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Abstract matter. Whereas a search term likeANE can

refer to, e.g. aMACHINE or aBIRD; iconographic
We discussimage Sense Discrimination  gjstinctions could additionally include birds stand-
(ISD), and apply a method based on spec-  ng, vs. in a marsh land, or flying, i.e. sense-
tral clustering, using multimodal features  gistinctions encoded by further descriptive modi-
from the image and text of the embedding  fication in text. Therefore, as the number of text
web page. We evaluate our method on a  genses grow with corpus size, the iconographic
new data set of annotated web images, re-  senses grow even faster, and enumerating icono-
trieved with ambiguous query terms. EX-  graphic senses is extremely challenging; espe-
periments investigate different levels of gy since dictionary senses do not capture icono-
sense granularity, as well as the impact of  graphic distinctions. Thus, we focus on image-
text and image features, and global versus  griven word senses for ISD, but we acknowledge
local text features. the importance of iconography for visual meaning.

1 Introduction and problem clarification Also, an image oftemlepicts a related mean-
ing. E.g. a picture retrieved foBQUASH may

Semantics extends beyond words. We focusron depict a Squash bug (i.e. an insect on a leaf of
age sense discriminatioiSD)! for web images a squash plant) instead of a squash vegetable,
retrieved from ambiguous keywords, given a mul-whereas this does not really apply in WSD, where
timodal feature set, including text from the doc-each instance concerns the ambiguous term itself.
ument which the image was embedded in. Fomrherefore, it makes sense to consider the divi-
instance, a search f@RANE retrieves images of sion betweercore sense, related sense, and un-
crane machines, crane birds, associated other mgs|ated sensean I1SD, and, as an additional com-
chinery or animals etc., people, as well as imageg|ication, their boundaries are often blurred. Most
of irrelevant meanings. Current displays for im-importantly, whereas the one-sense-per-discourse
age queries (e.g. Google or Yahoo!) simply listassumption (Yarowsky, 1995) also applies to dis-
retrieved images in any order. An application iscriminating images, there isno guarantee of
a user display where images are presented in s@-|ocal collocational or co-occurrence context
mantically sensible clusters for improved imagearound the target image. Design or aesthetics may
browsing. Another usage of the presented modeghstead determine image placement. Thus, con-
is automatic creation of sense discriminated imaggidering local text around the image may not be as
data sets, and determining available image senseg|pful as local context is for standard WSD. In
automatically. fact, thequery term may even not occurin the

ISD differs from word sense discrimination and text body. On the other hand, one can assume that
disambiguation (WSD) by increased complexityan image spotlights the web page topic and that it
in several respects. As an initial complication, highlights important document information. Also,
bothword and iconographic sense distinctions  jmages mostly depict concrete senses. Lastly, ISD

ICf. (Schiitze, 1998) for a definition of sense discrimina- from web de_‘ta_ is complicated by web pa_ges being
tion in NLP. more domain-independent than news wire, the fa-
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() squash flower (b) tennis_? (c) hook Yd) food (e) bow (f) speaker

Figure 1:Example RELATED imagesfor (a) vegetablend (b) sportssenses fosQuAsH, and for (c-dfishand (e-fmusical
instrumentfor BASS. Related senses are associated with the semantic field of a core sense, but the core sense is visually absent
or undeterminable.

Figure 2:Which fish or instruments aresAss? Image sense annotation is more vague and subjective than in text.

vored corpus for WSD. As noted by (Yanai and Annotation overview The images were anno-
Barnard, 2005), whereas current image retrievaiated with one of several labels by one of the au-
engines include many irrelevant images, a data sehors out of contextwithout considering the web

of web images gives a more real-world point ofsite and its text), after applying text-based filter-
departure for image recognition. ing (cf. section 3.1). For annotation purposes, im-

