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Abstract:

The main thrust of this paper is application of a novel data mining approach on the log of user’s

feedback to improve web multimedia information retrieval performance. A user space model was constructed

based on data mining, and then integrated into the original information space model to improve the accuracy of

the new information space model. It can remove clutter and irrelevant text information and help to eliminate

mismatch between the page author’ s expression and the user’ s understanding and expectation. User space

model was also utilized to discover the relationship between high-level and low-level features for assigning

weight. The authors proposed improved Bayesian algorithm for data mining. Experiment proved that the au-

thors” proposed algorithm was efficient.
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INTRODUCTION

People are becoming more interested not only
in text information but also in multimedia infor-
mation such as image, audio and video. Now
more and more attention is being paid to content-
based retrieval systems for web use because they
play a key role in utilizing information available
on the Internet. Many content-based retrieval
systems had been developed (Flickner et al .,
1995; Gudivada et al., 1995). Some current
research efforts (Lu et al., 2000) focused on
how to combine low-level visual features and
high-level semantic features together to retrieve
multimedia information. However; how to obtain
the high-level semantic features is a key issue.
If multimedia information annotation is required,
it encounters the same problem of annotation ac-
quisition in traditional text-based multimedia in-
formation retrieval systems ( Wang et al.>
2000 .

In this paper> we combine low-level features
and high-level features ( whenever they are avail-
able and suitable) for web multimedia informa-
tion search, in which the text content (e. g. >
image URLs and filenames, page titles, and sur-
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rounding text> etc.) on the web pages can be
used as potential high-level semantic features to
represent the multimedia information on the same
pages. We therefore built the information space
model, which is a representation of multimedia
information using a set of (both visual and se-
mantic) feature vectors, from the multimedia in-
formation and the text content of the web pages.

We constructed the user space model of the
keyword vectors used by users to represent multi-
media information in the database, from the us-
er’ s log data of relevant feedback. The user
space model was then combined with the infor-
mation space model to eliminate mismatch be-
tween the page author’ s expression and the us-
er’ s understanding and expectation. The rela-
tionship between the low-level features and the
high-level features can also be discovered from
the user log by user space model.

ARCHITECTURE OF THE WEB RETRIEVAL
SYSTEM

There are three main components in the ar-
chitecture of our web retrieval system (Han et
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al ., 2001): user interface, information space
model, and user space model. User interface is
an information browser, which also provides a
query interface and a user feedback interface Cas
in Fig.1). Information space model includes
crawler, feature extractor, information indexer,
matcher, query updater, and database, etc. In-
formation space model architecture and user
space model architecture are shown in Fig.2.

| Information
space

User space

Fig.1 Architecture of web retrieval system

When web retrieval system begins to works
off-line crawler runs at regular intervals to collect
potential web pages containing text,
videos>
extracts both low-level visual features and high-
level semantic features from these pages and
stores them in the database separately. Crawler
and feature
Then, indexer is applied. After user submits a

imagess
etc and store them. Feature extractor

extractor work simultaneously.
query> matcher will yield retrieval results and
users will specify returned result whether it is
relevant or irrelevant to the user’ s intents by
user feedback interface. lLog miner builds user
space model from user feedback log database.
The user space model is then combined with in-
formation space model to update information
space model .

User
E WWW Crawler Web page feedback
Indexer Fez:turi: 4J
Matcher extractor
User log
—-—-—/
Ty T

Information space model

User space model

Fig.2 Information space model and user space model architecture

QUERY UPDATING USING RELEVANT FEED-
BACK

Human interaction is used as a method to
improve the retrieval performance. The user is
asked to specify retrieval results as relevant or ir-
relevant. Relevance feedback inputs the user’ s
judgements on previously retrieved information to
construct a personalized query. So, the query is
modified to guess the real intention of the user by
2002). The
theory of relevance feedback algorithms is well-
developed for the traditional vector space model.
These algorithms utilize the distribution of terms
over relevant and irrelevant information to re-es-

relevance feedback (Wu et al .

timate the query term weights> resulting in an

improved user query. We can use the traditional
Rocchio’ s formula (1971) as follows.

