(MCS) algorithm is parameter-free and does not depend on manually-tuned heuristics. As such, MCS is self-contained,
does not depend on parameter ne-tuning, and can be run on any web page without any constraint. Moreover, it does
not rely on pre-existing training data sets, which are di cult to build. The main contributions introduced in this paper
are as follows:

(i.) We propose an evolutionary multi-objective learning framework called MCS based on theeans algorithm
that automatically nds the optimal number of clusters and correctly positions the initial seeds. For that purpose, an
early fusion strategy is de ned to combine all modalities into a single distance metric and four objective functions
tackling individual modalities are concurrently optimized. A priority sorting strategy is then used to choose the best
solutions on the Pareto front;

(ii.) A distance metric is formalized that includes visual, logical and text semantics indicators, thus following an early-
fusion paradigm. For the visual cues, two indicators are taken into account: border-to-border distance and alignment
distance between visual elements (aka. bounding bcxéx)r the logical features, two di erent distances are computed

1The paper mentions that text similarity is taken into account but this is not explained how. As such, the work is not reproducible and remains unclear
for many of its features.
2Some experiments have been made based on background color distances but they were not conclusive.
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4 Jayashree and Dias, et al.

based on the DOM structure: path length and logical dissimilarity (comparison of the common pre xes of the xpaths)
between two bounding boxes. For text cues, text semantics is computed based on document embeddings [46];

(iii.) We propose the rst attempt to deal with two distinct WPS tasks. On the one hand, we evaluate the performance
of MCS over the classical WPS task, where the number of clusters is variable, i.e. the gold standard contains web pages
segmented into di erent numbers of clusters. On the other hand, we test our algorithm on the speci c task of WPS for
non-visual skimming proposed by3[ 4]. Within this context, all web pages of the gold standard are segmented into
exactly ve clusters. Such a segmentation is motivated by the ndings b§[as well as the human perception capacities
of concurrent speechd4, 3§, combined with the Miller law p{. Also, xing the number of clusters can promote the
automatic generation of formal invariants related to classical types of web page organization. As such, blind users may
bene t from a more stable support, which may facilitate non-visual navigation in a transposed modality. It is worth
noticing that the current work takes place within the TagThunder projédtinded by the French Bank of Investment
(BPI Francé)that aims to provide skimming capacities to visually impaired people. As illustrated in Figure 1, WPS is
one module of the overall architecture. As such, we show the versatility of MCS, which can easily adpat to di erent
WPS situations unlike all other related works.

Fig. 1. Pipeline of the TagThunder project funded the French Bank of Investment. Image taken from [30].

(iiii.) We propose a strong evaluation setup compared to previous studies. In order to have a complete overview
of the obtained results, we compute eight external validation indices (including BCubed metrics sugh [&3) and
four internal validation indices. We also compare performance results and statistical signi cance with seven di erent
baselines, including BCRY], BOM [7J, GE [4], and a set of alternative -means baseline algorithms. We also propose
two new implementations of the GE algorithm proposed bf},[that integrate a pre-clustering step based on the QT
algorithm [3€], which coherently upgrades the ideas of][ The underlying idea of such a strong evaluation setup is to
propose the widest possible variety of evaluation metrics and comparable algorithms to better understand the impact of
the MCS algorithm in the eld of WPS. Over two gold standard data sets of 51 web pages (one for the unconstrained task
and the other one for a segmentation into exactly 5 clusters), experimental results clearly show that MCS outperforms
all related works for most of the external validation indices with statistical signi cance. Such results clearly evidence

Shttps:/itagthunder.greyc.fr/
“https:/itinyurl.com/9s2u2hvx
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Multimodal Web Page Segmentation Using Self-organized Multi-objective Clustering 5

the bene ts of combining visual, logical and textual modalities within a theoretically-founded framework, capable of
dealing with di erent WPS situations.

In the next section, a complete overview of the related work on unsupervised web page segmentation is provided.
In section 3, we present the problem formulation and describe the overall methodology. In section 4, we provide the
reader with the learning setups that have been used to perform the experiments. In section 5, we present quantitative
results for two distinct tasks, i.e., variable and xed number of clusters in the gold standard data sets. Finally, we draw
some conclusions and provide future research directions in section 6.

2 RELATED WORK

A wide range of research studies have been proposed to solve web page segmentation. Methodologies greatly vary with
respect to (1) the learning strategy, (2) the processed data types, (3) the handled task, and (4) the evaluation procedures
as described in Table 1. In order to better assess the evolution of this eld of research, we propose to review the main
related works in this section. Note that we only focus our attention on unsupervised methodologies, which can directly

be compared to our proposal.

Algorithms | [12] | [84] | [15] | [43] | 1] | [72] | 871 | [4] | 1371 | [22] | MCS
w | Visual X | X | X S X [ X [ X [ X[ X | X X
3 Text - - X | x| - - -l X - X
Ol Logical | X | X | x| - | x| x| -] -|x]| -] x
5| TOvs.BU[ T | TD | - - - || BU|BU| - | TD]| -
S| AHvs.TH| AH | AH | TH | AH | TH| AH | AH | AH | AH | AH | TH
g ONvs.OF| ON | ON | OF | ON | OF| ON | ON | ON| ON | OF | OF
PDvs.PF| PD | PD | PF| PD |PD| PD| PD | PD| PD | PD | PF
< | Manual X - - - - - - X - NA -
-% #EVI - 1 2 2 1 5 2 - 3 | NA 8
g #IVI - - - 3|1 1 - 5| - | NA| 4
u% HRW - 1 1 5 | - 3 1110 2 | NA| 7
ET 1 - 1 1] - - - - - I NA |-

Table 1. Topology of unsupervised WPS strategies by types of cues, learning methods and evaluation frameworks. Note that TD (resp.
BU) stands for Top-Down (resp. Bo om-Up), AH (resp. TH) for Ad Hoc (resp. Theoretical), ON (resp. OF) for On-line (resp. O -line)
clustering, PD (resp. PF) for Parameter-dependent (resp. Parameter-free) methodology, #EVI for the number of external valid indices
used in the evaluation framework, #IVI for the number of internal validation indices, #RW for the number of tested related works,
and ET for the number of tested external tasks. Note that NA stands for non available information.

2.1 Ad hocApproaches

Ad hocapproaches stand for algorithms, which rely on speci c heuristics and do not nd their basis in theoretically-
founded frameworks. Within this category, the Vision-based Page Segmentation (VIPS) algotithis ¢ertainly one

of the most accomplished solution. Its goal is to extract the hierarchical semantic structure of a web page, in which each
node corresponds to a semantic coherent unit (aka. block). In particular, each node is assigned a valuelécptbedf
coherenceDoC) to indicate the consistency of the content of the block based on its visual perception. The structure
of the web page is obtained by combining the DOM structure and visual cues through three steps: block extraction,
separator detection and content structure construction. This process is applied recursively. So, the web page is rst
segmented into several big blocks and the hierarchical structure of this level is recorded. For each big block, the same

5The reader can nd a wide range of interesting references in [74] and [87].

Manuscript submitted to ACM



261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279

281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312

6 Jayashree and Dias, et al.

segmentation process is carried out until a su cient number of small blocks is obtained whose DoC values are greater
than a pre-de ned degree of coherence (PDoC). A manual evaluation over 600 web pages from popular sites listed in 14
main categories of Yahoo! directory showed that 93% of the web pages have their semantic content structures correctly
detected. An extrinsic evaluation is also performed for query expansion that clearly shows that the vision-based web
page content structure is very helpful to detect and Iter out noisy and irrelevant information.

