AbstractWe present a statistical model for organizing imagec o l l e c t i o n s w h i c h i n t e g r a t e s s e m a n t i c i n f o r m a t i o n p r o v i d e d b y a s s o c i a t e d t e x t a n d v i s u a l i n f o r m a t i o n provided by image features. The model is very promisingfor information retrieval tasks such as database browsingand searching for images based on text and/or imagef e a t u r e s . F u r t h e r m o r e , s i n c e t h e m o d e l l e a r n s relationships between text and image features, it can beused for novel applications such as associating wordsw i t h p i c t u r e s , a n d u n s u p e r v i s e d l e a r n i n g f o r o b j e c t recognition.1. IntroductionWe present a method which organizes image databasesu s i n g b o t h i m a g e f e a t u r e s a n d a s s o c i a t e d t e x t . B y integrating the two kinds of information during modelconstruction, the system learns links between the imagefeatures and semantics which can be exploited for betterb r o w s i n g ( ⁄ 3 . 1 ) , b e t t e r s e a r c h ( ⁄ 3 . 2 ) , a n d n o v e l applications such as associating words with pictures, andunsupervised learning for object recognition (⁄4). Thesystem works by modeling the statistics of word andf e a t u r e o c c u r r e n c e a n d c o - o c c u r r e n c e . W e u s e a hierarchical structure which further encourages semanticsthrough levels of generalization, as well as being a naturalchoice for browsing applications. An additional advantageof our approach is that since it is a generative model, iti m p l i c i t l y c o n t a i n s p r o c e s s e s f o r p r e d i c t i n g i m a g e components�words and features�from observed imagec o m p o n e n t s . S i n c e w e c a n a s k i f s o m e o b s e r v e d components 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 s y s t e m s f o r s e a r c h i n g i m a g e d a t a b a s e s . T h i s w o r k includes search by text [1, 2], search by image featuresimilarity [3-6], search by segment features [7], search forspecific types of images using more compressive methods[8, 9], and search by image sketch [1]. A few systemscombine text and image data. Search using a simpleconjunction of keywords and image features is providedin Blobworld [7]. Here the image segment color istranslated in a pre-processing step into one of a handful ofcolor categories. Thus, image feature search becomes atext search, and standard database systems can be usedfor the query. This is efficient, but potential for moresophisticated use of image features is limited. Webseer[10] uses similar ideas for query of images on the web,but also indexes the results of a few automaticallyestimated image features. These include whether theimage is a photograph or a sketch and notably the outputof a face finder. Going further, Cascia et al integrate sometext and histogram data in the indexing [11]. Others havealso experimented with using image features as part of aquery refinement process [12]. Enser and others havestudied the nature of the image database query task [13-15]. The model we build on is developed in [16]. Othersa l s o a r g u e f o r s t a t i s t i c a l m o d e l s o f d a t a f o r i m a g e retrieval [17]. Finally, in the area of using associated textfor image understanding the work of Srihari and others[18-22] bears mentioning.For the image retrieval component of this work weinsisted that browsing was well supported. This is incontrast with many existing systems where the mainaccess to the images is through query. This puts theburden on the user to pose the correct question, and thesystem to provide the correct prompts. It is simply easierfor the user to find an image of interest if some structurecan be imposed on the collection and exposed to the user.Other work emphasizing this philosophy include theapplication of multidimensional scaling using the EarthMover�s distance to image displays [23]. Our interest inbrowsing leads us to consider a hierarchical model whichimposes a coarse to fine, or general to specific, structureo n t h e i m a g e c o l l e c t i o n . S u c h s t r u c t u r e i s p a r t o f semantics, and therefore we proposes that a hierarchicalsystem is better poised to capture semantics than a flatone.Submitted to ICCV 2001.Available in the interim at http://www.cs.berkeley.edu/~kobus/research/publications/ICCV-01Learning the Semantics of Words and PicturesKobus Barnard and David ForsythComputer Division, U.C. Berkeley{kobus,daf}@cs.berkeley.edu

