Generativ e user mo dels for Adaptiv e Information Retriev al Y oic hi Motom ura Kaori Y oshida Kazunori F ujimoto Electrotechnical Lab. Kyushu Institute of T ec hnology NTT Comm unication Science Lab. T ukuba, Ibaraki JAP AN Iizuk a, F ukuok a JAP AN Seik a-c ho, Ky oto JAP AN Abstract F or information retriev al (IR) tasks, user mo dels are used to estimate user’s true in ten tion and demand. Unfortunately , most user mo dels are constructed in a specialized form that is not applied to other systems or domains. This sp ecialization makes di�cult y in sharing user mo dels as common resources for develop- ing information retriev al systems and for researc hing cognitiv e c haracteristics in v arious users. In order to solv e this problem, we need a general user mo deling method. In this pap er, a user mo del based on proba- bilistic framework is prop osed. W e call this mo del as gener ative user mo del . The generative user mo del represents user’s mental depth by laten t (hidden) v ariables. It also has visi- ble v ariables that mean w ord set and quali�er of each w ord as a sub jective probability distribution. The model can handle uncertaint y of user’s sub jectivit y b y probabilistic framework. Recent statistical studies for suc h laten t mo dels giv e learning algorithm. Our gen- erativ e user mo del can b e constructed from dataset tak en by information retriev al tasks. As an exam- ple, we also in tro duce t w o di�erent kinds of informa- tion retriev al systems, AR T MUSEUM (Mu ltimedia Database with Se nse of Color and Construction u p on the M atter of AR T ) and DSIU (D ecision S upp ort for I n ternet U sers). The generativ e user mo del is applied to these systems. The prop erties of the mo del and in teractiv e learning mechanism are sho wn. 1 In tro duction No w ada ys, many v ariet y of users wan t to �nd out their desired information. How ev er, users should b e familiar with how to choose suitable k eyw ords to search. Be- cause, knowing true demand of users is not easy task for information retriev al systems. Am biguit y and in- completeness of users’ input, and di�erence of users’ tendency cause this problem. Thus, users are forced to adapt to each system uniformly , and users should know which input is suitable for getting their demand on each system. Such users’ incon v enience can b e solved by an adap- tive user mo del, whic h can estimate true demand with taking into account individual c haracter of each user. Many researc hes hav e b een studied to realize such adaptive user mo dels. Most of them are sp ecialized with sp eci�c tasks and they hav e their o wn represen- tation. As the result, such mo dels can not b e appli- cable for other tasks. Then knowledge of user mo dels studied in particular domain can not b e generalized for muc h wider purp ose any more. One aim of our research is providing a general frame- work of adaptiv e user mo dels for man y kind of infor- mation retriev al systems. W e use general represen- tation with probabilistic framework and word set of natural language for constructing user mo dels. In this pap er, w e prop ose the generative user mo del based on a probabilistic net w ork like Helmholtz mac hine[2]. This mo del can handle uncertaint y of user’s sub jectiv- ity and can adapt to eac h user by statistical learning like the EM algorithm. Another aim of our direction is ev aluation and anal- ysis of user friendly information retriev al systems from user-adaptive p oin t of view. W e hav e dev el- op ed t w o di�erent information retriev al systems, AR T MUSEUM and DSIU. AR T MUSEUM is an inter- active database system whic h treats full color paint- ing and its artistic impression. The system has the mapping b etw een artistic impression w ords and im- ages. The system was published on the internet (http://www.etl.go.jp/etl/taiw a/ArtMuseum). Re- cent t w o y ears, ov er six h undred users accessed and re- trieved images using impression w ords on the demon- stration page. The DSIU system is a recommendation system for internet users. The DSIU handles informa- tion on the internet instead of human consultants and generates advice in v olving explanations. F or instance, a user who wan ts to buy an electric pro duct like a digital camera, selects query w ords (excellen t image- quality , go o d p ortability , and so on). The system then

Figure 1: AR T MUSEUM [4] recommends some pro ducts and pro vides logical expla- nations as the reason of the recommendation. The generativ e user mo del prop osed in this pap er is applied to these t w o di�eren t domains of AR T MU- SEUM and DSIU. W e also discuss learning metho d of the generative mo del as interactiv e adaptation. In the section 2, w e introduce our information retriev al systems, then re-de�ne with probabilistic interpreta- tion. In the section 3, we prop ose the generativ e user model, and an example of interactiv e adaptation to users. The prop erty of the generative mo del is also discussed in the section. 