AbstractW e e x t e n d a r e c e n t l y d e v e l o p e d m e t h o d [ 1 ] f o r learning the semantics of image databases using text andpictures. We incorporate statistical natural languageprocessing in order to deal with free text. We demonstratethe current system on a difficult dataset, namely 10,000images of work from the Fine Arts Museum of SanFrancisco. The images include line drawings, paintings,and pictures of sculpture and ceramics. Many of theimages have associated free text whose varies greatly,from physical description to interpretation and mood.W e u s e W o r d N e t t o p r o v i d e s e m a n t i c g r o u p i n g information and to help disambiguate word senses, aswell as emphasize the hierarchical nature of semanticrelationships. This allows us to impose a natural structureon the image collection, that reflects semantics to ac o n s i d e r a b l e d e g r e e . O u r m e t h o d p r o d u c e s a j o i n t probability distribution for words and picture elements.We demonstrate that this distribution can be used (a) top r o v i d e i l l u s t r a t i o n s f o r g i v e n c a p t i o n s a n d ( b ) t o generate words for images outside the training set.Results from this annotation process yield a quantitativestudy of our method. Finally, our annotation process canbe seen as a form of object recognizer that has beenlearned through a partially supervised process.1. IntroductionIt is a remarkable fact that, while text and images areseparately ambiguous, jointly they tend not to be; this isprobably because the writers of text descriptions ofimages tend to leave out what is visually obvious (thecolour of flowers, etc.) and to mention properties that arevery difficult to infer using vision (the species of theflower, say). We exploit this phenomenon, and extend amethod for organizing image databases using both imagefeatures and associated text ([1], using a probabilisticmodel due to Hofmann [2]). By integrating the two kindsof information during model construction, the systemlearns links between the image features and semanticswhich can be exploited for better browsing (⁄3.1), bettersearch (⁄3.2), and novel applications such as associatingwords with pictures, and unsupervised learning for objectrecognition (⁄4). The system works by modeling thes t a t i s t i c s o f w o r d a n d f e a t u r e o c c u r r e n c e a n d c o - occurrence. We use a hierarchical structure which furtherencourages semantics through levels of generalization, aswell as being a natural choice for browsing applications.An additional advantage of our approach is that since it isa generative model, it contains processes for predictingimage components�words and features�from observedimage components. Since we can ask if some observedcomponents are predicted by others, we can measure theperformance of the model in ways not typically availablefor image retrieval systems (⁄4). This is exciting becausean effective performance measure is an important tool forfurther improving the model (⁄5).A n u m b e r o f o t h e r r e s e a r c h e r s h a v e i n t r o d u c e d systems for searching image databases. There are reviewsin [1, 3]. A few systems combine text and image data.Search using a simple conjunction of keywords and imagefeatures is provided in Blobworld [4]. Webseer [5] usessimilar ideas for query of images on the web, but alsoindexes the results of a few automatically estimated imagefeatures. These include whether the image is a photographor a sketch and notably the output of a face finder. Goingfurther, Cascia et al integrate some text and histogramdata in the indexing [6]. Others have also experimentedwith using image features as part of a query refinementprocess [7]. Enser and others have studied the nature ofthe image database query task [8-10]. Srihari and othersh a v e u s e d t e x t i n f o r m a t i o n t o d i s a m b i g u a t e i m a g e features, particularly in face finding applications [11-15].Our primary goal is to organize pictures in a way thatexposes as much semantic structure to a user as possible.The intention is that, if one can impose a structure on acollection that �makes sense� to a user, then it is possiblefor the user to grasp the overall content and organizationof the collection quickly and efficiently. This suggests ahierarchical model which imposes a coarse to fine, orgeneral to specific, structure on the image collection.Clustering ArtKobus Barnard, Pinar Duygulu, and David ForsythComputer Division, University of California, Berkeley{kobus, duygulu, daf}@cs.berkeley.edu