2. Modeling Image Dataset StatisticsOur model is a generative hierarchical model, inspired byone proposed for text by Hofmann [16, 24]. This model isa hierarchical combination of the assymetric clusteringmodel which maps documents into clusters, and thes 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 m o d e l s t h e j o i n t distribution of documents and features (the �aspect�model). The data is modeled as being generated by a fixedhierarchy of nodes, with the leaves of the hierarchycorresponding to clusters. Each node in the tree has someprobability of generating each word, and similarly, eachn o d e h a s s o m e p r o b a b i l i t y o f g e n e r a t i n g a n i m a g e segment with given features. The documents belonging toa given cluster are modeled as being generated by thenodes along the path from the leaf corresponding to thecluster, up to the root node, with each node beingweighted on a document and cluster basis. Conceptually adocument belongs to a specific cluster, but given finitedata we can only model the probability that a documentbelongs to a cluster, which essentially makes the clusterssoft. We note also that clusters which have insufficientmembership are extinguished, and therefore, some of thebranches down from the root may end prematurely.The model is illustrated further in Figure 1. For thiswork we model documents as a sequence of words and asequence of segments, with the segments being takenfrom the Blobworld representation [7]. To the extent thatthe sunset image illustrated is in the third cluster, asindicated in the figure, its words and segments aremodeled by the nodes along the path shown. Taking allclusters into consideration, the document is modeled by asum over the clusters, weighted by the probability that thedocument is in the cluster. Mathematically, the processfor generating the set of observations D associated with adocument d can be described by�

PDdPcPilcPlcd c l i D (|)() (|,)(|,) =

�

Ł

�

�

ł

� � � ˛

(1)where c indexes clusters, i indexes items (words or imagesegments), and l indexes levels. Note that given the hardhierarchy, a cluster and a level together specify a node. Inwords, equation (1) describes a weighted sum overaspects which have tied parameters to force thehierarchical structure. Since the aspects model the jointdistribution of documents and items, the weighting�

Plcd(|,)

is a function of the document. When weencounter a new document, we can either re-fit the modelto estimate �

, or use a cluster specificapproximation, which generally works well, and is muchcheaper to compute.The probabilities for an item, �

Pilc(|,)

, isconditionally independent, given a node in the tree. Anode is uniquely specified by cluster and level. In thecase of a word, �

is simply tabulated, beingdetermined by the appropriate word counts duringtraining. For image segments, we use Gaussiandistributions over a number of features capturing someaspects of size, position, colour, texture, and shape. Thesefeatures taken together form a feature vector X. Eachnode, subscripted by cluster c, and level l, specifies aprobability distribution over image segments by the usualformula:�

P c l d c l c l c l T

( | , ) det exp , , ,

=( ) ()--()-()�Ł� �ł�-12 122 1 2 1

p S S

In this work we assume independence of the features,as learning the full covariance matrix leads to precisionproblems. A reasonable compromise would be to enforcea block diagonal structure for the covariance matrix tocapture the most important dependencies.To train the model we use the Expectation-Maximization algorithm [25]. This involves introducinghidden variables �

d c

indicating that training document dis in cluster c, and �

d i l

indicating that item i of documentd was generated at level l. Additional details on the EMequations can be found in [16].We chose a hierarchical model over several non-hierarchal possibilities because it best supports browsingof large collections of images. Furthermore, becausesome of the information for each document is sharedamong the higher level nodes, the representation is also

more compact 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. Ofcourse, this assumes a loose definition of general. Forexample, if the word �the� is not removed from free textdescriptions of images, then it will be treated as a generalterm.We mention a few implementation details relevantfor scalability and avoiding over-training. The trainingprocedure, as described, can cluster a few thousandimages in a few hours on a state of the art PC. Since theresource requirements, most notably memory, increaserapidly with the number of images, going significantlybeyond this requires extra care. We have experimentedwith several approaches. In the first approach we train ona randomly selected subset of the images until the loglikelihood for held out data, randomly selected from theremaining data, begins to drop. The model so found isthen used as a starting point for the next training roundusing a second randomly selected set of images. Thismethod helps avoid over-training as well as reducingresource usage.A second method for reducing resource usage is tolimit cluster membership. We first compute anapproximate clustering by training on a subset. We thencluster the entire dataset but only maintain the probabilitythat a point is in a cluster for the top 20 clusters. The restof the membership probabilities are assumed to be zerofor the next few iterations, at which point the top 20clusters are re-estimated. Finally, we have experimentedwith first clustering with reduced tree depth to getapproximate clusterings.3. Testing and Using the Basic ModelWe tested our method for stability by running the fittingprocess a number of times on the same data with differentinitial conditions, as the EM process is known to besensitive to the starting point. The resulting clusteringshad similar character, although numerical tests showedthat the exact structure was in fact somewhat sensitive tothe starting point. In a more important test we reran theexperiment, but now hid a percentage of the data (5, 10,15, and 20 percent) from the training process.Interestingly, this had little effect on the variance of thecluster process.. Thus we conclude that the clusteringprocess depends significantly more on the starting pointthan on the exact images chosen for training.The next general test was to verify that clustering onboth image segment features and text has an advantageover either alone. Figure 2 shows 16 images from acluster found using text only, Figure 3 shows 16 imagesfound using only image features, and Figure 4 shows 16images from each of two adjacent clusters, found usingboth text and features. The cluster found using only textcontains images related through the word �ocean�, butwithin this category contaisn a fair variety of images.Figure 3 consists of visually similar images, but hascombined red coral and red flowers. Figure 4, on theother hand, has broken the ocean images along visuallines, separating images with significant amounts of red(mostly coral), and ones which are predominantly blue.Figure 2 shows that the breakdown is lost when onlywords are used, and Figure 3 shows that some of thesemantics are lost when only image features are used.One reason why clustering on both the text andimage segment features is generally more appropriate issimply that people relate to images using both semanticand visual content . For example, we may be interested inpictures with flowers, but we may also be interested inpredominantly red flowers. The attribute red is not likelyto be added as a keyword, because its meaning is inherentin the image. Using the combined text/feature strategy ina hierarchical system, images with the associated word�flowers� may be broken into associated clusters whichhave predominantly red flowers, predominantly yellowflowers, and predominantly green garden scenes.The combined clustering approach is also best for animportant pragmatic reason. Browsing the results ofclustering with image segment features alone verifies thatthey can provide some semantic coherence. Therefore itis reasonable to expect that image features can sometimesprovide semantic coherence even if it is not available inthe words. Similarly, clustering on text alone yields somevisual coherence, and it is reasonable to expect that theysometimes capture visual similarity which goes beyondthe capacity of our feature set, especially in the face ofsegmentation errors.