According to [B4, since the visual architecture of a web page is to facilitate understanding, it should coincide
with human's visual perceptive abilities and re ect the semantic coherence of its contents. Starting from the Gestalt
theory, a psychological theory explaining human's perceptive process$developed a segmentation method (called
GESTALT), that is based on four laws: closure, similarity, simplicity, and proximity. A layout tree is built from the DOM
tree via a set of transformation hand-crafted rules to concisely describe the visual features of a web page. The closure
step groups design patterns that are widely-accepted by humans (e.g., the list pattern). Following the similarity law,
neighboring nodes under the same parent are grouped together if their similarity measure (based on the edit distance of
the decoration node) value exceeds 0.7. Simplicity (here regularity) aims at nding repeated tree-like patterns that share
some similarity. Through a greedy search algorithm, these patterns are recursively grouped together under a common
parent. The proximity law stands for the separator detection process presenteiidnyhich aims to understand
the visual structure of the web pages in terms of borders. The segmentation algorithm is tested over 60 web pages (3
from 20 di erent web sites) and evaluated based on Recall exclusively over a gold-standard dat@E&TALT shows
improved results over VIPS when a large number of clusters are to be discovered. But VIPS evidences best results for a
small number of clusters as proximity plays the most important role in these conditions.

Unlike previous approaches4§ presented the Block fusion (BF) algorithm, which can be de ned as a purely
text-based approach, that focuses on text density. The methodology can be executed at run-time as it is very fast because
no complex document pre-processing is required. In particular, BF adopts the block growing strategy from image
processing, where the decision when to combine (or fuse) two adjacent blocks is made by comparing them with respect
to their text densities. Text density has the elegant property that no lexical or grammatical analysis is neeseduch,

a proper wrapping width (i.e., the slope delta threshold) is supposed to serve as a discriminator between sentential text
(high density) and template text (low density). With respect to evaluation, the authors randomly picked 111 web pages
coming from 102 di erent websites, and manually segmented them to create a gold-standard. Similatl§] tthey

quanti ed the accuracy of the segmentation with two cluster correlation metrics: the Adjusted Rand Index (ARI), and
the Normalized Mutual Information (NMI). Results show that BF performs signi cantly better than the graph-theoretic
algorithm GCUTS [15], but no comparison is given with respect to VIPS or GESTALT.

Another strong baseline is proposed byJ, which extends the concepts of segmentation used for digitized document
in the optical character recognition domain. In particular, they combine two popular approaches: the vision-based
and the geometric layout models. The segmentation process of a web page is divided into three phases: page analysis,
page understanding and page reconstruction. The page analysis phase consists in building a content structure from
the DOM tree with the322 algorithm. The page understanding procedure uses this content structure and maps it to a
logical structure via the?2; algorithm, which depends on a granularity parameter . Finally, the page reconstruction
phase gathers the DOM, tH&221 $" ©, and the22,1322t $" °° structures into a single structure that represents the
segmented web page. To validate their study and compare it with di erent approaches, the authors built a manually-
segmented test collection of 400 web pages crawled from dmoz.org Open Directory (25 web pages from 16 categories).

SNote that this is the rst e ort to build a gold-standard data set and provide automatic intrinsic evaluation.
"To the exception of tokenization.
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Multimodal Web Page Segmentation Using Self-organized Multi-objective Clustering 7

In a paper about evaluatior7g, they showed that their algorithm called Block-O-Matic (BOM) steadily improves over
VIPS and BF for a set of speci cally-tuned evaluation metrics, i.e. total correct segmentation, over-segmented blocks,
under-segmented blocks, missed blocks and false alarms.

To avoid the dependency of DOM structures that might be error-pror®g] propose to exclusively focus on the visual
properties of a web page. For that purpose, they rst use a rendering engine to get the smallest rendered elements (i.e.
bounding boxes) of a web page. Segmentation is then performed using the Box Clustering Segmentation (BCS) algorithm
that produces a at set of segments of a given granularity. In particular, BCS is based on two di erent similarity metrics.
The base similarity metric evaluates the visual similarity between two bounding boxes that are semi-aligned. Essentially,
the base similarity is the arithmetic mean of three metrics (geometric distance, shape similarity and color similarity).
The cluster similarity metric is used to express the similarity between two elements, where at least one of them is
a cluster. A model based on clusters' inner similarity indicators is used for this e ect, that builds on the idea of the
degree of coherence in VIPS. Basically, the inner similarity is a mean value of base similarity that is calculated using the
bounding boxes within a cluster. As a prerequisite of this representation, the model derives the direct neighborhood of
each cluster from the direct neighborhoods of all the bounding boxes contained in that cluster. The idea behind BCS
is to nd the most similar couples of bounding boxes and to select them for merging based on a clustering threshold
CT. With respect to evaluation, the authors created a speci ¢ data set that gathers 100 web pages of 8 di erent types
from 5 news web sites. A semi-automatic approach was used to perform the annotation process. Results based on
external validation indices (namely, ARI andscore) show mitigated conclusions as the accuracy of VIPS is better
when processing structured pages, but BCS can provide better segmentations for less structured web pages.

Closely following the ideas off7], [4] proposed the Guided Expansion (GE) algorithm for the speci c task of
non-visual skimming. Within this context, the segmentation process is constrained such that a xed number of clusters
should be discovered (here 5); the elements of a cluster should visually be connected; and all visual elements should
be clustered. Within this context, two di erent strategies have been proposed. The rst one aims at positioning the
initial seeds of the bottom-up approach based on a reading strategy. The initial 5 seeds are arranged along the diagonal
line of the web page, or along a F or Z line. These are called the D, F, and Z reading strategies. Once the seeds have
been positioned, the GE algorithm sequentially assigns a bounding box to a given seed whether (1) it is the closest
one in terms of border-to-border distance, or (2) it is aligned with it, or (3) it is the most visually similar in terms of
CS$ properties. Note that once a bounding box is assigned to a seed, it becomes a cluster candidate. As such, when the
visual cues are computed between a bounding box and its cluster candidate, the metrics are calculated between the
bounding box and all the bounding boxes present in the cluster candidate. The second strategy combateb@n
density-like clustering algorithm 45 and the GE algorithm, and can be seen as two-step process. Here, the density-like
algorithm rst de nes a coarse-grained clustering based on a given threshold, which de nes some neighborhood of
interest, and the GE assigns the remaining unclustered bounding boxes to their corresponding pre-discovered clusters.
The evaluation results based on three internal validation indices over a set of 150 web pages from 3 domains show that
GE is a good baseline, in particular if combined to the QT algorithm, when compared to a seriesngfans algorithms.

Note that they are the rst authors to propose statistical tests to verify whether one algorithm is signi cantly di erent
from some other one.

[37) are the rst to propose a web page segmentation method that combines logical, visual and text semantic
properties in a single model. For that purpose, they developed a two-stage methodology. First, a similarity model

8Cascading style sheets.
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8 Jayashree and Dias, et al.

measures the similarity between bounding boxes by taking into account both visual and logical features. A geometric
distance captures the distance between two bounding boxes, and the logical distance is the shortest path in the DOM
tree. Both metrics are then combined linearly with some empirically-tuned paranfe@ased on the (visual and logical)
similarity matrix of the web page contents, DBSCARY{ is used to form big informative content blocks, and acts as a
pre-clustering step, similarly to4]. DBSCAN is a density-based clustering algorithm, that groups together elements
that are closely packed togeth€} and marks outliers that lie alone in low-density regions. The second step of the
methodology consists in grouping together the pre-clusters that are positioned cohesively and show high textual density,
following the ideas of f3. To investigate the e ectiveness of their methodology, the authors proposed an experiment
on three data sets with respectively 70, 82 and 50 manually-segmented web pages over which they computed Precision,
Recall and ARI external validation indices. Results showed that their methodology steadily improves over VIPS and
BOM, with statistical signi cance.

2.2 Theoretically-Founded Approaches

Unlike Ad hocapproaches, some e orts rely on well-established clustering algorithms, the challenge being to adequately
model the problem of WPS within theoretical frameworks. Within this contextq[is the rst approach to consider

the problem of automatically segmenting web pages in a principled manner. The segmentation problem is cast as a
minimization problem on a suitably de ned weighted graph, whose nodes are the DOM tree nodes and the edge-weights
express the cost of placing the end points in same/di erent segments. Based on logical and visual information, a
single objective function is de ned such that its minimization should result in a gédegmentation. Two concrete
instantiations of this problem are proposed, one based on correlation clustering and another one based on energy-
minimizing cuts in graphs. In particular, a supervised approach is de ned to learn the edge-weights from manually
labeled data. Through an intrinsic evaluation over a manually segmented gold-standard of web pages and an extrinsic
empirical analysis for the speci c¢ task of duplicate web pages identi cation, results show that the energy-minimizing
formulation (GCUTS) performs substantially better than the correlation clustering formulation. Comparatively to
heuristic-based approaches, GCUTS can not be run online as the search space is combiriakdoi@over, no evaluation
against heuristic-based solution is provided, that makes it hard to compare to state-of-the-art solutions. Finally, results
show that supervised learning of edge-weights gives better results than unsupervised clustering, thus introducing an
extra-step in the decision process, that might be repeated based on the collection at hand.