Outline Section 2 discusses the corpus data andges were numbered and displayed on a web page

image annotation. Section 3 presents the featur@ thumbnail size. In case the thumbnail was not
set and the clustering model. Subsequently, sesufficient for disambiguation, the image linked at
tion 4 introduces the evaluation used, and disits true size to the thumbnail was inspecte@ihe
cusses experimental work and results. In sectiotrue-size view depended on the size of the orig-
5, this work is positioned with respect to previousinal picture and showed the image and its name.
work. We conclude with an outline of plans for However, the annotator tried to resist name influ-

future work in section 6. ence, and make judgements based just on the im-
age. For each query, 2 to 4 core word senses (e.g.
2 Data and annotation squash vegetabland squash sporfor SQUASH)

were distinguished from inspecting the data. How-

Yahoo!'s image query APl was used to obtain agyer hecause “context” was restricted to the image
corpus of pairs of semantically ambiguous imageSgyntent, and there was no guarantee that the image

in thumbnail and true size, and their correspondhctua”y depicts the query term, additional anno-

ing web sites for three ambiguous keywords in+4¢qr senses were introduced. Thus, for most core
spired by (Yarowsky, 1995)BASS, CRANE, and  genges gL ATED label was included, accounting

SQUASH We apply query augmentation (cf. Ta- tor meanings that seemed related to core meaning

ble 1), and exact duplicates were filtered out by, ¢ |acked a core sense object in the image. Some
identical image URLs, but cases occurred Wher%xamples fORELATED senses are in Fig. 1. In ad-
both thumbnail and true-size image were includedgition for each query term, REOPLE label was

Also, some images shar_ed the same webpage Q| ded because such images are common due to
came from the same site. Generally, the laty,e hature of how people take pictures (e.g. por-

ter gives important information about shared dis+,4its of persons or group pictures of crowds, when

course topic, however the images do not necessaly e or related senses did not apply), as was an
ily depict the same sense (e.g.CRANE bird vs.

_a mea_ldow), and image features can separate themM 2y noticed a few cases where Yahoo! retrieved a thumb-
into different clusters. nail image different from the true size image.
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Word (#Annot. images)| QueryTerms Senses Coverage | Examples of visual annotation cues
1. fish 35% any fish, people holding catch
5: bass, bass guitar,| 2. musical instrument 28% any bass-looking instrument, playing
BASS bass instrument, 3. related: fish 10% fishing (gear, boats, farms), rel. food, rel. charts/maps
(2881) bass fishing, sea 4. related: musical instrument 8% speakers, accessories, works, chords, rel. music
bass 5. unrelated 12% miscellaneous (above senses not applicable)
6. people 7% faces, crowd (above senses not applicable)
1. machine 21% machine crane, incl. panoramas
2. bird 26% crane bird or chick
5: crane, 3. origami 4% origami bird
CRANE construction cranes,| 4. related: machine 11% other machinery, construction, motor, steering, seat
(2650) whooping crane, 5. related: bird 11% egg, other birds, wildlife, insects, hunting, rel. maps/charts
sandhill crane, 6. related: origami 1% origami shapes (stars, pigs), paper folding
origami cranes 7. people 7% faces, crowd (above senses not applicable)
8. unrelated 18% miscellaneous (above senses not applicable)
9. karate 1% martial arts
. . 1. vegetable 24% squash vegetable
10: squash+: rules, 2. sport 13% people playing, court, equipment
butternut, vegetable, . . .
SQUASH row. game of 3. related:vegetable 31% agriculture, food, plant, flower, insect, vegetables
(1948) grow, game of, 4. related:sport 6% other sports, sports complex
spaghetti, winter, o )
types of, summer 5. people 10% fa_ces, crowd (above senses not appllcable)
' 6. unrelated 16% miscellaneous (above senses not applicable)

Table 1:Web images for three ambiguous query termsvere annotated manually out of contewithout considering the

web page document). For each term, the number of annotated images, the query retrieval terms, the senses, their distribution,
and rough sample annotation guidelines are provided, with core senses marked in bold face. Because image retrieval engines
restrict hits to 1000 images, query expansion was conducted by adding narrowing query ternaskjeeves.com  to

increase corpus size. We selected terms relevant to core senses, i.e. the main discrimination phenomenon.