2 Information retriev al systems 2.1 AR T MUSEUM AR T MUSEUM system is an art gallery whic h treat full color painting and its artistic impression. The system has the p ersonal index on uni�ed feature (UF) space, which are derived from graphical feature (GF) space on color and construction and sub jective feature (SF) space on words whic h express artistic impression (see Fig. 1). Each function in the Fig. 1 is explained in the follo wing. The AR T MUSEUM has 200 full color paintings in its image database now. W e pick ed 50 paintings as a learning set up from image database by cluster anal- ysis. A user answers his artistic impression on eac h pain ting of learning set as the weigh t vector of ad- jectiv e w ords. W e can construct an UF space by canonical correlation analysis. It can b e considered that neighboring pain tings on the UF space give the similar impressions. Besides, the words which repre- sent similar impression distribute neigh b oring p oints. Sense retriev al describ es the neighboring paintings of a mapp ed weigh t v ector according to the w ords pre- sented by a user on UF space. W e describ e details on each space and the retriev al mechanism b elow. 2.1.1 Sub jectiv e feature space Let us explain how to select textual domain data in AR T MUSEUM system. Usually , art critics view paintings from sev eral viewp oin ts, suc h as motif, touch, comp osition and coloring of pain tings. Chi- jiwa rep orted that the dominant impression derived from pain tings is coloring. This rep ort suggests that there is a reasonable correlation b etw een coloring and impression. Thus, we selected the 30 adjective words which represen t the impression from coloring of the paintings. Some users answered their artistic impres- sion on 50 pain tings (learning set) using 30 adjective words. W e wan ted to decrease the num ber of adjectiv e, b e- cause the query should not giv e hea vy load to users. Therefore, we remo v ed 20 adjective w ords which were not used frequently and not learned prop erly . Cur- rently , the AR T MUSEUM system uses 10 adjective words as a textual domain data. In the same w a y , some users answered their artistic impression on 50 paintings (learning set) using men tioned 10 adjective words as the w eigh t of the adjectiv es ~ a k to each pain t- ing k 2 the learning set (see Fig. 3). 2.1.2 Graphical feature space Let us explain ab out a pictorial domain data. The system has the coloring feature of eac h paintings in the database. The coloring feature is parameterized by the distribution and auto correlation of the R GB v alues. In short, we can parameterize the coloring of a painting as follo ws. 1. Divide a painting in to 32 � 32 sub-pictures to ap- proximate the com bination and the arrangemen t of colors. 2. Calculate the distribution of the RGB intensit y v alue in the sub-pictures. 3. Calculate the lo cal auto correlation of RGB in ten- sity as the GF vector ~ p i . The lo cal auto correlation features are obtained b y scanning the image with the lo cal masks and by computing the sums of the pro ducts of the corresp onding sub-pictures. In a wa y , the features computed from the image sho w not only coloring but also something lik e touc h of paintings. Because the features include v ery lo cal and detail information. 2.1.3 Uni�ed F eature Space Let us show the algorithm for constructing an UF space. W e cannot directly compare the sub jective w ords in a query and the graphical features of a pain t- ing, since they are on the di�erent domains. W e may exp ect that there is a reasonable correlation betw een the set of words and the parameterized with the graphical feature. The AR T MUSEUM system can analyze suc h correlation b et w een the di�eren t do- mains. W e will regard the correlation as the p ersonal view mo del for the user. W e can construct an UF space on this mo del to compare the sub jective words and graphical feature. The algorithm to construct an UF space is represented b y follo wing equations. 1. Answer his artistic impression of the paintings (learning set) using a set of impression words. 2. Apply the canonical correlation analysis to the re- sult of the questionnaire by the user. The linear mappings F and G make their correlation maxi- mum: ~ f k = F ~ a k ; ~ g k = G~ p k . 3. Calculate the UF vectors of pain tings in the database from the following formula, ~ g i = G~ p i . It can b e considered that the neighboring paintings ha v e similar impression and similar graphical feature on UF space. W e will refer to the UF space of ~ g i as the p ersonal index of the user mo del. Note that we do not hav e to assign the adjectives ~ a i to ev ery pain ting in the database. Once the system has learned the lin- ear mappings F and G , it can automatically construct the UF space only from the GF vectors. Accordingly , whenev er we put new pain tings into the existing im- age database, it is not necessary to construct the UF space. 