[1] test di erent clustering techniques, namely partitioning clustering, agglomerative hierarchical clustering and
density-based clustering, over three distinct distance measures respectively based on DOM (logical), geometric (visual)
and semantic (text) properties. To capture the logical distance between two bounding boxes, a metric based on two
preconditions is de ned: (1) adjacent sibling leaf nodes should have the same distances, and (2) the minimal distance of
leaves belonging to di erent parents should be greater than the maximum distance of these leaves to their siblings.
To account for the visual properties, a border-to-border distance is de ned between two bounding boxes. To evaluate
the textual semantic proximity*, the knowledge-based similarity metric proposed B[ is used. As such, instead of
estimating a word-to-word lexical matching, the words of a bounding box are mapped to their corresponding concepts

9Note that this tuning is based on a training data set.

10Based on two parameters that need to be tuned.

LiNote that they showed that BOM steadily outperforms VIPS over the three data sets

1255 opposed to previous research, where di erent segmentations can be obtained depending on the granularity parameter.
1350me heuristics are proposed by the authors to limit the size of the search space.

14as opposed to [43], which uses text density.
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Multimodal Web Page Segmentation Using Self-organized Multi-objective Clustering 9

in a knowledge base (here WordNei]]) and a concept-to-concept accordance is computed between two atomic units.
With respect to clustering strategies, (1) themedoid algorithm is tested for which the correct number of clusters is
givena priori, (2) the single-linkage algorithm is used for the agglomerative hierarchical clustering, for which the given
number of clusters is determined by cutting properly the dendogram, and (3) DBSQANS used as the reference for

the density-based clustering, for which two parameters are considered empiricallhe framework is evaluated over

a collection of 78 web documents from 8 di erent categories of the Yahoo! directory, and clustering performance is
computed via the Dunn index for the internal and the rand statistics for the external validation indices. Unfortunately,
each distance measure is applied alone and no solution is given to automatically retrieve the correct number of clusters.
Moreover, results do not guarantee clear conclusions as the semantic property seems to play the most predominant
role for the internal evaluation, but the logical view is the most discriminant for the external evaluation. Finally, the
solution is language-dependent as measuring text semantic similarity requires the existence of external knowledge
bases, which are not available for the vast majority of languages.

More recently, fi] proposed to test di erent versions of the -means algorithm $1] for the speci ¢ task of web
skimming for visually impaired people, where only 5 clusters must be discovered for any web page. Within this context,
they exclusively rely on the border-to-border distance to perform clustering, and de ne a virtual bounding box for
the assignment step of the algorithm. This novel idea allows to avoid the usage of theedoid as it is proposed by
[1], but also enables to test di erent con gurations of the-means. In particular, they propose to adapt themeans
algorithm by exchanging the distance metric by a force metric simulating gravity attraction. The underlying idea
was to test whether bigger blocks would attract (fuse with) smaller bounding boxes. The results based on the same
evaluation setups discussed previously show that thedrhocstrategy GE outperforms all -means versions. Moreover,
the introduction of the force metric leads to descreased results, mainly due to the strategy used to select the initial seeds.

2.3 Computer Vision Approaches

A di erent research direction proposes to treat a web page as an image and use classical segmentation techniques
borrowed from the computer vision eld to achieve web page segmentation. Within this scope, one of the early initiatives

is proposed by 22, which uses edge detection to nd semantically signi cant edges. The algorithm relies on the image

of the web page, and rst calculates for each pixel the probability of a locally signi cant edge, which is based on how

di erent the horizontal or vertical image gradients at the pixel level are from those of the surrounding pixels. Then,
from these edge pixels, the algorithm composes horizontal and vertical line segments up to a maximum le@yth of
The algorithm then starts a top-down process with the entire page as one segment, and recursively splits the segments
into two by choosing the vertical or horizontal line that is the most semantically signi cant, i.e. that has the most and
clearest edge pixels. The algorithm stops if there are no semantically signi cant lines in a segment, or if a split would
result in a segment with one side being less thiag- long.

[41] is certainly the most accomplished piece of work within this domain, by adapting two computer vision-based
algorithms to the task of WPS. In particular, they tuned the hybrid task cascade mddgirpm the MMDetection
toolbox [17] by disabling the lItering step that only identi es segments containing real-world objects. No training step
was required for this model as it is pre-trained on MSCOCO|[ a huge set of pre-segmented photos. The authors
also adapted the convolutional neural network strategy proposed B,[which is the state-of-the-art algorithm
in segmenting digitized newspaper pages. In particular, instead of determining the position of text through optical

15Through the rand statistics.
Manuscript submitted to ACM
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10 Jayashree and Dias, et al.

character recognition, they used the positions of text nodes from the corresponding list of nodes that accompanies the
gold-standard data set. Note that this model is supervised and needs to be trained. Results over the Webis-Webseg-20
data set §J that comprises 8,490 manually-segmented web pages showed that in terms of BCubed nB{Nd®S is

still a hard baseline to beat, and computer vision-based approaches can be e cient only if the handled task requires
pixel-based segmentation (e.g. design mining). Note that the authors implemented an ensemble methodology combining
3 computer vision-based methods including [22], VIPS and HEPS§5B)it results were unsatisfactory.

2.4 Originality of the Proposal

The current baselines to perform WPS are adl-hocsolutions that rely on hand-crafted rules and parameter tuning.
Their success is mainly due to the fact that these algorithms can be run online. However, such methodologies su er
from di erent drawbacks. First, as they rely on parameter tuning, di erent segmentation granularities can be obtained
depending on the de nition of the given parameter. For instance, VIPS depends on the PDoC parameter that de nes
radically di erent hierarchical structures depending on its value. As such, exploratory studies must be performed to
analyze, which value better suits the task at hand. Such a situation is clearly unsatisfactory as new research should be
endeavored whenever the task changes. Second, these strategies highly depend on a huge nwadiierch&indcrafted

rules, which do not guarantee to nd optimal solutions. Moreover, such algorithms may not easily scale up as any
modi cation within the rules may be incoherent with initial decisions. Third, a side e ect of parameter tuning is the
fact that many bounding boxes may end up unclustered. This situation was omnipresent for BOM and BCS during
our experiments. Overall 37 is certainly the most interesting related work as it builds on most previous ndings

of ad hocstrategies. Nevertheless, their solution relies on a set of 5 parameters that need to be tuned. The authors
explain that future work clearly needs to be endeavored as current tuning is based on hard-coded heuristics that rely
on human reading habits. Moreover, based on the tuned parameters, content elements are likely to remain unclustered.
Interestingly, the authors also support the de nition of more sophisticated text semantic features as paragraphs with
similar subjects can be separated into di erent blocks based on just text density.

Less e orts have been focusing on proposing theoretically-founded frameworks, where WPS is de ned through
well-established clustering algorithms. This situation is mainly due to two di erent factors. First, principled strategies
are usually slow and can not be run online. Second, the adaptation of clustering algorithms to the task of WPS is not
straightforward. Indeed, problem formalization must carefully be de ned to avoid non convergence issues. Nevertheless,
theoretical solutions (1) avoid the well-known problem of de ning a coherent set of heuristics that may be e cient
for a wide range of web page types, (2) limit the manually intensive trial and error e ort to combine these multiple
heuristics, and (3) a ord theoretical foundations that are more likely to obtain global minima as opposead tmc
methodologies that are inherently greedy, and may produce local minima. Within this context, previous works have not
tackled the task completely. First, they mainly rely on the combination of a subset of modalities. Second, they usually do
not provide theoretical solutions to automatically nd the optimal number of segments, still relying on some threshold
to de ne.