UNRELATED label for irrelevant images which did KZ{JV;‘;" Filtering
not fit other labels or were undeterminable. / \
For a human annotator, even when using more —— o

extraction feature extraction

natural word senses, assigning sense labels to im-
ages based on image alone is more challenging
and subjective than labeling word senses in tex-
tual context. First of all, the annotation is heav-
ily dependent omomain-knowledgeand it is not
feasible for a layperson to recognize fine-grained
semantics. For example, it is straightforward for
the layperson to distinguish between a robin and a
crane, but determining whether a given fish should
have the common namkass applied to it, or
whether an instrument is indeed a bass instrume
or not, is extremely difficult (see Fig. 2; e.g. de-
ciding if a picture of a fish fillet is a picture of a

1. Compuite pair-wise document affinities
2. Compute eigenvalues
3. Embed and cluster

Evaluation of purity

Figure 3:0verview of algorithm

r33|tuite subjective, this is to be expected. In fact,
one person’s labeling often appears as justifiable
as a contradicting label provided by another per-

ﬂf)h 'Si[kaIy)' Fl:_rtrl}e.rrpore, mos;[ ”?“a?‘fffp'ay K son. We explore the vagueness and subjective na-
ODJECIS only partiatly, Tor exampie JUst the NECK o image annotation further in a companion

of a classical dou_ple bas; instead of _the whole infoaper (Alm, Loeff, Forsyth, 2006).
strument. In additionscaling, proportions, and
componentsare key cues for object discrimina-
tion in real-life, e.g. for singling out an electric

. : : 3 Model
bass from an electric guitar, but an image may
not provide these detail. Thusenses are even
fuzzier for ISD than WSD labeling. Given that Our goal is to provide a mapping between im-
laypeople are in the majority, it is fair to assumeages and a set of iconographically coherent clus-
their perspective and naiveness. This latter facters for a given query word, in an unsupervised
also led to annotations’ level of specificity differ- framework. Our approach involves extracting
ing according to search term. Annotation criteriaand weighting unordered bags-of-words (BOWS;
depended on the keyword term and its senses arenceforth) features from the webpage text, sim-
their coverage, as shown in Table 1. Nevertheple local and global features from the image, and
less, several border-line cases for label assignmentinning spectral clustering on top. Fig. 3 shows an
occurred. Considering that the annotation task i®verview of the implementation.
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3.1 Feature extraction Color histograms: Due to its similarity to

d filteri . how humans perceive color, HSV (hue, saturation,
Document an text ! tering A pruning process brightness) color space was used to bin pixel color
was used to filter out image-document pairs basegalues for each image. Eight bins were used per

on €.9. language specification, exclusion”if channel, obtaining a8’ dimensional vector.
dex of” pages, pages lacking an extractable target

image, or a cutoff threshold of number of tokens3.2 Measuring similarity between images

in the body. For remaining documents, text Was=q the BOWs text representation, we use the com-
preprocessed (€.g. lower-casing, removing puntyon measure ofosine similarity(cs) of two tf-
tuation, tokens being very short, having number§ys yectors (Jurafsky and Martin, 2000). The co-
or no vowels, etc.). We used a stop word list, buljne similarity measure is also appropriate for key-
avoided stemming to make the algorithm language,sint representation as it is also an unordered bag.
independent in other respects. When using imag®nere are several measures for histogram compar-
features, grayscale images (no color hlstogramsgOn (i.e.L1, x2). As in (Fowlkes et al, 2004) we

and images without salient regions (no keypointg, o they? distance measure between histograms

detected) were also removed. h: andh.
7 7"
Text features We used the following BOWSs: 512 )
(a) tokens in the pagkody, (b) tokens in at10 s = 2 > (a(k) = hy (k) 1
’ Y24 hi(k) + hy(k)

window around the target image (if multiple, the
first was considered); (c) tokens intd 0 window

around any instances of the query keyword (€.93.3 Spectral Clustering

squasly;, (d) tokens of the target imageait at- Spectral clustering is a powerful way to sepa-