2.2 Decision Supp ort for In ternet Users DSIU systems handle information on the Internet in- stead of humans and generate advice in v olving expla- nations of the information [6, 7]. As an example to sho w the DSIU pro cess, w e consider a user who wan ts to buy an electric pro duct, e.g., a digital camera. Figure 2: DSIU[6] First, the user inputs his or her preferences for digital cameras, e.g., excellen t image-quality , go o d p ortabil- ity , and so on. DSIU systems then recommend some digital cameras and provide logical explanations for the recommendation to the user, e.g., CCD pixel sizes are imp ortant for image-qualit y and the camera has 1.41 megapixel CCD, which is comparatively sup erior sp eci�cation. The role and imp ortance of CCD are understo o d by the user while suc h explanations are provided although the technical term \CCD" may not b e familiar to the user initially . As a result, the user can make a decision based on his or her thinking and understanding. Figure 2 shows the information ow of a DSIU system. 2.3 Generalization of IR tasks In the ab ov e subsections, we show tw o di�eren t kinds of information retriev al systems. W e giv e de�nition for general information retriev al tasks based on keyw ord set and probabilit y distribution. At �rst, let’s denote W as a set of k eyw ords w 1 ; � � � w n . F or each w ord, w e can in tro duce quali�er f ( w i ) that means strength or degree of word w i . Then, by nor- malizing P ( w i ) = f ( w i ) = P i f ( w i ), we ha v e probabil- ity of word w i and probabilistic distribution P ( W ). When w e ha v e large amount of do cuments, the prob- ability P ( w i ) is obtained as relative frequency of each word. In this case, this probability b ecomes ob jective in the do cument source. W e hav e opp osite interpre- tation also when the quali�er is given by particular user’s sub jectiv e impression. In this case, the proba- bility b ecomes sub jective. As the next step, w e expand the probabilit y as condi- tional one. Let’s denote X as the ob ject that is user’s

Figure 3: Abstract mo del of AR T MUSEUM demand. W e can in tro duce a conditional probabil- it y distribution P ( W j X ). This conditional probabil- it y distribution can represent b oth of ob jective c har- acteristic of X b y frequency in do cuments or user’s sub jective impression ab out X from user’s question- naire. Ob viously , a user’s P ( W j X ) may not b e the same as other users’ mo dels. When a user gives w ord set W , and quali�er of eac h w ord (by symbol lik e very, slightly and so on or n u- meric v alue), b oth AR T MUSEUM and DSIU �nd ob jects whic h satisfy the user’s demand. Actual re- triev al mechanism of these systems are deterministic. AR T MUSEUM’s one is based on feature extraction of pattern recognition and canonical correlation analy- sis. DSIU’s one is based on grammatical structure and seman tics of do cuments distributed in the in ternet. Ho w ev er, probabilistic in terpretation of these systems is also established from a theoretical p oint of view. Es- pecially , when it is necessary to ev aluate uncertain t y of user’s feeling and to generate h yp othesis according to p ossibilit y , probabilistic representation is useful. Searc hing pro cess is regarded as �nding X maximizing P ( X j W ) that means likelihoo d of X given W . Obvi- ously , the distribution P ( X j W ) should b e based on eac h user’s sub jective impression. If the IR system �nds the result only from uniform knowledge which does not dep ends on user’s sub jectivity , the result ma y not satisfy eac h user’s demand. This problem is ana- lyzed the di�erence of the system’s P ( W j X ) and user’s P ( W j X ). Then adaptiv e information retriev al system should ha v e an internal mo del of the user, P ( W j X ) and should adapt it to eac h user. Figure 4: Helmholtz machine 3 Generativ e user mo del In order to mak e a system m uc h exible and adap- tive for any di�erent type of users, we need adaptiv e user mo dels. As the �rst step, we in v estigate a user mo del construction metho d for adaptiv e information retriev al b y analyzing users’ words in the particular situation and applying probabilistic mo dels. In this section, w e prop ose a user mo del for adaptive information retriev al task as a v ariation of latent v ari- able mo dels[1]. In particular, w e resp ect for construct- ing the general user mo del that can b e transfered to many other systems. Thus, our mo del is based on gen- eral represen tation that do es not dep ends on a sp eci�c system and a task. 3.1 Laten t v ariable probabilistic mo del User’s sub jectivity is sometimes a�ected men tal depth of the user. It lo oks uncertain b ecause of uctuat- ing of user’s feeling and emotion. W e can just esti- mate such men tal factors only from obtaining observ- able information. F or such coping with uncertaint y , probabilistic mo dels are useful. Esp ecially , probabilis- tic mo dels that hav e hidden v ariables are called la- tent v ariable mo dels. Learning metho d for one of such mo dels (Helmholtz machine) based on the EM algorithm is also studied[2]. The Helmholtz machine consists of tw o symmetric mo dels. One mo del which generates observ able v ariables ( X ) from laten t v ari- ables ( H ) is called the generativ e mo del, and it is de- scrib ed as P ( X j H ). Opp osite mo del whic h outputs latent v ariables from observ able v ariables is called the recognitive mo del, and it is describ ed as P ( H j X ). The recognition mo del is learn t from data generated by the generativ e mo del, vice v ersa. This metho d is called w ak e-sleep algorithm[2] and similarity with the EM algorithm is rep orted[3].