2. The Clustering ModelOur model is a generative hierarchical model, inspiredby one proposed for text by Hofmann [2, 16], and firstapplied to multiple data sources (text and image features)in [1]. This model is a hierarchical combination of theassymetric clustering model which maps documents intoc l u s t e r s , a n d t h e s y m m e t r i c c l u s t e r i n g m o d e l w h i c h models the joint distribution of documents and features(the �aspect� model). The data is modeled as beinggenerated by a fixed hierarchy of nodes, with the leavesof the hierarchy corresponding to clusters. Each node inthe tree has some probability of generating each word,a n d s i m i l a r l y , e a c h n o d e h a s s o m e p r o b a b i l i t y o f generating an image segment with given features. Thedocuments belonging to a given cluster are modeled asbeing generated by the nodes along the path from the leafcorresponding to the cluster, up to the root node, witheach node being weighted on a document and clusterbasis. Conceptually a document belongs to a specificcluster, but given finite data we can only model theprobability that a document belongs to a cluster, whichessentially makes the clusters soft. We note also thatc l u s t e r s w h i c h h a v e i n s u f f i c i e n t m e m b e r s h i p a r e extinguished, and therefore, some of the branches downfrom the root may end prematurely.The model is illustrated further in Figure 1. To theextent that the sunset image illustrated is in the thirdcluster, as indicated in the figure, its words and segmentsare modeled by the nodes along the path shown. Takingall clusters into consideration, the document is modeledby a sum over the clusters, weighted by the probabilitythat the document is in the cluster. Mathematically, thep r o c e s s f o r g e n e r a t i n g t h e s e t o f o b s e r v a t i o n s D associated with a document d can be described by�

PDdPcPilcPlcd_{c li D}(|) () (|,)(|,)=^�_Ł�^�_ł� �_˛

(1)where c indexes clusters, i indexes items (words or imagesegments), and l indexes levels. Notice that D is a set ofobservations that includes both words and imagesegments.2.1. An Alternative ModelNote that in (1) there is a separate probabilitydistribution over the nodes for each document. This is anadvantage for search as each document is optimallycharacterized. However this model is expensive in space,and documents belonging mostly to the same cluster canbe quite different because their distribution over nodescan differ substantially. Finally, when a new document isconsidered, as in the case with the "auto-annotate"application described below, the distribution over thenodes must be computed using an iterative process. Thusfor some applications we propose a simpler variant of themodel which uses a cluster dependent, rather thandocument dependent, distribution over the nodes.Documents are generated with this model according to�

PDPcPilcPlcc li D() () (|,)(|)= �Ł� �ł� �˛

(2)In training the average distribution, �

Plc(|)

, is maintainedin place of a document specific one; otherwise things aresimilar. We will refer to the standard model in (1) asModel I, and the model in (2) as Model II. Either modelprovides a joint distribution for words and imagesegments; model I by averaging over documents usingsome document prior and model II directly.The probability for an item, �

Pilc(|,)

, is conditionallyindependent, given a node in the tree. A node is uniquelyspecified by cluster and level. In the case of a word,�

is simply tabulated, being determined by theappropriate word counts during training. For imagesegments, we use Gaussian distributions over a number offeatures capturing some aspects of size, position, colour,texture, and shape. These features taken together form afeature vector X. Each node, subscripted by cluster c, andlevel l, specifies a probability distribution over imagesegments by the usual formula. In this work we assumeindependence of the features, as learning the fullcovariance matrix leads to precision problems. ASunSkySeaWavesHigher level nodes emit^{more general words andblobs (e.g. sky)Lower level nodes emitmore specific words andblobs (e.g. waves)}

Moderately general

words and blobs

(e.g. sun, sea)Figure 1. Illustration of the generative processimplicit in the statistical model. Each document hassome probability of being in each cluster. To theextent that it is in a given cluster, its words andsegments are modeled as being generated from adistribution over the nodes on the path to the rootcorresponding to that cluster.

reasonable compromise would be to enforce a blockdiagonal structure for the covariance matrix to capture themost important dependencies.To train the model we use the Expectation-Maximization algorithm [17]. This involves introducinghidden variables �

