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1 Introduction

In many situations the texts and images in a document ardytégBociated, such as is the case of newspa-
pers, (news-)websites, brochures and advertisementsaaldgues. The text offers valuable information
which could help to interpret the image, for example in tHéadilt task of automatic object recognition. In
this paper we test the feasibility of automatically anrniatatmages by extracting entities which are likely
to appear in the image from the associated text. To deterthaprobability that an entity appears in the
image, we take into account the text’s discourse structhestext’s semantics and world knowledge that is
not presentin the text.

2 Entity classification

We want to classify all entities (i.e. nouns) in the text adaeg to a semantic database. We use the WordNet
[1] database, which organizes English nouns, verbs, adiscand adverbs in synsets. A synset is a collec-
tion of words that have a close meaning and that represenmtderlying concept. We combine two methods
for entity classification. The first method tries to assige tlorrect synset to every noun in the text, i.e.,
to disambiguate the sense of the word, for which we use anegffigVord Sense Disambiguation system
that was developed by the authors. This method does not @ffatisfactory solution for proper names,
since the amount of proper names is possibly indefinite. 8fberwe use a second method in which we tag
proper names using the Lingpipe Named Entity Recognizeas Jdckage recognizes persons, locations and
organizations.

3 Salience

We want to discover whether a certain entity is in the focutheftext or only mentioned briefly, because
we assume that more important entities in the text have degrpeobability of appearing in the image. We
define a measurealience, which represents the importance of an entity in a text. theraesearch we have
developed a discourse segmentation module, which higcatlshand sequentially segments the discourse
in different topics and subtopics resulting in a discourse,trepresenting a hierarchical table of contents
of the text [3]. The algorithm detects patterns of thematmgpession in texts and can thus recognize the
main topic of a sentence (i.e., about whom or what the seatspeaks) and the hierarchical and sequential
relationships between individual topics. We compute fargentity a score{al1) which is proportional
with the depth of the entity in the discourse tree -herebymgsg that deeper in this tree more detailed
topics of a text are described- and normalize this value.

Not all entities in the text are captured in the discourse,temd therefore we implement an additional
refinement. The segmentation module already determinandiretopic of a sentence. We can determine
the relative importance of the other entities in a sentegaelying on the relationships between entities as
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signaled by the syntactic parse tree. For every entity weutate the scor&al2, which is inversely pro-
portional with the depth of the parse tree where the entitpos; and the scor&al3, which is proportional
with the number of children in this tree. The salience is d=fias the linear combination of these three
scores fall, Sal2 andSal3).

4 Visualness

The salience measure depends only on the thematic prognesmsd syntactic structure of the text. Lack-
ing from this measure is the fact that some entities neveolfty indirectly) appear in an image, such as
“a thought” and “a journey”. We therefor incorporate woKdewledge in a second measuwesual ness,
which is defined as the extent to which an entity can be perdaiisually. We employ the similarity mea-
sure defined by Lin [2] which uses the hyponym/hypernym iataih the WordNet database to compute a
semantic similarity between two synsets. This similarigasure gives a score betwekand1, greater for
synsets which are conceptually similar (e.g. “journey” &mlyage” with a similarity 0f0.89) and smaller
for synsets which are conceptually different (e.g. “joyfhand “car” with a similarity of0). We have
manually selected 25 seed synsets in WordNet, where wettriedver the wide range of topics we were
likely to encounter in the test corpus. We have set the vimss of these seed synsets to either 1 (visual) or
0 (not visual). We determine the visualnegs(s)of a given synset using a linear weighting. We define

vis(s) =Y, m’s(si)% wheres; are the seed synsets, afifls) is a normalizing constant.

5 Results

We assume that the salience and visualness measures apendédat for every entity. This allows us
to compute theprobability of appearance of an entity as the product of the salience of the entity asd it
visualness. We evaluate this measure on a corpus cons@tib@0 image-text pairs, retrieved from the
Yahoo! News website The texts accompanying the images discusses the evenhfonthe picture was
taken, have on average a length of 40.98 words and discusgeoage 15.04 entities of which 2.58 are
shown in the image. One annotator has labeled every imagpét with the entities (i.e. persons and other
objects) that appear both in the image and in the text.

In a first evaluation we limit ourselves to the task of disaovgwhat persons are visible in the image.
A baseline system, that assumes that all persons (detegték INER package) are visible in the image,
achieves a precision afl.27%, recall 0f95.56% and an equally weighted F-measurelaf65%. We will
extend this baseline system in two ways. First, we assumé ikgossible to automatically determine the
number of faces that are present in the imayé;mg). This approach is reasonable since face detection
(determine whether a face is present in the image) is signifig¢ easier than face recognition (determine
which person is present in the image). Second, we use thealpitiip of appearance to select, for every
text-image pair,N(img) persons with the highest probabities, which results in @igien of97.66%, a
recall 0f92.59% and an F-measure 65.06%.

In a second evaluation we try to predict what entities aribldsn the image. A baseline system, which
assumes that all entities in the text are visible in the inragelts in a precision df5.62%, a recall 0191.08%
and an F-measure @6.66%. The improved system takes into account the appearancebébility. To
simplify evaluation, we assume that all entities with a doibity higher then a threshold of 0.4 are visible
in the image. This results in a precision®.56%, a recall 0f67.82% and a largely improved F-measure of
69.39%.
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