Figure 5: Generativ e user mo del 3.2 Generativ e user mo del In this subsection, we introduce probabilistic mo del- ing for information retriev al system. V ariables intro- duced in this pap er X and W are observ able v ariables. Moreo v er, in order to realize the general user mo del, w e in tro duce unobserv able latent v ariable H that rep- resen ts users’ uncertain mental factors. Users’ individ- ual c haracters and di�erence of sub jectiv e feeling can be represen ted by H . When a user see or asso ciates a ob ject X , we mo del the user’s recognition pro cess in to P ( H j X ). Uncertaint y of H can b e ev aluated by the en trop y of P ( H j X ). When a user describ es W and quali�er of W , these dep end on the user’s mental state H . Thus, we mo del the word generating pro cess in to P ( W j H ). As the result, w e can mo del the w ord representation when a user lo oks at a ob ject X by , P ( W j X ) = Z H P ( W j H ) P ( H j X ) dH : (1) In this mo del, there are t w o parts, P ( H j X ) and P ( W j X ), that re ect users’ uncertain sub jectivit y . W e de�ne the v ariable H as a con tin uous vector. Then user’s sub jectivit y can b e compared in an Euclidean space. This is the remark able adv an tage of our mo del. Because users’ word impression, which has di�eren t dimension, is di�cult to compare directly in general. When we hav e sub jective distribution P ( W j X = x i ) for eac h ob ject x i , the mo del P ( W j H ) and P ( H j X ) with hidden v ariable H is constructed by the EM algorithm[8]. 3.3 In teractiv e adaptation In the b eginning, let’s see an example of interactiv e user adaptation sc heme in the AR T MUSEUM. F or adapting to each user, a mapping function F and G in Fig. 1 should dynamically suit to a sp eci�c user’s sub jective in terpretation. The mapping function is corresp onding to P ( W j H ) and P ( H j X ) in the gener- ative mo del. The interactiv e adaptation to each user in the AR T MUSEUM is pro ceeded as the follo wing. (Notation of eac h v ariables are shown in Fig.1.) 1. Calculate the av erage p ersonal view mo del ac- cording to a certain group of users’ answer. 2. Retrieve once using the av erage mo del. 3. If the retriev al results don’t �t his sub jectiv e in- terpretation, the user can give his in terpretation on the target painting j using the set of impres- sion w ords. 4. Interpolate the weigh t vector ~ a j corresp onding to the target painting j . 5. Calculate the mapping function F and G by op- erating using the c hanged weigh t vector ~ a j . After adaptation, obtained user’s p ersonal view is ap- plied as follo ws. 1. W e can compare the retriev al candidates by same keyw ords represented by the weigh t vector ~ a 0 among the users. Because the system provides the retriev al candidates of each user which hav e delicate di�erences. The system’s interpretation closes to each of the user’s interpretation b y learn- ing. 2. W e can observe eac h user’s in terpretation of an y paintings whic h is supp osed by a simulation us- ing each user’s p ersonal view mo del. Because the system infers the suitable impression words for simulating the user’s p ersonal view using the in- verse mapping function F � 1 and � � 1 , as follows, ~ a 0 = F � 1 � � 1 G ~ p 0 . This interactiv e user-adaptation of deterministic mo del can b e translated as statistical learning of the generative mo del. The in teractiv e adaptation to eac h user in the generative mo del is pro ceeded as the fol- lowing. 1. A user gives query as sub jective distribution of words, P ( W ).