The other research direction that proposes to exclusively rely on the image-based segmentation of a web page
to perform WPS, has shown mitigated results. From the di erent reported experiments, it becomes clear that VIPS
outperforms the overall best computer vision options, unless the downstream task requires pixel-based segmentation,
such as design mining4[1]. In particular, [41] state in their conclusion that they lay the foundation for the development

18A recursive rule-based approach that evidences very low results. As such, it is not presented in this paper.
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Multimodal Web Page Segmentation Using Self-organized Multi-objective Clustering 11

of new approaches that may improve over the long-standing, yet heretofore unknown champion, VIPS . Thus, they
clearly evidence the long way to go to reach the levels of BOM that steadily outperforms VIPS, within a wide range of
studies. Moreover, best performing methodologies are supervised and need to be trained over gold standard data sets.
Indeed, if unsupervised methodologies like7] are adopted, results are weak and they still rely on parameters to be
tuned.

In this paper, we propose the rst mod&f that combines visual, logical and text semantic cues in a single theoretical
framework. We call it Multi-objective Clustering Segmentation. In particular, we de ne a single distance metric that
evaluates the visual, logical and semantic dissimilarity between two bounding boxes of a rendered web page. The
clustering process relies on the-means algorithm upon which a multi-objective optimization process automatically

nds the optimal number of clusters and the correct positioning of the initial seeds based on concurrent maximiza-
tion/minimization of four objectives. As a consequence, we propose a parameter-free framework that produces di erent
optimal solutions of at clusters, where each content element belongs to a unique cluster (i.e., there are no outliers). In
order to investigate the e ectiveness and the topology of MCS, we present the results of eight external and four internal
validation indices for two di erent tasks: free web page segmentation (variable number of clusters) and constrained
web page segmentation ( xed number of clusters) as4h [ndeed, as expressed i6J, most clustering evaluation
metrics are biased towards a given speci city, and the correct understanding of the clustering process can only be
achieved if a wide range of metrics are computed. Note that we present the rst attempt to deal with two di erent tasks
with the same theoretical framework. Finally, seven di erent con gurations of related works are compared with MCS,
namely BOM, BCS, GE (and its di erent versions), angneans.

This piece of work is part of the TagThunder projecd§ funded by the French Bank of Investment (BPI Frarde)
which aims to provide rst glance access to web pages in a non visual context (speci cally visually impaired people).
For that purpose, di erent modules are organized around the pipeline illustrated in Figure 1. From a given URL, the
SEMIOTIME tool rst builds a unique le that assigns to all bounding boxes its characteristics (e.g. xpath, coordinates,
122 CSS styles). Then, the cleaning tool processes the le by removing all non-visual bounding boxes (e.g. script, hidden
elements, non displayed elements, null coordinates). The segmentation tool segments web pages into meaningful
clusters after strategically de ning the data points, i.e. the last HTML element of block type in the DOM tree (see
Figure 7¥°. Then, in each cluster, a set of relevant keywords are extracted that are further oralized by a text-to-speech
engine. Finally, keyword oral signals are organized in a 2D or 3D space to reproduce the cocktail party eléktifis
important to notice that as we are following a theoretically-founded strategy to perform WPS, our solution can not be
run online. Nevertheless, this constraint is not required by the TagThunder project, as the adopted business model
relies on the o ine pre-process of a given web domain. However, we are aware that this may be a hindrance to the
development of new applications including WPS strategies. To overcome this situation, di erent research directions can
be followed. On the one hand, quantum-inspired strategies such as QMEAAQMEA [7] or other alike strategies$g
can be implemented. On the other hand, classical distributed architectures can also be implemented, which parallelize
the di erent learning objectives 3. New solutions over the cloud can also be test&d][ Nevertheless, this remains
out of the scope of this paper. Finally, the only constraint imposed by the TagThunder project is to work on real-world
web pages written in French. A such, our developments have exclusively targeted the French language, although

17As far as we know.
L8https:/iwww.bpifrance.fr/
19or reading purposes, these last block elements are named bounding boxes or visual elements.
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12 Jayashree and Dias, et al.

all presented methodologies can easily adapt to any language as no speci ¢ resource outside easy-to-get document
embeddings [46] are needed.

3 MULTI-OBJECTIVE CLUSTERING SEGMENTATION (MCS)

Web page segmentation can be seen as a clustering problem, where bounding boxes should be structured coherently.
Such clustering should satisfy two speci cs as mentioneddh [1) the elements of a cluster should be visually connected,
and (2) all bounding boxes must be clustered (i.e., clustering is complete). For that purpose, di erent principled strategies
[1, 4, 19 have been proposed. IrLf, the segmentation process is presented as a minimization problem of a unique
objective over a weighted graph. This framework allows the automatic nding of an optimal number of clusters, but it
must rely on a supervised setting to simulate human-like segmentation as a huge number of clusters may be discovered
in the unsupervised set upl] proposed di erent experiments based on-means, agglomerative hierarchical clustering

and density-based clustering (DBSCARH). -means [0 51] is a well-known algorithm, which particularly suits

the task of web page segmentatiod]] but the number of must be xeda priori. Hierarchical clustering provides a

tree structure instead of a at set of clusters. As such, extra steps must be processed to de ne an optimal number
of clusters, and such task is still an open questi@$[8g. Density-based clustering2g has received some speci ¢
attention within WPS [B7] as it can be tuned to simulate human-like processing based on its two parameters. However,
such a process is task-dependent as di erent parameter values might be necessary for di erent web pages. Moreover,
bounding boxes may remain unclustered [37], thus breaking the second principle mentioned above.

In order to overcome most drawbacks evidenced by previous theoretically-based approaches, we propose to build on
the recent ndings of [f/(Q on -means-based multi-objective clustering. As evidencedli], -means is a suitable
algorithm for WPS as it provides a at set of clusters, where no bounding box remains unclustered. The two well-know
limitations of -means are: (1) must be xeda priori (although it is usually not known in advance) and (2) the
positioning of the seeds is random (which implies that results may depend on correct initialization). To deal with the
rst issue, traditional solutions P6 64 require -means to be executed multiple times with various values ofThe
quality of the di erent partitionings is then measured with respect to some cluster validity index and the partitioning,
which corresponds to the optimal value is selected. To deal with the second issue, alternativemtans such as

-means++ §] and Global -means B§ have been proposed that select speci ¢ positions of the initial seeds. Within
-means++, seeds are selected such as they maximize their inter-distance, while this is done incrementally adding one
seed at a time for the Global-means. Multi-objective method$p 70 propose an alternative to deal with both issues
in a single framework following an evolutionary paradigm.

Existing traditional clustering techniques implicitly optimize an internal objective function, which may measure
compactness, spatial separation, connectivity, density or symmetry between clusters. But in real-world situations, all
these properties may not be captured using a single objective function. This is particularly true for WPS, where clusters
should evidence di erent speci cs depending on the viewpoint: visual, textual or logical. As such, the application
of multi-objective optimization techniques that maximize/minimize di erent cluster validity indices has appeared
to be a promising alternativeds, 69, 7. In this paper, we propose a framework, which combines self-organizing
maps (SOM) with a multi-objective di erential evolution approach. This parameter-fremeans-based approach can
automatically determine the number of clusters and consequently the optimal positioning of the seeds. For that purpose,
a center-based encoding is used, where a set of cluster centers are encoded in the form of a chromosome. As such, both
the number of clusters and the positionings of the seeds go through an evolutionary process that must maximize the

overall quality of the subsequent partitioning based on concurrent objectives. Comparatively to existing strategies, the
Manuscript submitted to ACM
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Multimodal Web Page Segmentation Using Self-organized Multi-objective Clustering 13

number of varies within a given range and the computation of the optimal number of clusters is based not only

on a single objective function but on a set of objectives, which produce a set of optimal solutions on a Pareto front.

Also, the evolutionary process allows to explore the search space of possible seeds positionings more exhaustively than
-means, and Global -means, thus maximizing the discovery of the globally optimal solution.