triEutes;g (e:?ftzl;ens of thT,_itls tag; (7) .sorr]ne(Teta rate non-convex groups of data. Spectral meth-
tokens. Ti-idt was applied to a weighted aver- g ¢q, clustering are a family of algorithms that

age of the BOWs. Webpage design is flexible, an_QINork by first constructing a pairwise-affinity ma-

some inco_nsistencies and a certain degree of NOISRy from the data, computing an eigendecomposi-
remained in the text features. tion of the data, embedding the data into this low-
Image featuresGiven the large variability in  gimensional manifold, and finally applying tradi-
the retrieved image set for a given query, it is dif-jonal clustering techniques (i.é-means) to it.
ficult to model images in an unsupervised fash- consider a graph with a set af vertices each
ion. Simple features have been shown to providgye representing an image document, and the
performance rivaling that of more elaborate mOd'edges of the graph represent the pairwise affinities
els in object recognition (Csurka et al, 2004) andyetween the vertices. L& be ann x n symmet-
(Chapelle, Haffner, and Vapnik, 1999), and theric matrix of pairwise affinities. We define these
following image bags of features were consideredgg the Gaussian-weighted distance
Bags of keypoints In order to obtain a compact
representation of the textures of an image, patchedi; = exp <—at(1 —csi ;) —af(1—csi;) — acx%) ;
are extracted automatically around interesting re- 2
gions orkeypointsin each image. The keypoint Where{a’,o*, o<} are scaling parameters for text,
detection algorithm (Kadir and Brady, 2001) uses<eypoints, and color features.
a saliency measure based on entropy to select re- It has been shown that the use of multiple eigen-
gions. After extraction, keypoints were repre-Vvectors ofi¥ is a valid space onto which the data
sented by a histogram of gradient magnitude ofan be embedded (Ng, Jordan, Weiss, 2002). In
the pixel values in the region (SIFT) (Lowe, 2004). this spacenoiseis reduced while the most signif-
These descriptors were clustered using a Gaussidgant affinities are preserved. After this, any tra-
Mixture with ~ 300 components, and the result- ditional clustering algorithm can be applied in this
ing global patclcodebooki.e. histogram of code- New space to get the final clusters. Note that this
book entries) was used as lookup table to assigi$ @ nonlinear mapping of theriginal space. In
each keypoint to a codebook entry. particular, we employ a variant @emeans, which
includes aselectivestep that is quasi-optimal in
3Adding to META content keywordswvas an attribute, but a Vector Quantization sense (Ueda and Nakano,
is irregular. Embedded BODY pairs are rare; thus not used. 1994). It has the added advantage of being more
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robust to initialization than traditionat-means.

Word

| Allsenses| Meta senses| Core senses

: BASS 6 senses | 4 senses 2 senses
The algorithm follows, Modian— 060 73 5oz
1. For given documents, compute the affinity | Range | 0.03 0.02 0.02
trix W defined i i > Baseline | 0.35 0.45 0.55
matrix as daetined in equation 2. CRANE 9 senses | 6senses 4 senses
2. Let D be a diagonal matrix whosg, i)-th Median | 0.49 0.65 0.86
element is the sum df’’s i-th row, and de- Range | 0.05 0.07 0.07
. 12 _1/2 ’ Baseline | 0.27 0.37 0.50
finel =D WD . SQUASH | 6 senses | 4 senses 2 senses
3. Find thek largest eigenvectorg of L. Median | 0.52 0.71 0.94
] ) ) Range 0.03 0.04 0.03
4. DefineE asV, with normalized rows. Baseline | 0.32 0.56 0.64

S. Pe.rform clustering on the (?Olumns &, ~ Table 2: Median and range of global clustering purity
which represent the embedding of each im-or 5 runs with different initializations. For each keyword, the

age into the new space, usingelectivestep table lists the number of senses, median, and range of global
. ’ cluster purity, followed by the baselin@ll senses used the
as in (Ueda and Nakano, 1994).

