Generative user models for Adaptive Information Retrieval

Yoichi Motomura
Electrotechnical Lab.
Tukuba, Ibaraki JAPAN

Abstract

For information retrieval (IR) tasks, user models are
used to estimate user’s true intention and demand.
Unfortunately, most user models are constructed in a
specialized form that is not applied to other systems
or domains. This specialization makes difficulty in
sharing user models as common resources for develop-
ing information retrieval systems and for researching
cognitive characteristics in various users. In order to
solve this problem, we need a general user modeling
method. In this paper, a user model based on proba-
bilistic framework is proposed. We call this model as
generative user model.

The generative user model represents user’s mental
depth by latent (hidden) variables. It also has visi-
ble variables that mean word set and qualifier of each
word as a subjective probability distribution. The
model can handle uncertainty of user’s subjectivity by
probabilistic framework. Recent statistical studies for
such latent models give learning algorithm. Our gen-
erative user model can be constructed from dataset
taken by information retrieval tasks. As an exam-
ple, we also introduce two different kinds of informa-
tion retrieval systems, ART MUSEUM (Multimedia
Database with Sense of Color and Construction upon
the Matter of ART) and DSIU (Decision Support for
Internet Users). The generative user model is applied
to these systems. The properties of the model and
interactive learning mechanism are shown.

1 Introduction

Nowadays, many variety of users want to find out their
desired information. However, users should be familiar
with how to choose suitable keywords to search. Be-
cause, knowing true demand of users is not easy task
for information retrieval systems. Ambiguity and in-
completeness of users’ input, and difference of users’
tendency cause this problem. Thus, users are forced
to adapt to each system uniformly, and users should
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know which input is suitable for getting their demand
on each system.

Such users’ inconvenience can be solved by an adap-
tive user model, which can estimate true demand with
taking into account individual character of each user.
Many researches have been studied to realize such
adaptive user models. Most of them are specialized
with specific tasks and they have their own represen-
tation. As the result, such models can not be appli-
cable for other tasks. Then knowledge of user models
studied in particular domain can not be generalized
for much wider purpose any more.

One aim of our research is providing a general frame-
work of adaptive user models for many kind of infor-
mation retrieval systems. We use general represen-
tation with probabilistic framework and word set of
natural language for constructing user models. In this
paper, we propose the generative user model based
on a probabilistic network like Helmholtz machine[2].
This model can handle uncertainty of user’s subjectiv-
ity and can adapt to each user by statistical learning
like the EM algorithm.

Another aim of our direction is evaluation and anal-
ysis of user friendly information retrieval systems
from user-adaptive point of view. We have devel-
oped two different information retrieval systems, ART
MUSEUM and DSIU. ART MUSEUM is an inter-
active database system which treats full color paint-
ing and its artistic impression. The system has the
mapping between artistic impression words and im-
ages. The system was published on the internet
(http://www.etl.go.jp/etl/taiwa/ArtMuseum).  Re-
cent two years, over six hundred users accessed and re-
trieved images using impression words 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 involving explanations. For instance,
a user who wants to buy an electric product like a
digital camera, selects query words (excellent image-
quality, good portability, and so on). The system then
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Figure 1: ART MUSEUM [4]

recommends some products and provides logical expla-
nations as the reason of the recommendation.

The generative user model proposed in this paper is
applied to these two different domains of ART MU-
SEUM and DSIU. We also discuss learning method of
the generative model as interactive adaptation.

In the section 2, we introduce our information retrieval
systems, then re-define with probabilistic interpreta-
tion. In the section 3, we propose the generative user
model, and an example of interactive adaptation to
users. The property of the generative model is also
discussed in the section.

2 Information retrieval systems

2.1 ART MUSEUM

ART MUSEUM system is an art gallery which treat
full color painting and its artistic impression. The
system has the personal index on unified feature (UF)
space, which are derived from graphical feature (GF)
space on color and construction and subjective feature
(SF) space on words which express artistic impression

(see Fig. 1). Each function in the Fig. 1 is explained
in the following.