Comparatively to [0, where a document clustering solution in a unique continuous representation space is
proposed, our Multi-objective Clustering Segmentation (MCS) algorithm must combine a set of discrete and continuous
representations depending on the viewpoint (visual, textual or logical). As such, it can be seen as a multi-criteria
clustering algorithm, where di erent objectives are simultaneously optimized. Moreover, di erent strategies are
employed in terms of o spring reproduction. Firstly, we propose a speci ¢ pruning strategy based on SOM to ensure
the diversity of the new population to be reproduced. As such, it is expected that the search space is more widely
explored. Second, with respect to crossover, we de ne a methodology to reduce the neighborhood distance between
chromosomes in the SOM from iteration to iteration so that convergence is boosted. Finally, no mutation is performed
due to the problem representations constraints.

In the remainder of this section, we rst set the problem formulation. Then, we brie y explain the di erent processing
steps of MCS. Finally, we go into details about each step of the multi-view multi-objective clustering algorithm.

3.1 Problem Formulation

A web page is interpreted as an information set comprising of HTML elements, each one with its own set of attributes.
These enriched HTML elements, rendered by a browser engine into bounding Bbwich form the leaves of the

DOM structure, correspond to visual rectangle boxes. Each bbox has various attributes including but not limited to
pixel coordinates, textual content, DOM path, and background color, which can be used as valuable cues to discover the
inner layout structure of a web page. So, the task of web page segmentation can be formalized as follows.

Given:
A web page withN 1 number of bboxe§V = 1321+ """, each one with its own textual, visual and logical
features
A set of N 5 objective functionsF = ¢ 1#""e\, Where each g evaluates how much the assignment of
bboxes to a set of segments/clusters is optimized

A range»<8="" <0G ¥for the N s number of segments/clusters to be discovered, 8= Ns <0G

Find:
An assignmentA = o 1¢""" N, Of the N1 bboxes such that
8 g2A, g=f1812 “""-)%g'j g i 0(no cluster is empty)
B

81
which simultaneously optimizes all objective functions i, i.e.A belongs to a Pareto optimal front.

L3
g=W and g = ? (hard and complete clustering)
&1

3.2 Overall Evolutionary Framework

Given that there is no deterministic way to determine the optimal number of clustersvithin the classical -means
algorithm, we adopt an evolutionary multi-objective optimization paradigm to explore the solution space (both in terms

20Referred to as bbox(es) in the remainder of this paper.
21Minimized or maximized, depending on the function.
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14 Jayashree and Dias, et al.

of the number of clusters and the consequent positioning of the initial seeds). The overall process to dlystiroxes
into N g segments based on the multi-objective version efneans is detailed in Algorithm 1.

The Multi-objective Clustering Segmentation (MCS) algorithm starts by creating a random population of assign-
ments, where each assignment consists of a set of random cluster centers whose size varies within a given range,
i.,e.,<8= Ng <0G . Within the evolutionary framework, a chromosome represents a given assignrie(dand
vice-versa), i.e. a set of cluster centers. A speci ¢ instanciation of theeans algorithm?is then executed on each
assignment/chromosome. Each chromosome is then evaluated by a 8t objective functions, where each one
focuses on a speci ¢ viewpoint. A set of chromosomes is then selected based on the non-dominated sorting genetic
algorithm (NSGA-II) 4 to take part in the o spring reproduction. Before reproduction proceeds, a self organizing
map is trained to create a topographical map such that solutions which are similar in nature map to neurons next to
each other, thus creating families of assignments. The SOM is used to prune the set of assignments in order to maintain
an equilibrium in population size, while keeping a certain degree of diversity. The eventually-pruned selected set of
assignments is chosen to run crossover, such that a new population is obtained. While the number of iterations is not
reached, the new population is appended to the old population, and the evolutionary process repeats. Once the iterative
process stops, a set of Pareto-optimal solutions is obtained and a single solution is chosen using priority sorting. The
overall work ow is de ned in Algorithm 1.

Algorithm 1: Multi-Objective Clustering Segmentation (MCS)

#  random population of chromosomea{, A2, ... A# 1}
( ; ,selected population to reproduce;
"0G maximum number of iterations;
18<8C  soft limit for population pruning;
while iteration number "0G do
Apply -means oneach8of# ;
Calculate objective functions iff over eachA8of # ;
Merge# with (;
At least topj# j selected solutions based on non-dominated sorting;
Train SOM to group into families;

if j ji !8<8Cthen

\ ( population in  pruned using neighborhood feature of SOM;
else

[

end

# new population obtained from crossover operation prusing neighborhood feature of SOM,;
end
Select best solution using priority sorting over the Pareto optimal front.

3.3 Chromosome Representation and Population Initialization

A chromosome encodes a set of di erent cluster centers, i.e., a possible assig@més MCS attempts to determine

the optimal set of cluster centers that can partition a web page appropriately, the number of cluster centers encoded in
di erent chromosomes varies over the rangeg8= Ns <0G . For instance, to generate ti&h solution of the
overall population, a random number §) is selected betweer8= and <0G , and these g number of initial cluster

22p speci ¢ distance metric is de ned as well as speci ¢ update and assignment operators. These will be further explained in the paper.
Manuscript submitted to ACM
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Multimodal Web Page Segmentation Using Self-organized Multi-objective Clustering 15

centers are chosen randomly from the set of all bboxes contained in the web page. Note that lengths of input vectors
(chromosomes) are kept equal, and therefore, variable length solutions are converted to some xed length vectors by
appending zeros at the end.

This set of chromosomes each one with a varying number of clusters forms the initial popul&tiom order to
obtain a partitioning corresponding to a solution in the population, the update and assignment stepswdéans p0 51
are executed on the whole data set considering the cluster centers encoded in the solution as initial clustercenters
The discrete and continuous de nition of the multi-criteria WPS problem explained in section 3 leads to the de nition
of a speci c instanciation of -means with proper update and assignment operators, which are de ned in the following
section.

3.4 Assign and Update Steps of K-Means

-means clustering rst assigns observations to cluster centers (assign step) and updates the cluster centers based upon
the observations assigned to the respective clusters by using some form of an average (update step). Conventionally,
the observations and the updated cluster centers belong to the same representation space. But in the current scenario,
owing to the heterogeneous discrete and continuous attributes of bboxes, this can not be the case.

With respect to the assignment step, di erent metrics must be de ned to take into account the di erent viewpoints
(visual, logical and textual) in terms of distances between bboxes and cluster centers. This issue is detailed in section
3.4.2.

As for the update step, simple averaging may lead to illogical attributes (e.g., when coordinates are averaged, the
sense of alignment is lost), and thus the concept of virtual bbox must be introduced. As the atomic units for WPS are
bboxes, calculating the centroid of a cluster of bboxes should also be a bbox. However, such average bbox does not exist
in the real data set. As such, we must conceptualize it. This is the virtual bbox. This issue is detailed in the following
section 3.4.1.

3.4.1 Update Step.virtual bboxE is de ned by its pixel coordinates (top-left a5+~ ° and bottom-right!Ge ~°),
the set of bboxes that were assigned to it during clustering, and the continuous vector summarizing the textual contents
of the bboxes assigned to it. Note that at initialization, each virtual bbox is one bbox of the web page. Then, at each
iteration, the bboxes are assigned to virtual bboxes that are virtually conceptualized.

Let be a set of bboxes assigned to a virtual blEoxduring the€ iteration of -means. Then, the coordinates Bf
for the next1C, 1°C iteration are the average of the coordinates of the assigned bboxes (only top-left and bottom-right
are taken into account). Since all bboxes are rectangular, the coordinates formed by taking the average of the assigned
bboxes also form a rectangle. Thus, virtual bboxes are rectangular. The continuous text vector of a virtual bbox for
the next iteration is formed by the concatenation of all the textual contents of the contained bboxes. This text is then
transformed into a continuous space using Doc2vec [46].