Hd c,

indicating that training document dis in cluster c, and �

Vd i l,,

indicating that item i of documentd was generated at level l. Additional details on the EMequations can be found in [2].We chose a hierarchical model over several non-hierarchal possibilities because it best supports browsingof large collections of images. Furthermore, because someof the information for each document is shared among thehigher level nodes, the representation is also morecompact than a similar non-hierarchical one. Thiseconomy is exactly why the model can be trainedappropriately. Specifically, more general terms and moregeneric image segment descriptions will occur in thehigher level nodes because they occur more often.3. ImplementationPrevious work [1] was limited to a subset of the Coreldataset and features from Blobworld [4]. Furthermore, thetext associated with the Corel images is simply 4-6keywords, chosen by hand by Corel employees. In thiswork we incorporate simple natural language processingin order to deal with free text and to take advantage ofadditional semantics available using natural languagetools (see ⁄4). Feature extraction has also been improvedlargely through Normalized Cuts segmentation [18, 19].For this work we use a modest set of features, specificallyregion color and standard deviation, region averageorientation energy (12 filters), and region size, location,convexity, first moment, and ratio of region area toboundary length squared.3.1 Data SetWe demonstrate the current system on a completelynew, and substantially more difficult dataset, namely10,000 images of work from the Fine Arts Museum ofSan Francisco. The images are extremely diverse, andinclude line drawings, paintings, sculpture, ceramics,antiques, and so on. Many of the images have associatedfree text provided by volunteers. The nature of this textvaries greatly, from physical description to interpretationand mood. Descriptions can run from a short sentence toseveral hundred words, and were not written withmachine interpretation in mind.3.2 ScaleTraining on an large image collection requiressensitivity to scalability issues. A naive implementation ofthe method described in [2] requires a data structure forthe vertical indicator variables which increases linearlywith four parameters: the number of images, the numberof clusters, the number of levels, and the number of items(words and image segments). The dependence on thenumber of images can be removed at the expense ofprogramming complexity by careful updates in the EMalgorithm as described here. In the naive implementation,an entire E step is completed before the M step is begun(or vice versa). However, since the vertical indicators areused only to weight sums in the M step on an image byimages bases, the part of the E step which computes thevertical indicators can be interleaved with the part of theM step which updates sums based on those indicators.This means that the storage for the vertical indicators canbe recycled, removing the dependency on the number ofimages. This requires some additional initialization andcleanup of the loop over points (which contains a mix ofboth E and M parts). Weighted sums must be converted tomeans after all images have been visited, but before thenext iteration. The storage reduction also applies to thehorizontal indicator variables (which has a smaller datastructure). Unlike the naive implementation, our versionrequires having both a "new" and "current" copy of themodel (e.g. means, variances, and word emissionprobabilities), but this extra storage is small comparedwith the overall savings.4. Language ModelsWe use WordNet [20] (an on-line lexical referencesystem, developed by the Cognitive Science Laboratory atPrinceton University), to determine word senses andsemantic hierarchies. Every word in WordNet has one ormore senses each of which has a distinct set of wordsrelated through other relationships such as hyper- orhyponyms (IS_A), holonyms (MEMBER_OF) andmeronyms (PART_OF). Most words have more than onesense. Our current clustering model requires that the senseof each word be established. Word sense disambiguationis a long standing problem in Natural LanguageProcessing and there are several methods proposed in theliterature [21-23]. We use WordNet hypernyms todisambiguate the senses.