full set of sense labels and 40 clusteketa senses merged
. . core senses with their respective related senses, considering
Why Spectral Clustering? Why apply a vari- all images and using 40 clusteGore senses were clustered
ant of k-means in the embedded space as opposedlo 20 clusters, using only images labeled with core sense la-
to theoriginal feature space? Themeans algo- bels. Purity was stable across runs, and peake@doe. The
. baseline reflected the frequency of the most common sense.
rithm cannot separate non-convex clusters. Fur-

thermore, it is unable to cope with noisy dimen-

[ Word [ Img [ TxtWin [ BodyTxt | Baseline |
sions (this is especially true in the case of the text BASS
data) and highly non-ellipsoid clusters. (Ng, Jor- | Median| 0.71 | 0.83 0.93 0.55
. . Range | 0.05| 0.03 0.05
dan, Weiss, 2002) stated that spectral clustering —
outpe.rformsk-means not only'on thege hlgh di-  WedanT 061 T 082 085 050
mensional problems, but also in low-dimensional, | Range | 0.07 | 0.04 0.05
multi-class data sets. Moreover, there are prob- SQUASH
: ; _|MedianT 0.71 0.91 0.96 0.64
lems where Euclidean measures of distance re Range | 0.05 | 0.04 0.03

quired by k-means are not appropriate (for in-
stance histograms), or others where there is nofable 3: Global and local features’ performance Core

even a natural vector space representation. Als@enseémages were grouped into 20 clusters, on the basis of
individual feature types, and global cluster purity was mea-

spectral clustering provides a simple way of COM-yred. The table lists the median and range from 5 runs with
bining dissimilar vector spaces, like in this casedifferent initializations. Img included just image features;

xt. ki int an lor f res. TxtWin local tokens in at10 WIndOW around the target im-
text, keypoint and color features age anchorBodyTxt global tokens in the pageoDy; and
Baselineuses the most common sense. Text performed bet-
ter than image features, and global text appeared better than

. . local. All features performed above the baseline.
In the first set of experiments, we used all features

for clustering. We considered three levels of sense Median and range results are reported for five

granularity: (1)_a|| sensesA(I), (2) merging ré- ng, given each condition, comparing against the
lated senses with their corresponding core seNsaseline (i.e. choosing the most common sense).

(Me_\ta), (3) just the core senseSgre). For ex- Table 2 shows that purity was surprisingly good,
periments (1) and (2), we used 40 clusters and agtable across query terms, and that it was high-

labeled images. For (3), we considered only iM-o \yhen only core sense data was considered. In

ages labeled with core senses, and thus reduced tgadition, purity tended to be slightly higher for

number of clusters to 20 for a more fa_ur compart-g A s which may be related to the annotator being
son. Resglts were eva}luated according to globghgg confident about its fine-grained sense distinc-
cluster purity, cf. Equation 3. tions, and thus less strict for assigning core sense
Global purity— 3" *ofmostcommon sense in cluster |abels for this query terr.In addition, we looked
clusters total # images at the relative performance of individual global
and local features using 20 clusters and only core

4 Experiments and results

®)

“Purity did not include the small set of outlierimages,de-
fined as images whose ratio of distances to the second closest °A slightly modified HTML extractor yielded similar re-
and closest clusters was below a threshold. sults @0-2% median,+0-5% range cf. to Tables 2 - 4).
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Figure 4:First 30 images from aCRANE BIRD cluster consisting of 81 images in the median run. Individual cluster purity

for all senses was 0.67, and for meta senses 0.83. Not all clusters were as pure as this one; global purity for all 40 cluster was
0.49. This cluster appeared to show some iconography; mostly standing cranes. Interestingly, another cluster contained several
images of flying cranes. Most weighted tokeosnes whooping birds wildlife specieEable 1 has sense labels.