In summary, at each iteration of -means, the update step consists of building the virtual bbox by averaging the
top-left and bottom-right coordinates over all bboxes allocated to it at the assign step, and then computing its continuous
representation using the Doc2vec framewdfk

23Note that by taking a bbox as a cluster center, we are more considering the problem amsadoid strategy. However, in the following steps, virtual
centers will be computed, so that we prefer to keep the mention of theneans.
24nttps://radimrehurek.com/gensim/models/doc2vec.html
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3.4.2 Assign Stefnce we have described the update step of the adaptedeans, we provide all the details of the
assign step, which aim to allocate bboxes to a given virtual bbox at each iteration of the algorithm. In particular, we
de ne three di erent families of distances (visual, logical and textual), as dissimilarities between virtual bboxes and
bboxes. These can be evaluated using di erent viewpoints.

Visual Distances

Border-to-Border Distance: Similar to [4], we use border-to-border distandel3as a measure of the geometrical
distance between two rectangular bboxes. As the name suggests, border-to-border distance gives the closest distance
between two bboxes, as illustrated in Figure 2. Since virtual bboxes (and bboxes) are rectangular in shape, the afore-
mentioned distance is applicable to calculate border-to-border distance between glpbox a virtual bboxe , and it
is noted asll%. Let1Ge~1° and 1 ~° be the respective top-left and bottom-right coordinates of the bligxand
1G% - and G~ be the respective top-left and bottom-right coordinates of the virtual btibx113; be calculated
as in Equation 1. Note that all distances are then normalized using min-max normalization.
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Fig. 2. Border-to-border distance (red) vs center-to-center distance (blue).
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833 Alignment Distance: It has been shown that aligned parts of a web page share similar layout structures, which can
84 be used as a valuable cue for WRS12, 84. But alignment is a qualitative aspect that we need to quantify in order to

835
836 ttothe -means de nition, the underlying idea being to de ne a distance metric in terms of alignment between two

837 bboxes (either real or virtual).
838 Two bboxes are said to be aligned if their horizontal or vertical margin lines coincide. In particular, due to possible
89 rendering errors or web page construction mistakes, we a ord an error margin of 5 piceor the iterationC, 1, the

840 | . . . . . .
ey alignment distanc®;3; between a bbofgand a virtual bbo)e is given in Equation 2, Wherélqg is the border-to-

842 border distance between bboxésandlg, B ;86=431g 1¢° equals tol if 1gandlg are aligned and otherwise, and C
843 s the set of bboxes assigned to the virtual bti®xat iterationC
844

845 . B ;86=431g 1¢°

046 0,3 =1 max = —————
1gn S8 113, 1

847

848 Itis important to remark that the alignment distand®3; increases the tendency for aligned bboxes that are nearby
849 to have higher alignment scores, and hence lower alignment distances for further bboxes, thus facilitating them to be in
80 the same cluster. In other words;3; stands for the geometrically closest bbox aligned with the virtual biioyas

851
852 illustrated in Figure 3. Note that all distances are normalized using min-max normalization to fairly be included in a

gs3  global distance.

854
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860

861

862

863

864

865

866

867

868

869

870

871

872 Fig. 3. Significance of alignment distance. Alignment distance is shorter between the blue bbox and the red one onits le , than with
873 all the other red bboxes. Note th&g stands f0r113§, where8is the blue bbox and®are all possible other bboxes.
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25This value has been set experimentally based on the used data sets. Note that the overall strategy does not depend on this parameter, which can
883 eventually be set by default to 0.
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Logical Distances

DOM Path Distance: Two similar bboxes can be disaligned or visually separated because of irrelevant cofftents
but may be close in the DOM tree structure. This situation may occur when there is an image element between two
regions of text or when there is an advertisement in a section, for instance. So, following the ideas of [37], we use the
xpath distance to measure the dissimilarity between the two bboxes in the logical DOM structures (tesp.; o) be the
length of the xpath of bboxg (resp.1g), i.e., the level or depth of the last element in the DOM tree structure of the bbox,
and;ggbe the length of the common pre x in the xpaths of both bboxdgandly, i.e., the level or depth of the lowest
common ancestor in the DOM tree structure (an example is given in Figure 4). The path dis?é)@eBB@between
bboxeslgandlgis de ned in Equation 3.

20C 8Bf=35, ;9 2go, 1 (3)
With respect to the DOM path distance between a bigand a virtual bboxe , we de ne the?3; distance metric.
Atiteration C, 1,?3; is given by Equation 4, Where:C is the set of bboxes assigned to the virtual biBxat iterationC
Note that all distances are normalized using min-max normalization, minimum and maximum being calculated for each
web page. These are notei0C 88&.

?3, = min d?0C 8 4
38 1g9n :c°9<8 B@ ( )

Fig. 4. An example of DOM path distance.

260ther reasons can be the cause.
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DOM XPath Distance: Web pages may have nested complex DOM structures repeating multiple times. This is
particularly the case for e-commerce web pages, where an image-text-button structure repeats itself multiple times.
These bboxes though dissimilar in content are similar in intent, and we intend to leverage the similarity in structure
using the xpath. Our purpose is illustrated with an example in Figure 5. The xpath similarity m@sé’ between
two bboxeslgandlyg, is de ned in Equation 5, Wherdg (resp 19) are the xpath vectors afgandlg.

<8=1gpiLop
G?(8g= 1,1 (5)

A=l 1571
With respect to the xpath distance between a bHigand a virtual bboxg at iterationC, 1, we de ne the distance
G?3 as in Equation 6, whereCis the set of bboxes assigned to the virtual bBxat iteration C Note thatd ?(8§e is
the normalized value of similérity using min-max normalization.

G?3=1 max ds?(8<xe 6
3 1on Co58 (g ©

Fig. 5. An example of DOM xpath distance.

Textual Distance

A bbox may contain textual information and it can be interesting to measure the similarity between two di erent
bboxes in terms of semantic content. Indeed, it is likely that words suchkax$ registerand sign inmay refer to a
single menu section. Recently, there have been a wide variety of methodologies to represent texts as continuous feature
vectors, i.e., in some latent spackl 46, 57). Within this context, texts are represented as numerical vectors that can
easily be compared. In the present work, we propose to use Doc2i@cHut any related methodology could be used.
Manuscript submitted to ACM
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989 The textual content of a virtual bbo¥E can be de ned as the sum of the textual contents of all its allocated bboxes

990 in the previous iteratiPn of the -means algorithm. This content is then encoded by the Doc2vec framework as a
991

992
|

993 procedure. Let this vector obtained for bba, belgG.CThus, the normalized textual distanCEGé%between a virtual

99 bbox,E , and a given bboxlg, is calculated based on the cosine similarity measure, which is typically used for text

995

9s  Similarity, and de ned in Equation 7.

997

numerical vector noted"®Similarly, a text continuous vector can be obtained for each bbox using the same Doc2vec

| |

098 Eesugec

Tt
999 e IESHILESS)
1000 CG3= > (7)
1001
1002 Combining Multiple Distances and De ning the Assign Function
1003
1004 The distance between a virtual bbd& and a given bboxgcan be evaluated from di erent viewpoints (visual, logical

1005 and textual), as illustrated in this section. However, in order to comply with the de nition of themeans algorithm, a

1006 ynique distance metric must be de néd This distance note@88BJs straightforwardly de ned in Equation 8.

1007 |

1008 ] 1113, , 0;3;,° 1?3, G?3° .

1009 38BC= 1 3. 0% s % 3 , CG3 (8)
3 2 2

1010

1011 Based or88ECthe assign function of the adapted-means can easily be de ned as in Equation 9, where a bz

1012
1013
1014
1015
1016 < =min38BC 9)

1017 .

1018 The assign step of bboxes to virtual bboxes and the update step of virtual bboxes are repeated till convergence is

1019 obtained, and thus a grouping of bboxes into segments is obtained.
1020
1021
1022
1023 To measure the correctness and magnitude of preference of a chromosome, various objective functions may be employed.
1024 The particularity of the multi-objective framework lies in the fact that it simultaneously optimizes di erent objective

1025 . . .. . . . .