For example, in the Corel database, sometimes it ispossible that one keyword is a hypernym of one sense ofanother keyword. In such cases, we always choose thesense that has this property. This method is less helpfulfor free text, where there are more, less carefully chosen,words. For free text, we use shared parentage to identifysense, because we assume that senses are shared for textassociated with a given picture (as in Gale et. al�s onesense per discourse hypothesis [24]).Thus, for each word we use the sense which has thelargest hypernym sense in common with the neighboringwords. For example, figure 2 shows four available sensesof the word path. Corel figure no. 187011 has keywordspath, stone, trees and mountains. The sense chosen ispath<-way<-artifact<-object. The free text associated with the museum data variesgreatly, from physical descriptions to interpretations anddescriptions of mood. We used Brill’s part of speechtagger [25] to tag the words; we retained only nouns,verbs, adjectives and adverbs, and only the hypernymsynsets for nouns. We used only the six closest words foreach occurrence of a word to disambiguate its sense.Figure 3 shows a typical record; we use WordNet only ondescriptions and titles. In this case, the word �vanity� isassigned the furniture sense.For the Corel database, our strategy assigns the correctsense to almost all keywords. Disambiguation is moredifficult for the museum data. For example, even though"doctor" and "hospital" are in the same concept, they haveno common hypernym synsets in WordNet and if thereare no other words helping for disambiguation it may notbe possible to obtain the correct sense.5. Testing the SystemWe applied our method to 8405 museum images, withan additional 1504 used as held out data for the annotationexperiments. The augmented vocabulary for this data had3319 words (2439 were from the associated text, and theremainder were from WordNet). We used a 5 level quadtree giving 256 clusters. Sample clusters are shown inFigure˚5. These were generated using Model I. UsingModel II to fit the data yielded clusters which werequalitatively at least as coherent.5.1. Quality of ClustersOur primary goal in this work is to expose structure ina collection of image information. Ideally, this structurewould be used to support browsing. An important goal isthat users can quickly build an internal model of thecollection, so that they know what kind of images can beexpected in the collection, where to look for them. It isdifficult to tell directly whether this goal is met.However, we can obtain some useful indirectinformation. In a good structure, clusters would �makesense� to the user. If the user finds the clusters coherent,then they can begin to internalize the kind of structurethey represent. Furthermore, a small portion of the clustercan be used to represent the whole, and will accuratelysuggest the kinds of pictures that will be found byexploring that cluster further.In [1] clusters were verified to have coherence byhaving a subject identify random clusters versus actualclusters. This was possible at roughly 95% accuracy. Thisis a fairly basic test; in fact, we want clusters to �makesense� to human observers. To test this property, weshowed 16 clusters to a total of 15 na�ve humanobservers, who were instructed to write down a smallnumber of words that captured the sense of the cluster foreach of these clusters. Observers did not discuss the taskor the clusters with one another. The raw words appearcoherent, but a better test is possible. For each cluster, wetook all words used by the observers, and scored thesewords with the number of WordNet hypernyms they hadin common with other words (so if one observer used�horse�, and another �pony�, the score would reflect thiscoherence). Words with large scores tend to suggest thatclusters are �make sense� to viewers. Most of our clustershad words with scores of eight or more, meaning that overhalf our observers used a word with similar semantics indescribing the cluster. In figure 4, we show a histogram ofthese scores for all sixteen clusters; clearly, theseobservers tend to agree quite strongly on what the clustersare �about�.5.2. Auto-illustrationIn [1] we demonstrated that our system supports �soft�queries. Specifically, given an arbitrary collection ofquery words and image segment examples, we computethe probability that each document in the collectiongenerates those items. An extreme example of such searchis auto-illustration, where the database is queried based

Figure 3: a typical record associated with animage in the Fine Arts Museum of San Franciscocollection.

on, for example, a paragraph of text. We tried this on textpassages from the classics. Sample results are shown inFigure 6.5.3. Auto-annotationIn [1] we introduced a second novel application of ourmethod, namely attaching words to images. Figure 7shows an example of doing so with the museum data.6. DiscussionBoth text and image features are important in theclustering process. For example, in the cluster of humanfigures on the top left of figure 5, the fact that mostelements contain people is attributable to text, but the factthat most are vertical is attributable to image features;similarly, the cluster of pottery on the bottom left exhibitsa degree of coherence in its decoration (due to the imagefeatures; there are other clusters where the decoration ismore geometric) and the fact that it is pottery (ditto text).Furthermore, by using both text and image features weobtain a joint probability model linking words andimages, which can be used both to suggest images forblocks of text, and to annotate images. Our clusteringprocess is remarkably successful for a very largecollection of very diverse images and free textannotations. This is probably because the text associatedwith images typically emphasizes properties that are veryhard to determine with computer vision techniques, butomits the �visually obvious�, and so the text and theimages are complementary. We mention some of many loose ends. Firstly, thetopology of our generative model is too rigid, and itwould be pleasing to have a method that could searchtopologies. Secondly, it is still hard to demonstrate thatthe hierarchy of clusters represents a semantic hierarchy.

(1) structure, landscape(2) horse

(3) tree

(4) war

(5) people(6) people

(7) people

(8)figure,animal,porcelain

(9) mountain, nature(10) book

(11) cup

(12) people

(13) plate(14) portrait

(15)people, religion

(16)people, art, letterFigure 4. Each histogram corresponds to a cluster and shows the score (described in the text) for the 10 wordswith highest score used to describe that cluster by human observer in that cluster. The scales for thehistograms are the same, and go in steps of 2; note that most clusters have words with scores of eight orabove, meaning that about half of our 15 observers used that or word with similar semantics to describe thecluster. Number of total words for each cluster varies between 15-35.