\

Figure 5: Global purity does not tell the whole story SQUASH VEGETABLE cluster of 22 images in the median run.
Individual cluster purity for all senses was 0.5, and for meta senses 1.0. Global purity for all 40 cluster was 0.52. This cluster
both shows visually coherent images, and a sensible meta semantic field. Most weighteddb&gate calabaza add bitter

cup Presumably, some tokens reflect the vegetable’s use within the cooking domain.

sense data based on a particular feature. TabletBbute to more visually balanced clusters, espe-
shows that global text features were most inforcially in terms of colors and shading. This shows
mative (although not homogenously), but also thathat further exploring image features may be vi-
each feature type performed better than the baseal for attaining more subtle iconographic senses.
line inisolation. This indicates that an optimal fea-Moreover, as discussed in the introduction, images
ture combination may improve over current per-are not necessarily anchored in the immediate text
formance, using manually selected parameters. Iwhich they refer to. This could explain why lo-
addition, purity is not the whole story. Figs. 4 cal text features do not perform as well as global
and 5 show examples of two selected interestingnes. Lastly, in addition, Fig. 6 shows an example
clusters obtained fotRANE andSQUASH, respec-  of a partial cluster where the algorithm inferred a
tively, using combined image and text features andpecific related sense.

all individual sense8. Inspection of image clus-  we also experimented with different number of
ters indicated that image features, both in isolatiort|ysters forBass. The results are in Table 4, lack-
and when used in combination, appeared to coning a clear trend, with comparable variation to dif-
" 5The UIUC-ISD data setand results are currently at [€r€Nt initializations. This is surprising, since we
http://www.visionpc.cs.uiuc.edu/isd/ . would expect purity to increase with number of
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Figure 6:RELATED : SQUASH VEGETABLE cluster, consisting of 27 imagesThe algorithm discovered a speciiQUASH
BUG-PLANT sense, which appears iconographic. Individual cluster purity for all senses was 0.85, and individual meta purity:
1.0. Global purity for all 40 clusters: 0.52. Most weighted tokebsgs bug beetle leaf-footed kentucky

[ #Clusters [ 6 drawn, and computer-drawn images, using a com-

Niedian 06T T 055 0581 060 061 blnajuon OfHTML marku_p, web page text, and im-
Range 003 0.05| 0.03| 0.03| 0.04 age information. (Yanai and Barnard, 2005) found

Meta that adding text features could benefit identifying
Median [ 0.75 0.70 | 0.70 | 0.73 | 0.72 relevant web images. Using text-annotated images
Range 0.04 | 0.07 | 0.04 | 0.02 | 0.04

(i.e. images annotated with relevant keywords),
Table 4:impact of cluster size?We ransassfor different ~ (Barnard and Forsyth, 2001) clustered them ex-
number of clusters (5 runs each with distinct initializations), ploring a semantic hierarchy; similarly (Barnard,
and recorded median and range of global purity for all six _
senses of the query term, and for the four meta senses, withDu,ygum’ and Forsyth, 2002) conducted art clus
out a clear trend. tering, and (Barnard and Johnson, 2005) used text-
annotated images to improve WSD. The latter pa-

clusters (Sciitze, 1998), but may be due to the . o
. . per obtained best results when combining text and
spectral clustering. Inspection showed that 6 clus’ o .
age features, but contrary to our findings, im-

ters were dominated by core senses, whereas wi{hn o . .
. age features performed better in isolation than just
40 clusters a few were also dominated Rg-

. text. They did use a larger set of image features
LATED senses oPEOPLE No cluster was domi-

nated by awNRELATED label, which makes sense and segmentation, howevgr, we suspect that dif-
. L ferences can rather be attributed to corpus type. In
since semantic linkage should be absent betwe

. ef%ct, (Yanai, Shirahatti, and Barnard, 2005) noted
unrelated items. ) : .
that human evaluators rated images obtained via
a keyword retrieval method higher compared to
image-based retrieval methods, which they relate
Space does not allow a complete review of thdo the importance of semantics for what humans
WSD literature. (Yarowsky, 1995) demonstratedregard as matching, and because pictorial seman-
that semi-supervised WSD could be successfulics is hard to detect.