The ART MUSEUM has 200 full color paintings in
its image database now. We picked 50 paintings as a
learning set up from image database by cluster anal-
ysis. A user answers his artistic impression on each
painting of learning set as the weight vector of ad-
jective words. We can construct an UF space by

canonical correlation analysis. It can be considered

that neighboring paintings on the UF space give the
similar impressions. Besides, the words which repre-
sent similar impression distribute neighboring points.
Sense retrieval describes the neighboring paintings of
a mapped weight vector according to the words pre-
sented by a user on UF space. We describe details on
each space and the retrieval mechanism below.

2.1.1 Subjective feature space

Let us explain how to select textual domain data
in ART MUSEUM system. Usually, art critics view
paintings from several viewpoints, such as motif,
Chi-

jiwa reported that the dominant impression derived

touch, composition and coloring of paintings.

from paintings is coloring. This report suggests that
there is a reasonable correlation between coloring and
impression. Thus, we selected the 30 adjective words
which represent the impression from coloring of the
paintings. Some users answered their artistic impres-
sion on 50 paintings (learning set) using 30 adjective
words.

We wanted to decrease the number of adjective, be-
cause the query should not give heavy load to users.
Therefore, we removed 20 adjective words which were
not used frequently and not learned properly. Cur-
rently, the ART MUSEUM system uses 10 adjective
words as a textual domain data. In the same way,
some users answered their artistic impression on 50
paintings (learning set) using mentioned 10 adjective
words as the weight of the adjectives dj to each paint-
ing k € the learning set (see Fig. 3).

2.1.2 Graphical feature space

The

system has the coloring feature of each paintings in

Let us explain about a pictorial domain data.

the database. The coloring feature is parameterized
by the distribution and autocorrelation of the RGB
values. In short, we can parameterize the coloring of
a painting as follows.

1. Divide a painting into 32 x 32 sub-pictures to ap-
proximate the combination and the arrangement
of colors.

2. Calculate the distribution of the RGB intensity
value in the sub-pictures.

3. Calculate the local autocorrelation of RGB inten-
sity as the GF vector p;.

The local autocorrelation features are obtained by
scanning the image with the local masks and by com-



puting the sums of the products of the corresponding
sub-pictures. In a way, the features computed from
the image show not only coloring but also something
like touch of paintings. Because the features include
very local and detail information.

2.1.3 Unified Feature Space

Let us show the algorithm for constructing an UF
space. We cannot directly compare the subjective
words in a query and the graphical features of a paint-
ing, since they are on the different domains.

We may expect that there is a reasonable correlation
between the set of words and the parameterized with
the graphical feature. The ART MUSEUM system
can analyze such correlation between the different do-
mains. We will regard the correlation as the personal
view model for the user. We can construct an UF
space on this model to compare the subjective words
and graphical feature. The algorithm to construct an
UF space is represented by following equations.

1. Answer his artistic impression of the paintings
(learning set) using a set of impression words.

o

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: fr = Fdy, gr = Gpk.

3. Calculate the UF vectors of paintings in the
database from the following formula, g; = Gp;.

It can be considered that the neighboring paintings
have similar impression and similar graphical feature
on UF space. We will refer to the UF space of g; as
the personal index of the user model. Note that we do
not have to assign the adjectives d@; to every painting
in the database. Once the system has learned the lin-
ear mappings F and @, it can automatically construct
the UF space only from the GF vectors. Accordingly,
whenever we put new paintings into the existing im-
age database, it is not necessary to construct the UF
space.

2.2 Decision Support for Internet

Users

DSIU systems handle information on the Internet in-
stead of humans and generate advice involving expla-
nations of the information [6, 7]. As an example to
show the DSIU process, we consider a user who wants
to buy an electric product, e.g., a digital camera.

Information in the Internet
Type1 Typeg Typep

‘\ | //
Excellent image

quality,
good portability... > DSIU
- SYSTEM

Type i, j, k are good
for you because ....

Figure 2: DSIUJ6]

First, the user inputs his or her preferences for digital
cameras, e.g., excellent image-quality, good portabil-
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 important for image-quality and the camera has
1.41 megapixel CCD, which is comparatively superior
specification. The role and importance of CCD are
understood by the user while such explanations are
provided although the technical term “CCD” may not
be 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 flow

of a DSIU system.