Yo
Y
q° + a n
n
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;32‘? (D
n

q" = -
Where, ¢° is the original query, ¢* is the
set of positive (relevant) examples, n* is the

number of positive examples, ¢~ is the set of

negative Cirrelevant) examples, n~ is the num-
ber of negative examples, and ¢" is the updated

query .

WEB USER LOG MINING

Although we used relevance feedback to in-

crease the retrieval accuracy, there are also
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some problems. One is that text features extract-
ed from the web page usually contain many irrel-
The other is
short query problem caused by lazy users who
like to submit short queries rather than full
queries.
intent of the user and the page author’s expres-

evant texts and some relevant texts.

It increases the confusion between the

sion. Fortunately, there is the accumulation of
all users’ feedback information stored in the user
log. To solve these problems.
space model from the user log to improve infor-

we built user

mation space model.

>
Ieedback Web user -> User space
- log DB modelp

Fig.3 Web User Log Mining

1. Building user space model based on improved
Bayesian algorithm
User space model is constructed from the da-
ta mined from user feedback log data. And infor-
mation space model is constructed from original
When

a user submits a query, web retrieval system will

information extracted from the web pages.

return to the user some multimedia information
found based on original information space mod-
el. Then the user can judge whether the return
results are relevant or not by feedback user inter-
face. Obviously, most users do not have the pa-
tience and time to mark all relevant and irrele-
vant results, although even a small set of feed-
back can provide very useful information.

Even though there are many data mining
methods ( Raghavan et al., 2000) for building
user space model, we selected improved Bayes-
ian theory because it is simple to implement and
is efficient. From web user log, we can calculate
the probabilities listed below. We let Q) be the
set of total queries used until now and let W;(;

. V) be the set of all individual words that
appear in (). For a query in (), [, is relevant
information and /; is irrelevant information speci-
fied by the user and stored in the user log.

N,

PCI) =+

Ny 2

N;
Nq

where> NV, is the number of query times that In-
formation /, has been retrieved and marked as
relevant. /N; is the number of query times that

Information /; has been retrieved and marked as

irrelevant. NV is the total number of queries.
N, (W)
N, (W)

where>

N, ( W/]) is the

that Information [/, has been retrieved and

number of query times

marked as relevant for those queries that contain
word W;(j=1..ND). N;CW,) is the number of
query times that information /; has been retrieved
and marked as relevant for those queries that
contain word W;, and No(W,) is the number of
queries that contain W; . PCI, | Wj) And PCI;|
W, represent prior probabilities.

Based on the Bayesian theory, we have

PCI | WO PCW)

PCW; | 1) = PCID (6)
PCW | 1) PCI L W) PCW)
PCW 1) = ﬂ PCL T WOPC(T)

We use logarithmic and exponential operation for
Eq. (7). Then we can have

PCW 1) =

explogPCLD ) PCL)+ MlogPCL, | W)/ PCI | W)

1+ expUogPCT) [ PCIY+ NlogPCIL | W)/ PCL T W)
=
(8

As relevant and irrelevant information is mu-
tually exclusive, we have
PCID =1-PCID (9>
We put Eq.(9) into Eq.(8) to yield
PCW | 1) =

exp(logPCT,)/ (1=PCI, )+ > logPCIL T W)/ PCI WD)
7=

LiexpClogPCTD [ (1=PCIDY+ > logPCL I WD/ PCE WD)
100
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Although we can have good results by Eq.
(10, there are also some problems. exp(logP
1)/ - P, ))) lead to zero when PCI;) is

very large, even ElogP(l | W)/P(] | W)

is equal to zero when we have no relevant infor-
mation that PCW11,) is a very big remnant val-
ue and distributes in small space. If we calculate
PCWII,) using Eq. (10D, it will cause warp.
To solve these problems, we use logarithm re-
gression method to improve Eq. (10).
can have improved Bayesian algorithm.