important first test of browsing suitability is whether theclusters make sense to humans.To investigate this question we set up the followingexperiment. We first clustered roughly 3000 Corel imagesinto 64 clusters. An additional 64 random clusters weregenerated from the same images. The random clusterswhere matched in size to randomly selected true clusters.The two sets were combined so that the clusters and non-clusters were randomly interspersed. A subject was thenasked to view the clusters and say whether a candidatecluster had sufficient coherence to be considered acoherent unit. The definition of coherence was left up tothe subject, but the subject was aware that both semanticsand visual content could play a role, and that the

PQdPQcdPcdc( | ) ( |,)(| )=�

=�Ł�ł� ˛ PqlcPlcdPclq Qc ( | , ) ( | , ) ( )

automatically consulted for interesting images, withoutever having to be indexed by feature. The images foundcould then be analyzed in more detail.The association of text with images is even moreinteresting from a computer vision perspective because itis a form of minimally supervised learning of semanticlabels for image features. Although extreme accuracy inthis task is clearly wishful thinking, we argue that doingsignificantly better than chance is useful, and with carecould be used to further boot-strap machine recognition.We describe one step in this direction in the followingsection.To use the model to attach words to pictures, wecompute the probability that an image emits a proposedword, given the observed segments, B:�

PwBPwcBPcBc( | ) ( |,)(| )=�

�

� PwcBPBcPcc ( | , ) ( | ) ( )

�

=� �P̨wcB PbcPcc b B(|,) (|)()

�

=�Ł�ł�Ł�ł� �P̨wclPlcBPblcPlcPclc lb B( | , ) ( | , ) ( | , ) ( | ) ( )

(3)At a glance the term �

PlcB(|,)

is difficult to compute.Interestingly, substituting the average value, �

Plc(|)

, onlyslightly degrades the answer, compared with using a moreaccurate estimate of �

(|,)

. The more accurateestimate is obtained by essentially refitting the model fora few iterations using the observations B, but withoutupdating node specific parameters.Figure 6 shows some sample results. To further test howwell the annotation procedure works, we use the model topredict image words based only on the segments, andthen compare the predicted words to the keywords. Weperform this test on the training data, and two differenttest sets. The first set is randomly selected from the heldout set from the proposed training data. The proposedtraining data comes from a number of Corel CD�s. Forthe second set we use images from other CD�s. It isimportant to consider such a hold out set because the eachCorel CD contains images with a single theme.