2.3 Generalization of IR tasks

In the above subsections, we show two different kinds
of information retrieval systems. We give definition for
general information retrieval tasks based on keyword
set and probability distribution.

At first, let’s denote W as a set of keywords wy, - - - w,.
For each word, we can introduce qualifier f(w;) that
means strength or degree of word w;. Then, by nor-
malizing P(w;) = f(wi)/ >,; f(w;), we have probabil-
ity of word w; and probabilistic distribution P(W).
When we have large amount of documents, the prob-
ability P(w;) is obtained as relative frequency of each
word. In this case, this probability becomes objective
in the document source. We have opposite interpre-
tation also when the qualifier is given by particular
user’s subjective impression. In this case, the proba-
bility becomes subjective.

As the next step, we expand the probability as condi-
tional one. Let’s denote X as the object that is user’s
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Figure 3: Abstract model of ART MUSEUM

demand. We can introduce a conditional probabil-
ity distribution P(W|X). This conditional probabil-
ity distribution can represent both of objective char-

acteristic of X by frequency in documents or user’s
subjective impression about X from user’s question-
naire. Obviously, a user’s P(W]X) may not be the
same as other users’ models.

When a user gives word set W, and qualifier of each
word (by symbol like very, slightly and so on or nu-
meric value), both ART MUSEUM and DSIU find
objects which satisfy the user’s demand. Actual re-
trieval mechanism of these systems are deterministic.
ART 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
semantics of documents distributed in the internet.
However, probabilistic interpretation of these systems
is also established from a theoretical point of view. Es-
pecially, when it is necessary to evaluate uncertainty
of user’s feeling and to generate hypothesis according
to possibility, probabilistic representation is useful.

Searching process is regarded as finding X maximizing
P(X|W) that means likelihood of X given W. Obvi-
ously, the distribution P(X|W) should be based on
each user’s subjective impression. If the IR system
finds the result only from uniform knowledge which

does not depends on user’s subjectivity, the result may
not satisfy each user’s demand. This problem is ana-
lyzed the difference of the system’s P(W|X) and user’s
P(W

should have an internal model of the user, P(W

X). Then adaptive information retrieval system

X)

and should adapt it to each user.
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Figure 4: Helmholtz machine

3 Generative user model

In order to make a system much flexible and adap-
tive for any different type of users, we need adaptive
user models. As the first step, we investigate a user
model construction method for adaptive information
retrieval by analyzing users’ words in the particular
situation and applying probabilistic models.

In this section, we propose a user model for adaptive
information retrieval task as a variation of latent vari-
able models[1]. In particular, we respect for construct-
ing the general user model that can be transfered to
many other systems. Thus, our model is based on gen-
eral representation that does not depends on a specific
system and a task.

3.1 Latent variable probabilistic model

User’s subjectivity is sometimes affected mental depth
of the user. It looks uncertain because of fluctuat-
ing of user’s feeling and emotion. We can just esti-
mate such mental factors only from obtaining observ-
able information. For such coping with uncertainty,
probabilistic models are useful. Especially, probabilis-
tic models that have hidden variables are called la-
tent variable models. Learning method for one of
such models (Helmholtz machine) based on the EM
algorithm is also studied[2]. The Helmholtz machine
consists of two symmetric models. One model which
generates observable variables (X) from latent vari-
ables (H) is called the generative model, and it is de-
scribed as P(X|H). Opposite model which outputs
latent variables from observable variables is called the
recognitive model, and it is described as P(H|X).

The recognition model is learnt from data generated
by the generative model, vice versa. This method is
called wake-sleep algorithm[2] and similarity with the
EM algorithm is reported[3].
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Figure 5: Generative user model

3.2 Generative user model

In this subsection, we introduce probabilistic model-
ing for information retrieval system. Variables intro-
duced in this paper X and W are observable variables.
Moreover, in order to realize the general user model,
we introduce unobservable latent variable H that rep-
resents users’ uncertain mental factors. Users’ individ-
ual characters and difference of subjective feeling can
be represented by H. When a user see or associates
a object X, we model the user’s recognition process
into P(H|X). Uncertainty of H can be evaluated by
the entropy of P(H|X). When a user describes W
and qualifier of W, these depend on the user’s mental
state H. Thus, we model the word generating process
into P(WH).