Our current strategy of illustrating (resp. annotating) byregarding text (resp. images) as conjunctive queries ofwords (resp. blobs) is clearly sub-optimal, as the elementsof the conjunction may be internally contradictory; abetter model is to think in terms of robust fitting. Oursystem produces a joint probability distribution linkingimage features and words. As a result, we can use imagesto predict words, and words to predict images. The qualityof these predictions is affected by (a) the mutualinformation between image features and words under themodel chosen and (b) the deviance between the fitobtained with the data set, and the best fit. We do notcurrently have good estimates of these parameters.Finally, it would be pleasing to use mutual informationcriteria to prune the clustering model.Annotation should be seen as a form of objectrecognition. In particular, a joint probability distributionfor images and words is a device for object recognition.The mutual information between the image data and thewords gives a measure of the performance of this device.Our work suggests that unsupervised learning may be aviable strategy for learning to recognize very largecollections of objects.8. AcknowledgementsThis project is part of the Digital Libraries Initiativesponsored by NSF and many others. Kobus Barnard alsoreceives funding from NSERC (Canada), and PinarDuygulu is funded by TUBITAK (Turkey).9. References[1]K. Barnard and D. Forsyth, �Learning the Semantics ofWords and Pictures,� Proc. International Conference onComputer Vision, pp. II:408-415, 2001.[2]T. Hofmann, �Learning and representing topic. Ahierarchical mixture model for word occurrence indocument databases,� Proc. Workshop on learning fromtext and the web, CMU, 1998.[3]D. A. Forsyth, �Computer Vision Tools for Finding Imagesand Video Sequences,� Library Trends, vol. 48, pp. 326-355, 1999.[4]C. Carson, S. Belongie, H. Greenspan, and J. Malik,�Blobworld: Image segmentation using Expectation-Maximization and its application to image querying,� IEEETransactions on Pattern Analysis and Machine IntelligenceIEEE Transactions on Pattern Analysis and MachineIntelligence, available in the interim fromhttp://HTTP.CS.Berkeley.EDU/~carson/papers/pami.html.[5]C. Frankel, M. J. Swain, and V. Athitsos, �Webseer: AnImage Search Engine for the World Wide Web,� U.Chicago TR-96-14, 1996,[6]M. L. Cascia, S. Sethi, and S. Sclaroff, �Combining Textualand Visual Cues for Content-based Image Retrieval on theWorld Wide Web,� Proc. IEEE Workshop on Content-Based Access of Image and Video Libraries, 1998.[7]F. Chen, U. Gargi, L. Niles, and H. Sch�tze, �Multi-modalbrowsing of images in web documents,� Proc. SPIEDocument Recognition and Retrieval, 1999.[8]P. G. B. Enser, �Query analysis in a visual informationretrieval context,� Journal of Document and TextManagement, vol. 1, pp. 25-39, 1993.[9]P. G. B. Enser, �Progress in documentation pictorialinformation retrieval,� Journal of Documentation, vol. 51,pp. 126-170, 1995.[10]L. H. Armitage and P. G. B. Enser, �Analysis of user needin image archives,� Journal of Information Science, vol. 23,pp. 287-299, 1997.[11]R. Srihari, Extracting Visual Information from Text: UsingCaptions to Label Human Faces in NewspaperPhotographs, SUNY at Buffalo, Ph.D., 1991.[12]V. Govindaraju, A Computational Theory for LocatingHuman Faces in Photographs, SUNY at Buffalo, Ph.D.,1992.[13]R. K. Srihari, R. Chopra, D. Burhans, M. Venkataraman,and V. Govindaraju, �Use of Collateral Text in ImageInterpretation,� Proc. ARPA Image UnderstandingWorkshop, Monterey, CA, 1994.[14]R. K. Srihari and D. T. Burhans, �Visual Semantics:Extracting Visual Information from Text AccompanyingPictures,� Proc. AAAI ’94, Seattle, WA, 1994.[15]R. Chopra and R. K. Srihari, �Control Structures forIncorporating Picture-Specific Context in ImageInterpretation,� Proc. IJCAI ’95, Montreal, Canada, 1995.[16]T. Hofmann and J. Puzicha, �Statistical models for co-occurrence data,� Massachusetts Institute of Technology,A.I. Memo 1635, 1998,[17]A. P. Dempster, N. M. Laird, and D. B. Rubin, �Maximumlikelihood from incomplete data via the EM algorithm,�Journal of the Royal Statistical Society. Series B(Methodological), vol. 39, pp. 1-38, 1977.[18]J. Shi and J. Malik., �Normalized Cuts and ImageSegmentation,� IEEE Transactions on Pattern Analysis andMachine Intelligence, vol. 22, pp. 888-905, 2000.[19]Available fromhttp://dlp.CS.Berkeley.EDU/~doron/software/ncuts/.[20]G. A. Miller, R. Beckwith, C. Fellbaum, D. Gross, and K. J.Miller, �Introduction to WordNet: an on-line lexicaldatabase,� International Journal of Lexicography, vol. 3,pp. 235 - 244, 1990.[21]D. Yarowski, �Unsupervised Word Sense DisambiguationRivaling Supervised Methods,� Proc. 33rd Conference onApplied Natural Language Processing, Cambridge, 1995.[22]R. Mihalcea and D. Moldovan., �Word sensedisambiguation based on semantic density,� Proc.COLING/ACL Workshop on Usage of WordNet in NaturalLanguage Processing Systems, Montreal, 1998.[23]E. Agirre and G. Rigau, �A proposal for word sensedisambiguation using conceptual distance,� Proc. 1stInternational Conference on Recent Advances in NaturalLanguage Processing, Velingrad, 1995.[24]W. Gale, K. Church, and D. Yarowski, �One Sense PerDiscourse,� Proc. DARPA Workshop on Speech andNatural Language, New York, pp. 233-237, 1992.[25]E. Brill, �A simple rule-based part of speech tagger,� Proc.Third Conference on Applied Natural LanguageProcessing, 1992.