1026 functions that may tackle di erent characteristics of a given assignment. This particularly suits the problem of WPS
1027  @s partitionings can be evaluated in terms of visual, logical and textual features. Within this context, we de ne four
1028 objective functions. The Davies-Bouldin inde&d is used to de ne geometric and textual objectives, the Silhouette
1029 index [67] allows the de nition of an alignment objective, and a heuristically-based objective function is de ned to
1223 evaluate the proportion of logical cuts provided by a given assignment, i.e., the tendency of a given solution to cut
103> logical HTML sequence structures such as li%is; for instance, as suggested in [4].

1033
1034 3.5.1 Davies-Bouldin Indekhe Davies-Bouldin index ( ) is a measure of compactness and separation of a given
1035 partition. is de ned in Equation 10 for a partition of clusters, which conditions constrain it to be symmetric and

1036 non-negative. is de ned as a function of the ratio of the within cluster scatter, to the between cluster separation. As
1037

1038

assigned to the cluster centée (at initialization), or the virtual bbo)g: if < is the closest center from all possible
centersl. (atinitialization) orkE .

3.5 Objective Functions

1039 27The study of multi-view -means [13] can be an interesting research direction for future work.

1040 Manuscript submitted to ACM
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a consequence, a lower value means that better clustering. In facis the average of the maximum ratio between the
intra-cluster similarities(g and( g, and the inter-cluster distancé gg

10
== (10)
81

where

= max' 1.
8= Max 19

~

. (8, (9
8e0= —
89

(gis a measure of scatter within thé cluster

" gois a measure of separation between e and & clusters

3.5.2 DB-Border: Geometric Objectide. use the  index to de ne the rst geometric objective based on the
border-to-border distance. Indeed, as previously mentioned in section 3, the elements of a cluster should be visually
connected. Within this context, we de ne in Equation 11 the scatter funct(dﬁ for the : © cluster, whose bbox
elements aré1e Ip» """yl and its virtual bbox is represented &s.

I 1
1 @ 102
(M= = m1Pe? (11)
8g1
The separation functior, %é, between two clusters,gand g, is de ned in Equation 12 as the border-to-border
distance between their two virtual bboxeg and .

w1l _w 11 _ 9
89 =" 98 =113 12)
Note that this visual objective is required to be minimized during the evolutionary process to guarantee maximum
visual connectivity between bboxes.

3.5.3 DB-Text: Textual Objecti®milar to the geometric objective, we use the index to de ne the textual objective
in order to evaluate the overall semantic compactness and separation of a given partition. The underlying idea, is
that clusters should demonstrate high inner coherence, and low outer consistency. Within this context, we make the
assumption that the layout structure is closely related to the semantic content.

So, in Equation 13, we de ne the scatter similarity functit()FrG@or the: C cluster, whose elements' text vectors are
represented a$(fG‘:ﬂ%Gp"’”-ﬁG%nd its virtual bbox's text vector aB~eC

& 1.2
1 2
(©oe L7 icay 13)
3
The separation functiori gg%etween two clustersgand gis de ned as the textual distance between their two
virtual bboxes, whose semantic vectors &¢°@andE§ ©Chis situation is presented in Equation 14.

w CGC. v CGC
89 — 08 ‘CGgi (14)
Manuscript submitted to ACM
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Note that this semantic objective is required to be minimized during the evolutionary process to guarantee maximum
semantic coherence of a given assignment.

3.5.4 SIA: Alignment ObjectiVehas long been shown that alignment plays a major role in WPS [4, 12, 72, 84]. As a
consequence, an optimal partition should guarantee the maximum proportion of aligned bboxes within clusters, while
evidencing a minimum percentage of aligned bboxes between clusters. To measure this phenomenon, we propose to
build on the Silhouette index [67].

Alignment is a pairwise metric. As a consequence, we propose to use an objective function that facilitates the
guanti cation of alignments in a pairwise fashion, in contrast to the index, which uses an average metric to
summarize cluster separateness and compactness. The Silhouette index is a good candidate for that purpose, as it may
compare, how good it is for a bbox to belong to a cluster as compared to the next best cluster.

For each bboxg assigned to cluster» with its virtual bbox B, and any other cluster . with its virtual bbox E , let

O
= lygis alignedlg
2B &9
0
4= max 114is alignedis
"< E
(0]
=g= Llagis alignediy » &
O2F »: <?

& %
B8®=
0 maxf=g &= 49
then, the Silhouette alignment indgx is de ned as in Equation 15, wherd 4 is the number of bboxes in a web page.

1 &
( =5 B8 (15)
N1g,

Note that this alignment objective will have to be maximized during the evolutionary process to guarantee maximum
inner alignment and minimum outer alignment of a given assignment.

3.5.5 CUTS: Number of Logical Cins[4], authors proposed a new internal validation index. Based on manual
evaluation, di erent experts evaluated negatively clustering results when logical constraints were broken, embodied by
speci ¢ HTML tag sequences such & Y ulj items,VYtitlej and the following paragraptypj , Yheadey , Yfooter;

or Ynavj elements. As building logical objective functions based on the two previously de ned distar?egsand

G?% would result in erroneous indices due to their inner de nitions, we propose to follow the same ided]db[take

into account the logical viewpoint of a given assignment.

So, each time, one of these logical constraints is broken, this counts for one cut, and each web page is evaluated
based on its overall number of cuts, the lesser, the better. As a consequence, this logical objective should obviously be
minimized to guarantee adequate clustering. Note that we used the code provided by the authdis@tpmpute this
objective function.

3.6 Non-Dominated Sorting and Pruning of Population

Once the adapted -means has been run on the di erent chromosomes of the population, and each solution has been

evaluated in terms of four di erent objective functions, the following step of the evolutionary process consists of
Manuscript submitted to ACM
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selecting the best individuals for the o spring reproduction. This step combines non-dominated sorting and population
pruning based on self organizing maps.

Non-dominated sorting: Each chromosome has its own list of four objective values and non-dominated sorting
is used to select the best solutions to reproduce over a set of Pareto-optimal fronts. For that purpose, we follow the
same strategy as/[J and use the non-dominated sorting genetic algorithm (NSGA-B[ In particular, NSGA-II sorts
the solutions based on the concepts of domination and non-domination relationships in the objective functional space.
For that purpose, it divides the solutions into a set of ordered fronts, each front containing a set of non-dominated
solutions.j jtop-ranked solutions are then selected from these fronts to take part in the o spring reproduction. In
order to control the population size, if the number of selected chromosomgexceeds a pre-de ne(>5 @8<8C self
organizing maps are employed to prune the population td#&3-!8<8C

Self organizing maps: Kohonen maps or self-organizing map44 are used to categorize the set of pre-selected
solutions into families in an unsupervised manner. SOM consists of nddéaka. map units) organized as a 2D grid,
with each node occupying xed cartesian coordinate8,= 11 De 150,

Within the context of our work, each node in the SOM is structurally similar to a chromosome, each with a set of

<0G virtual bboxes. Each virtual bbox of a given SOM map unit is made of the coordinates of the bbox and its content
text vector. Note that contrarily to [70], each node is initialized with random positive real values.

Each chromosome of must be assigned to a node of the SOM, and two chromosomes belong to the same family if
they are assigned to the same map unit. As such, a chromosRimassigned to the map uni@® that minimizes a given
node-chromosome distan@28+Pas de ned in Equation 16. Ofteii’is called the winning node, or the best matching
unit.

V= min3:g+B (16)

The distance318+« D between a chromoson&and a nodeéDis de ned as follows. Comparatively to7[(, where nodes
and chromosomes share the same vector size, this may not be the case in our context. As a consequence, we must
adapt the procedure to evalua88+P. Since a node has0G centers (i.e., virtual bboxes) and a chromosome has any
number of centers (i.e., virtual bboxes) ranging fror8= to <0G , we adapt a greedy assignment policy to determine
318+ P. Each virtual bboxg of chromosome8is paired with the closest possible node virtual bbds, in terms of
3=% (a distance between two virtual bboxes de ned in Equation 18) that hasn't been paired with any center of the
current chromosome. This process is followed as long as there are no more centers left in the chronfsanukit is
illustrated in Figure 6. So, the distan8&8+ Pbetween a chromosontand a node of the SOM is computed as de ned
in Equation 17.