2. Retrieve X using a IR system. 3. Ev aluate P ( W j X ) by the generative mo del (Eq.1). 4. The user giv es his impression ab out X as P 0 ( W j X ). 5. Mo dify the mo del by the EM algorithm[8]. Instead of the step 2, the rev erse probability P ( X j W ) of the generative mo del can generate h yp othesis X . When P ( X j W ) is given by mo di�ed mo del P 0 ( W j X ), this data generation is equiv alen t to b o ot str apping studied in statistical researches. After adaptation, obtained the generativ e user mo del can b e utilized in the following each case. 1. W e hav e a v erage user mo del P ( W j H ) and adapted user mo del P 0 ( W j H ). 2. Under the same expression of a query P ( W ), the di�erence of the user’s sub jectivit y can b e ev aluated b y the KL div ergence b etw een P ( H j W ) P ( W ) and P 0 ( H j W ) P ( W ), where P ( H j W ) = P ( W j H ) P ( H ) =P ( W ). 3. In order to interpret particular user’s expres- sion P 0 ( W ) as the common expression of av erage users, P ( W ), we can estimate particular user’s mental state H 0 by P 0 ( H j W ) P ( W ). Then we get the common expression by P ( W j H 0 ). This words generation ability is prominence in the gen- erativ e user mo del. 4 Conclusion In this pap er, w e describ ed our information retriev al systems and their tasks. In the tasks, w e can in- troduced b y sub jective probabilistic distributions to represen t relation among input query w ords, retrieved ob ject and a user’s mental state. Then, information retriev al task is generalized from probabilistic p oin t of view. In order to re ect user’s sub jectivity , we proposed the generative user mo del that consists the conditional probabilit y b etw een a user’s men tal depth and impressed w ords, and the conditional probabil- it y b et w een a user’s mental depth and an ob ject to retriev e. The generativ e user mo del can create p ossi- ble hypothesis by random sampling according to the distributions. As the mo del can b e ev aluated b y the in teraction with users, interactiv e adaptation to each user is realized. The generative mo del is regarded as a kind of Ba y esian netw ork for user mo deling[9]. W e can expand the mo del by adding more v ariables and complex structure in our future work. Ac kno wledgemen t The authors thank to Katsunobu Ito and Isao Hara (Electrotechnical Lab.) for their helpful commen ts. References [1] J.C. Lo ehlin, \Laten t v ariable mo dels: An in- tro duction to factor, path and structural analy- sis",Hillsdale, New Jersey Erlbaum,1992. [2] G.Hinton, P .Da y an, J.F rey and R.Neal, \The \wak e-sleep" algorithm for unsup ervised neural netw orks", Scienc e , 268, pp. 1158-1161, 1995. [3] S.Ikeda, S.Amari and H.Nak ahara, \Con v ergence of the wak e-sleep algorithm", A dvanc e in Neur al Information Pr o c essing Systems , 11,1999. [4] Kaori YOSHIDA, T oshik azu KA TO and T orao Y ANAR U, \Image Retriev al System based on Sub- jective Interpretation", em Biomedical Soft Com- puting and Human Sciences, 4, pp.65{74, 1998. [5] K.Y oshida, T.Kato and T.Y anaru, \‘A Study of Database System with KANSEI Information", Pr o c. of IEEE SMC’99 , VI, pp.253-256, 1999. [6] Kazunori F ujimoto and Kazumitsu Matsuza w a, \Intelligen t Systems Using W eb-pages As Knowl- edge Base for Statistical Decision Making", New Gener ation Computing , 17, 4, pp.349-358, 1999. [7] Kazunori F ujimoto, Kazumitsu Matsuza w a and T oshiro Kita, "Do y ou think conten t on the In- ternet is easy to understand?", Pr o c e e dings of the T enth Annual Internet So ciety Confer enc e(INET- 2000) , 2000. [8] J.Binder, D.Koller, S.Russell, K.Kanaza w a, \ Adaptive Probabilistic Net w orks with Hidden V ariables.", Machine L e arning , 29, 213{244, 1997. [9] F.De Rosis, et.al., \Mo deling the User Knowl- edge by Belief Netw orks", Journal of User Mo dels and User-A dapte d Inter action , 2, No.4,pp.367-388, 1992.