Figure 5. Some sample clusters from the museumdata. The theme of the upper left cluster is clearlyfemale figurines, the upper right contains a variety ofhorse images, and the lower left is a sampling of theceramics collection. Some clusters are less perfect, asillustrated by the lower right cluster where a variety ofimages are blended with seven images of fruit.

large importance attached fact old dutch century more command whale ship was per sonwas divided officer word means fat cutter time made days was general vessel whalehunting concern british title old dutch official present rank such more good americanofficer boat night watch ground command ship deck grand political sea men mast wayprofessional superior�The large importance attached to theharpooneer’s vocation is evinced by thefact, that originally in the old DutchFishery, two centuries and more ago,the command of a whale-ship was notwholly lodged in the person now calledthe captain, but was divided betweenhim and an officer called theSpecksynder. Literally this word meansFat-Cutter; usage, however, in timemade it equivalent to Chief Harpooneer.In those days, the captain’s authoritywas restricted to the navigation andgeneral management of the vessel;while over the whale-huntingdepartment and all its concerns, theSpecksynder or Chief Harpooneerreigned supreme. In the BritishGreenland Fishery, under the corruptedtitle of Specksioneer, this old Dutchofficial is still retained, but his formerdignity is sadly abridged. At present heranks simply as senior Harpooneer; andas such, is but one of the captain’s moreinferior subalterns. Nevertheless, asupon the good conduct ˚�Figure 6. Examples of auto-illustration using a passage from Moby Dick , half of which is reproduced to theright of the images. Below are the words extracted from the passage used as a conjunctive probabilisticquery.

Associated WordsSYNTAX LORD PRINT ROWLANDSONPredicted Words (rank order)rowlandson print drawing life_form person objectartifact expert art creation animal graphic_art paintingstructure view Associated WordsDRAWING ROCKY SEA SHOREPredicted Words (rank order)print hokusai kunisada object artifact huge processnatural_process district administrative_districtstate_capital risesFigure 7. Some annotation results showing the original image, the N-Cuts segmentation, the associatedwords, and the predicted words in rank order. The test images were not in the training set. Keywords inupper-case are in the vocabulary. The first two examples are excellent, and the third one is a typical failure.Some of the words make sense given the segments, but the semantics are incorrect.