318+D= min 3= 17
B i 0
For that purpose, we de ne:% as the distance between a virtual bb&of a chromosom@&and a virtual bboxegp
of a nodeD, such thaB:% is the summation of the border-to-border distance and the textual distance between both
virtual bboxe$®. This is formalized in Equation 18,

28This procedure does not necessarily yield to an optimal pairing, but the ability of SOM to learn leads to concluding results.
29Note that only these two distances can be randomly initialized, and as such, logical and alignment distances are not taken into account here.
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Fig. 6. Assignment of a chromosome of size 4 to a node of si9& = 8 of the SOM.

3=3=11F, CGR} (18)

The next step consists of computing the neighboring of the winning n@feSince nodes are arranged on a 2D Grid
with cartesian coordinates, a neighborho(‘)daroundDocan be de ned as in Equation 19, whefes a threshold that
varies by iteration, and’k is the euclidean distance.

* =fp j KD 1P% fg (19)

Note thatf is the neighborhood threshold de ned in Equation 20 for each iterati@n< of a maximum) g>< iterations
of the learning process. The underlying idea is to gradually freeze the neighborhood to guarantee convergence.

B><
)B><
Finally, the neighboring nodeB of the winning nodeD® must be updated to make them closer to each other. The

corresponding centers (i.e., virtual bboxes) of the neighborhood nodes are updated as de ned in Equation 211, Rvhere
(respll DO) are the cartesian coordinates of noBdresp.DY in the SOM@ is the vector made of the average values for
each feature across all the solutions assigned to the selected DdcdadF D is the feature vector of nodB. Note that
features for a given solution or node comprise of the coordinates of the virtual bboxes and the text vector. This is the
batch version of the SOM algorithm.

f =fwoc 1 (20)

0
8D2*FP=FD [ 4kI® 1%k 1P FDo (21)
Note that the learning raté¢ is de ned in Equation 22 for each iteratio@®>< of a maximum number of g>< iterations

of the learning process. The progressive limitation of the weights' updates also guarantees convergence.

%><
)B><

[ =[<0G 1 (22)
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All preceding steps are iterated unjig>< is reached, so that convergence is achieved and the SOM gets stabilized.

Pruning of the population: If the number of selected chromosomgsj crosses a pre-de ne¢>5 @8<8C the
population must be pruned to &A3-18<8C Comparatively to fJ who randomly select solutions in the population to
perform pruning, we propose a methodology that guarantees the diversity of the chosen population to reproduce.

In particular, following a top-left bottom-right course strategy of the 2D grid, one chromosome is randomly selected
(without replacement) for each node of the SOM representing a family of solutions until@4e3-!8<8ds reached. This
process maximizes the diversity of the solutions chosen for the o spring reproduction, thus optimizing the exploration
of the search space.

3.7 O spring Reproduction

Once the su cient number of solutions have been selected for reproduction, crossover is performed to obtain a new
population of potentially more performing chromosomes. For that purpose, we propose a randomized methodology
that relies on the SOM. This di erentiates from [70], who use a crossover operator of di erential evolution.

A solution is randomly chosen in the population. Its counterpart for reproduction is randomly chosen from the set of
solutions in its SOM neighborhood as de ned in Equation 23, wh@gg is the current number of iterations of the
multi-objective optimization procedure that must be lower than the maximum number of iteratiprng; . Note that
\<og is initialized with the same value gds<oc in Equation 22. As such, as the optimization procedure proceeds, the
neighborhood region decreases to ensure convergence.

G
V=Vos 1 38 (23)
)"$$

All the individual genes of the two chromosomes are then stored into a unique bag, from which two new chromosomes
are arti cially built by evolution, as shown in Figure 7.

Fig. 7. Crossover bag strategy.

Two solutions are created by randomly assigning to two di erent bags a set of genes such that each bag contains
between <8= and <0G genes and at least one gene from each initial chromosomes is contained in each bag. Thus,
we guarantee the suitability of each solution and its evolution. Each bag is the new chromosome after reproduction.
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The solutions that have reproduced are withdrawn from the set of possible solutions for reproduction, and the
process continues until there are no more chromosomes to reproduce. Note that all solutions that cannot reproduce (i.e.,
the neighborhood is empty) are ignored.

3.8 Termination and Selection of Solutions

Once the new population has been created, it is merged with the pre-existing one in the next iteration of the optimization
process, such that non-dominated sorting is executed again, and a new Pareto-optimal front is obtained. This process
iterates untilGgg equalstg-gg , i.e., the termination condition is achieved.

When the optimization process ends, a Pareto-optimal front of non-dominated solutions is obtained from which a
unique optimal solution must be selected. This issue is still an open problem as mentionédirr] this paper, we
propose a simple priority sorting strategy. The idea is to select the solution that maximizes a speci ¢ order of objective
values. Let's note A, the Silhouette index alignment, T, the DB-Text, G, the DB-Border, and C, the number of Cuts. Then,
if we decide upon the following combination of objectives, ACGT, the solution that maximizes A over all solutions
will be chosen. In case of ties, the second objective to be minimized will be the number of cuts, and so on and so forth
until the minimization of T. In this paper, for the sake of exhaustiveness, we will compard!ai 24 combinations, to
understand the weight of each (visual, logical, textual) criterion for WPS.

4 EXPERIMENTAL SETUPS

In this section, we present the experimental setups that include the description of the data sets, the learning setups of
the MCS, and the implementation details of the related works and the visual elements.

4.1 Data Sets

In order to test the MCS algorithm, we used the data set presented]inwhich consists of 53 web pages from 3 di erent
domains (Tourism, E-Commerce, News), all written in French and part of the TagThunder project. Initially, 900 web
pages have been automatically crawled from hub sites, i.e. 300 for each of the three domains. For each web page, a set
of information was recorded that includes encoding, content manager system, image formats, to name but a few. Such
process is illustrated in Figure 8. From this set of web pages, 30 items have been automatically selected for each domain
so that the topological diversity is guaranteed for the gold standard data set. Indeed, web pages can greatly vary in
terms of length, multimedia information, content manager system, and so on and so forth. And a strong evaluation set
up should include all this diversity. After manual veri cation of the 90 web pages by three human expi28 web

pages for Tourism, 12 web pages for E-Commerce and 18 web pages for News were selected for the gold standard data
set. A subset of this gold standard data set is illustrated in Figure 9 to account for the diversity of the selected web pages.

In order to segment the gold standard data set, a speci ¢ annotation tool (WebSeg) has been implemented that allows
to select a given number of clusters and assign visual elements to each de ned cluster. Such a tool takes the form of a
browser extension as can be seen in Figure 10.

There is no standard way to segment a web page, and it is easier to say that a web page is odd-segmented than to
state the opposite. Indeed, WPS su ers from the same issues as most clustering problems, for which human judgment
depends on di erent biase<2[. As a consequence, di erent clustering solutions may be judged correct although they
are di erent. Nevertheless, within the creation of gold standards, some agreement must be attained over annotators.

30Three professors experts in the domain.
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Fig. 8. Example of the information gathered for a given web page.

Within the speci ¢ scope of our research, annotation has been manually performed by three human annéfators
experts in the eld.

For the rst task that consists of segmenting web pages for non-visual access, all 53 web pages have been segmented
with a xed number of 5 clusters, as suggested if].[For that purpose, the three annotators have independently
performed their own segmentation following the Gestalt theory as guidelin@4.[Then, all annotators jointly discussed
their decisions for each of the web pages and decided on one consensus segmentation. Note that two web pages could
not be segmented into 5 clusters as they were referring to error web pages.

Within the scope of this paper, we also want to deal with the more general case, where the number of clusters is
not de ned a priori. For that purpose, we performed a second round of annotations, where a given annotator had
to de ne a segmentation with a variable number of zones, still following the Gestalt theory as guidelines. Note that
no recommendation was given in terms of the number of clusters to be de ned. Based on the experience acquired
during the rst annotation process, only one expert annotator segmented the set of 53 web pages with the objective to
transcribe the major layout decisions made by the author when designing the web page. Then, all three annotators
jointly discussed the proposed segmentations and agreed on some consensus. The results of the manual segmentation
into a variable number of clusters are given in Table 2.

31Three professors.
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