P(WII):

So we

exp(a+b2]00P([ | W)/P(I | W;0)

1+eXp(a+bZlogP([r | WD/ PCL T W)
(1D

The regressive parameters a and b are deter-
mined by least square method. It is obvious that
the above problems can be solved well by using
Eq. (11D, but it is not improved evidently when
the word”s number N is very large.

For given information I, PCW11) calculat-
ed using Eq.(11) forms a vector for /. We call
this vector the user space model of information
I; of course the information space model of In-
formation / is built from the related features ex-
tracted from the web pages.

2. Updating information space model using user
space model

User space model is good supplement for the
original information space model, but we cannot
completely replace information space model user
space model because few users like to tag all rel-
evant and irrelevant information in retrieval re-
So we integrate the user space model into
the original information space model to improve
the accuracy of new information space model.
vector M, is the
high-level feature in the information space model
and vector U is the high-level feature in the user
space model. We simply use the linear combina-

sult.

For each information I-

tion method to integrate these two vectors.

M|,=CMu+(1—C)M| (12)

where, vector M|’ is denotes updated informa-

tion space model. ¢ is the confidence of My

vector in user space model to adjust the weight
between the user space model and the informa-
tion space model.
the accuracy and comprehensiveness of vector
ML .
feedback by user can be used to determine the
value of c.

The value of ¢ is related to

The times that information is marked in

3. Weight adjustment using user space model

The weight used to balance the importance of
low-level features and high-level features is al-
most impossible to assign in advance accurate
weight values to different sources. So we initially
assign the same set of weight values. It is very
efficient for us to build up the baseline system.
The weight can be automatically adjusted to a
suitable value by the system through the user’s
feedback as to the relevancy of certain returned
information. Moreover, after we collect enough
user log information of user feedback, data min-
ing technology can be applied to find out the im-
portance of the low-level feature and high-level
feature for different concepts. For example, if
the semantic similarity of relevant feedback re-
sults is higher than the visual similarity, we can
say that the semantic features are more important
than the visual features.

We use the simplest similarity models, the
liner combination of semantic similarity and visu-
al similarity, to calculate overall similarity in
Eq. (13). The weight a determined by the user
space model is the factor that balances the
weight between high-level and low-level feature.
There are many similarity methods such as cosine
model, contrast model, roughness model, etc
(Harman et al . >
and visual similarity. In this paper, the seman-
tic similarity between the query and multimedia

1992) for semantic similarity

information is calculated using the dot product of
the query’s text feature vector and the multime-
dia information”s text feature vector.
similarity between the query and information is
calculated using the Euclidean distance model.

Sim(,(q, I) = aSimh(qhv Ih) +
(1 —a)Sim](q],I])

The visual

(13>

Where, Sim, is overall similarity, Sim, is se-
mantic similarity, Sim is visual similarity, ¢ is
the query, ¢ is the low-level feature vector of
the query, ¢, is the high-level feature vector of
the query. I represents information, I, is the
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low-level feature vector of I> and I, is the high-
level feature vector of I .

EXPRIMENTAL DETAILS

In order to prove the advantage of web log
mining, we built three systems: baseline sys-
tem> relevance feedback system,> web log mining
system. We selected about 100 Chinese comput-
er science department websites and used the web
pages on them as candidates. For multimedia in-
The
crawler was used to collect images from these hy-
perlinks. In total, we collected more than 7 000
images from these websites. All related semantic
features,> including image filenames, ALT texts,
surrounding texts, etc. as well the low-level vi-

formation, we used image as example.

sual features were also extracted using the feature
extractor at the same time. The images were
stored in the database and indexed with their
high-level and low-level features. It was difficult
for us to calculate the recall of the system be-
cause it was a tedious job to browse the entire
image database and specify the ground truth
manually (Wu et al., 2002). Therefore, we
only chose 10 queries to demonstrate the perfor-
mance of the improved system. Furthermore,
rough calculation of recall was done after scan-
ning the top 80 images returned for each query.