Given a test document and the associated words, weaverage the predicted probability of each observedkeyword, which is the quantity the calculation aboveseeks to maximize. We scale these probabilities by theprobability of occurrence, assuming uniform statistics,which specifies the extent to which the model predicts theword relative to complete ignorance. It is possible to dobetter than complete ignorance without considering imagecontent by guessing words in proportion to theirfrequency of occurrence. Thus a more rigid test is how wedo against this process, and thus we report a similar score,where each prediction was normalized by the overallprobability of the word given the model. For a thirdmeasure we look at the 15 top ranked words, scoring eachinversely to its rank. Thus, if a document word ispredicted at rank 5, then it gives a score of 1/3. Thismeasure is meant to capture the process of eyeballing theresults. If a word does not occur in the top 15 or so, weloose interest in looking for it. Specifying a fixed cutoffalso makes such a measure less sensitive to vocabularysize.Table 1 summarizes the annotation result using thethree scoring methods and the three held out sets. Weaverage the results of 5 separate runs with different heldout sets. Using the comparison of sampling from the wordprior, we score 3.14 on the training data, 2.70 on non-training data from the same CD set as the training data,and 1.65 for test data taken from a completely differentset of CD�s.4.1. Links to recognitionGiven the task, we are not surprised that the results usingimages from different CD�s are somewhat lower than theresults with images from the same CD as the training set.The nature of the task being attempted is exemplified bypredicting words like SKY in images of airplanes, afterbeing trained on images of rhinos and tigers. Doingsignificantly better than chance on this general taskindicates that the system has learnt some correspondencesbetween image components and words. This means thatthe system has learnt, with minimal supervision,something about recognition. This in turn is interesting inthe face of a key vision problem, namely how to approachgeneral recognition. Systems have been build which arerelatively effective at recognizing specific things, usuallyunder specific circumstances. Doing well at these taskshas generally required a lot of high quality training data.We also use a lot of data, but it is of a much moreavailable nature. There is no shortage of image data withtext, especially if one includes video. It seems that theinformation required is contained in these data sets, andtherefore looking at the recognition problem in this wayshould bear fruit.5. DiscussionAn important characteristic of the system is that we canmeasure its performance in a principled way by takingadvantage of its predictive capabilities. In the previoussection we used this to measure the annotationperformance. The next step is to exploit this capability toimprove the model. We can use our performance measureto study things like tree topology, data pre-processing,compromises made for scalability, training parameters,and word and segment vocabulary selection, as discussedfurther below.One possible problem facing the application of thiswork to more general datasets, is that there may be wordsin the vocabulary which have no relevance to visualcontent. At best, such words cause random noise, but indoing so they take away probability from words whichare more relevant. Some of these words could be culled ifthey are standard stop words, but this will leave data setdependent stop words. An example of such a word mightbe the name of the person who catalogued the image.Such words could be removed by observing that theiremission probabilities are spread out over the nodes.Whether this automatic vocabulary reduction methodmakes sense depends on the nature of the data set. In thecase of the Corel data set, the key word sets are bothsmall and pertinent, and a quick investigation indicatesthat for this kind of data, global vocabulary selection isnot appropriate.A more serious difficulty with attaching words topictures is that it relies on semantically meaningfulsegmentation. Such segmentations for general imageswill not become available in the near future. Our methodworks because given a healthy amount of data, somesegmentations work well enough, and some words aresufficiently correlated with the segment features. Manywords and segments, however, just add to the noise. ForRankAverageRelative touniform priorRelative toactual priorTraining data0.64

4.92

3.14

Test data, fromsame CD set astraining0.60

4.53

2.70

Test on data fromdifferent CD setfrom training.0.50

3.82

)1.65

Table 1. Annotation results on the three kinds of testdata, with three different scoring methods. Errorestimates are given in parenthesis. The maximumposbble score is 1.0. A score of 0.5 indicates that anaverage, predicted words are at rank 7�in otherwords, quite likely to be in the top 10.

example, we expect that with good data, we should beable to learn a relationship between an orange ball in theupper half of the image and the word �sun�. On the otherhand, it would not surprise us if words like �omelet�anactual Corel keyword� are never reliably predicted. Theomelet is simply not obvious, even to a human, in any ofthe pictures, and is rarely, if ever, segmented as such. Ingeneral, some segments are more useful than others.Given this analysis, it is compelling to use the modelto identify which words and image segments can berelated given the data and which can�t. It should then bepossible to use this information to improve the trainingprocess. For example, if the word omelet cannot bepredicted by image segments, then it may be best toremove it from further training. The same should apply toimage segments. If a given segment cannot be predictedvery well by the associated words, then perhaps it shouldbe culled from the data set.We stress that these strategies are possible becausewe have a way to measure performance. This is but one ofthe advantages of using a generative statistical model. Byusing such a model to integrate the semantic informationavailable in text and image segments, we can supportpowerful browsing, creative searching, novel applicationssuch as attaching words to images, and may provide someinsight to the object recognition process.6. References[1]M. S. Lew, �Next-generation web searches for visualcontent,� IEEE Computer

IEEE Transactions on Image Processing

IEEE Computer

International Journal on DigitalLibaries, vol. 1, pp. 311-328, 1997.[5]J. Z. Wang, �SIMPLIcity: A region-based image retrievalsystem for picture libraries and biomedical imagedatabases,� Proc. ACM Multimedia Conference

IEEETransactions on Pattern Analysis and MachineIntelligence