As the result, we can model the word representation

when a user looks at a object X by,

P(W

X)= /HP(W H)P(H|X)dH. (1)

In this model, there are two parts, P(H|X) and
P(WX), that reflect users’ uncertain subjectivity.
We define the variable H as a continuous vector. Then
user’s subjectivity can be compared in an Euclidean
space. This is the remarkable advantage of our model.
Because users’ word impression, which has different
dimension, is difficult to compare directly in general.
When we have subjective distribution P(W|X = z;)
for each object x;, the model P(W|H) and P(H|X)
with hidden variable H is constructed by the EM
algorithm[8].

3.3 Interactive adaptation

In the beginning, let’s see an example of interactive
user adaptation scheme in the ART MUSEUM.

For adapting to each user, a mapping function F and
G in Fig. 1 should dynamically suit to a specific user’s
subjective interpretation. The mapping function is
corresponding to P(W|H) and P(H|X) in the gener-
ative model. The interactive adaptation to each user
in the ART MUSEUM is proceeded as the following.

(Notation of each variables are shown in Fig.1.)

1. Calculate the average personal view model ac-
cording to a certain group of users’ answer.

2. Retrieve once using the average model.

3. If the retrieval results don’t fit his subjective in-
terpretation, the user can give his interpretation
on the target painting j using the set of impres-
sion words.

4. Interpolate the weight vector &;corresponding to
the target painting j.

5. Calculate the mapping function F' and G by op-
erating using the changed weight vector d;.

After adaptation, obtained user’s personal view is ap-
plied as follows.

1. We can compare the retrieval candidates by same
keywords represented by the weight vector dy
among the users. Because the system provides
the retrieval candidates of each user which have
delicate differences. The system’s interpretation
closes to each of the user’s interpretation by learn-
ing.

2. We can observe each user’s interpretation of any
paintings which is supposed by a simulation us-
ing each user’s personal view model. Because the
system infers the suitable impression words for
simulating the user’s personal view using the in-
verse mapping function F~! and A7', as follows,
dy = F7I\"1Gpp.

This interactive user-adaptation of deterministic
model can be translated as statistical learning of the
generative model. The interactive adaptation to each
user in the generative model is proceeded as the fol-
lowing.

1. A user gives query as subjective distribution of

words, P(W).



2. Retrieve X using a IR system.

3. Evaluate P(W|X) by the generative model
(Eq.1).

4. The wuser gives his impression about X as

P'(W]X).

5. Modify the model by the EM algorithm][8].

Instead of the step 2, the reverse probability P(X |WV)
of the generative model can generate hypothesis X.
When P(X|W) is given by modified model P'(W|X),
this data generation is equivalent to boot strapping
studied in statistical researches.

After adaptation, obtained the generative user model
can be utilized in the following each case.

H) and

1. We have average user model P(W

H).

adapted user model P'(W

2. Under the same expression of a query P(W),
the difference of the wuser’s subjectivity can
be evaluated by the KL divergence between
PHW)P(W) and P/ (H|W)P(W), where
P(H|W)=P(W|H)P(H)/P(W).

3. In order to interpret particular user’s expres-
sion P'(W) as the common expression of average
users, P(WW), we can estimate particular user’s
mental state H' by P'(H|W)P(W). Then we get

the common expression by P(W|H').

This words generation ability is prominence in the gen-
erative user model.

4 Conclusion

In this paper, we described our information retrieval
systems and their tasks. In the tasks, we can in-
troduced by subjective probabilistic distributions to
represent relation among input query words, retrieved
object and a user’s mental state. Then, information
retrieval task is generalized from probabilistic point
of view. In order to reflect user’s subjectivity, we
proposed the generative user model that consists the
conditional probability between a user’s mental depth
and impressed words, and the conditional probabil-
ity between a user’s mental depth and an object to
retrieve. The generative user model can create possi-
ble hypothesis by random sampling according to the
distributions. As the model can be evaluated by the
interaction with users, interactive adaptation to each
user is realized. The generative model is regarded as

a kind of Bayesian network for user modeling[9]. We
can expand the model by adding more variables and
complex structure in our future work.
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