Relevance feedback system improved the
performance of baseline system. The retrieved
images were re-ranked based on the positive and
negative examples. But users were often unwill-
ing to provide feedback. Therefore, in our ex-
periment, we let the testers to mark only 2 posi-
tive/negative examples and then evaluated the
precision-recall after relevance feedback.

For ranked sets of retrieved information, it is
standard practice to average the performance
measures like precision, recall and fallout over
different cut-off levels. Recall, fallout and pre-
cision were related just as the corresponding
probabilities were related to the probability of
relevance. A simple standard (TREC conferenc-
es) approach for calculating the expected preci-
sion was the average precision measure ( Hiem-

stra et al ., 2001):

expected recall
expected fallout
(14>

expected precision = PCk)*

average precision = (

k€ ranks of relevant info
kEJ)/R

precision at
15

This is the expected precision if we assume
that the probability P(k) of a user looking for k
relevant information is uniformly distributed for 1
< k< R. R is the total number of known rele-
vant information.

After we implemented the baseline and feed-
back system, we only obtained a small sized user
log containing about 2000 entries of feedback on
about 100 queries. The preliminary performance
result was just based on the analysis of this small
user log.

The feedback from a single user was limited,
so we used all the accumulated users’ feedback
information stored in the user log to find more
accurate information about the web multimedia
information. The user space model was con-
structed from the user log and used to improve
the information space model and further improve
the retrieval performance. The log mining could
not only improve the precision when the recall
was low, but could also improve the precision
when the recall was high. In other words, the
overall performance of the system was improved
after log mining. It can be seen from Fig.4.

————— feedback only
08 r baseline
— 06 F 00 TN, Tte.. e log mining
3
& 041 .
02
0 L . —

0.1 0.2 0.4 0.6 1
Precision

Fig.4 The average precision-recall curve of retrieval
performance for all queries

There is another important thing. From Fig.
5, we can see that relevance feedback did better
than log mining for some queries. This was be-
cause there was only one user log entry about the
query in our user log. So the performance was
barely improved after log mining. But in aver-
age> we can see from Fig.4 that the performance
after log mining was better than that of relevant
feedback. This also proved that a large user log
collection is necessary to improve the overall
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performance of the system.

e L. feedback only
5 0er baseline
o ~.
X 04t Mo s log mining
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021 e Sm
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Precision

Fig.5 The precision-recall for "mechanical”

The average precision-recall curve of retriev-
al performance using Bayesian algorithm and im-
proved Bayesian algorithm is compared in Fig.6.
It is obvious in Fig. 6 that the precision of the
system using improved Bayesian algorithm is bet-
ter than that using Bayesian algorithm.

l -
Bayesian
08 F theory
S A ]mproved
= Bayesian
o theory
& 04+
02F
0 0.2 0.4 0.6 1
Precision
Fig.6 The average precision-recall: curve of re-

trieval performance with log mining using Improved
Bayesian algorithm and using Bayesian algorithm

CONCLUSIONS

We focused on obtaining high-level semantic
features in this work, but there were many diffi-
culties such as irrelevant information, mismatch
between the page author’ s expression and the
user’ s understanding, and difficulty in finding
out the relationship between low-level features
and high-level features. To overcome these diffi-
culties; we first constructed the
space model from the web page content. The text
content on the web pages was used as the high-
level semantic features for the web multimedia
information> which was further combined with
the low-level visual features in the retrieval pro-

information

cess. Then we collected the web log data of us-
er’ s feedback and applied log mining to build
the user space model to improve the accuracy of
the information space model. We used improved
Bayesian algorithm used to build the user space
model. Experiment proved that a large user log
collection is necessary to improve the overall
and that our proposed algorithm
was efficient. In the future we plan to try to
study more efficient data mining methods that
will lead to more precise results.

performance;
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