(Schutze, 1998) and (Lin and Pantel, 2002a, b) (Cai et al, 2004) use similar methods to rank
show that clustering methods are helpful in thisvisual search results. While their work does not
area. focus explicitly on sense and does not provide in-
While ISD has received less attention, imagedepth discussion of visual sense phenomena, these
categorization has been approached previouslglo appear in, for example, figs. 7 and 9 of their pa-
by adding text features. For example, (Frankelper. An interesting aspect of their work is the use
Swain, and Athitsos, 1996)'s WebSeer systenof page layout segmentation to associate text with
attempted to mutually distinguish photos, handimages in web documents. Unfortunately, the au-

5 Comparison to previous work
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thors only provide an illustrative query example,K. Barnard, P. Duygulu, and D. Forsyth. 2002. Modeling the
and no numerical evaluation, making any com- statistics of image features and associated BRIE
parison difficult. (Wang et al, 2004) use similar k. Barnard and M. Johnson. 2005. Word sense disambigua-
features with the goal to improve image retrieval tion with pictures Artificial Intelligence 167, 13-30.
through similarity propagation, querying specificp. cai et al. 2004. Hierarchical clustering of WWW image
web sites. (Fuji and Ishikawa, 2005) deal with search results using visual, textual and link information.
image ambiguity for establishing an online mul- ACM Multimedia 952-959.

timedia encyclopedia, but their method does noD. Chapelle and P. Haffner and V. Vapnik. 1999. Support
integrate image features, and appears to dependvector machines for histogram-based image classification.

. : IEEE Neural Networksl10(5), 1055-1064.
on previous encyclopedic background knowledge,

limited to a domain set. G. Csurka et al. 2004. Visual categorization with bags
of keypoints. ECCV Int. Workshop on Stat. Learning in

. Computer Vision
6 Conclusion P

] ] o .. C.Frankel, M. Swain, and V. Athitsos. 1996. WebSeer: an
It is remarkable how high purity is, considering image search engine for the World Wide Webniv. of

that we are us|ng relatlvely Slmple |mage and text Chicago, Computer Science, Technical report #96-14
representation. In most corpora used to date for rec. Fowlkes, S. Belongie, F. Chung, and J. Malik. 2004.
search on illustrated text, word sense is an entirely ?K&ﬁtrgg %rozuﬂngzgsmg the Ny8m method. IEEE
secondary phenomenon, whereas our data set was + 26(2),214-225.
collected as to emphasize possible ambiguities ag- Fuji and T. Ishikawa. 2005. Toward the automatic com-
: : pilation of multimedia encyclopedias: associating images
SOCIateq _Wlth word sense. Our reSL_thS Sque,St that with term descriptions on the welEEEE W|, 536-542.
a surprisingly degree of the meaning of an illus-
trated object is exposed on the surface D. Jurafsky and J. Martin 200Bpeech and Language Pro-
. ) . ) . cessing Prentice Hall.
This work is an initial attempt at addressing
the I1SD problem. Future work will involve learn- T- Kadir and M. Brady. 2001. Scale, saliency and image
. . , . . description. Int. Journal of Computer Visigrd5 (2):83—
ing the algorithm’s parameters without supervi- {og
sion, and develop a semantically meaningful im—D Lin and P. Pantel. 20028, C i from text
. - . LIn an . Pantel. a. oncept adiscovery from text.
age taxonomy. In particular, we intend to explore COLING, 577-583.

the notion of iconographic senses; surprisingly

; e i D. Lowe. 2004. Distinctive image features from scale-
good results on image classification by (Chapelle, invariant keypoints. Int. Journal of Computer Visign

Haffner, and Vapnik, 1999) using image features 6o(2), 91-110.
suggest that iconography plays an important role

. . . . A. Ng, M. Jordan, and Y. Weiss. 2002. On spectral cluster-
in the semantics of images. An important aspect ing: analysis and an algorithnNIPS 14

is to enhance our understanding of the interpla)é , _ ,
. . . Pantel and D. Lin. 2002b. Discovering word senses from

between text and image features for this purpose.” iyt KpD 613-6109.
Also, it remains an unsolved problem how to enu-
merate iconographic senses, and use them in mah:
ual annotation and classification. Experimental

; ; o J. Shi and J. Malik. 2000. Normalized cuts and image seg-
work_ W|t_h humans.pelrforrrjlng sqm_lar tasks may mentation. IEEE PAML 22(8):888-905.
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