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Abstract

Feature relevance may change from image to image,
and from location to location [l].When a user says
that two images are similar, the user really means that
the images are similar in an individual feature, some
combination of the features, or some features still unknown to the user. This implies that the similarity
does not vary with equal strength or in the same proportion in all directions in the feature space emanating from the query image. Figure 1 illustrates a case
in point, where class boundaries are along coordinate
axes. At query a dimension X is more relevant while
at query b dimension Y is. However, at query c both
dimensions are equally relevant

Most of the current image retrieval systems use
“one-shot’’ queries to a database to retrieve similar
images. Typically a K-NN (nearest neighbor) kind
of algorithms is used where weights measuring feature importance along input dimensions remain fixed
(or manually tweaked by the user) in the computation
of a given similarity metric. However, the similarity does not vary with equal strength or in the same
proportion in all directions in the feature space emanating from the query image. The manual adjustment of these weights is time consuming and exhausting. Moreover, it requires a very sophisticated user.
I n this paper we present a novel method that enables
image retrieval procedures to continuously learn feature relevance based on user’s feedback, and which is
highly adaptive to que y locations. Experimental results are presented that provide the objective evaluation
of learning behavior of the method for image retrieval.
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Introduction

I

The rapid advance in digital imaging technology
makes possible the wide spread use of image libraries
and databases. This in turn demands effective means
for access to such databases. It is well known that simple textual annotations for images are often ambiguous and inadequate for image database search. Thus,
retrieval based on image “content” becomes very attractive [3, 5 , 61. Generally, a set of features (color,
shape, texture, etc.) are extracted from an image to
represent its context. Then the image database retrieval procedure becomes a K-NN search in a multidimensional space defined by the set of features under
a given similarity metric, such as the Euclidean distance.
There are several fundamental problems associated
with this simple content-based image retrieval scheme.
First, features are unequal in their differential relevance for computing the similarity between images.
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Figure 1: Feature relevance varies with query locations.

Second, the user understands more about the query,
whereas the database system can only “guess” what
the user is looking for during the retrieval process.
The system must interact with the user to learn feature differential relevance to guide its search and to
iteratively refine its retrieval at run-time.
Finally, different similarity (closeness) measures
capture different aspects of perceptual similarity between images [5]. Humans do seem to selectively attend to features to optimize their visual behaviors [7].
In general, what similarity metric to use is image de-
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pendent, and plays an important role in the outcome
of the retrieval process. For example, in the context
of “eigenfaces” for recognition, the quadratic or Mahalanbis distance is more appropriate on the assumption
of a Gaussian distribution. While determining similarity metrics is an important research issue, we are
mainly concerned with learning feature relevance here.
In this paper, we present a novel method that enables image retrieval systems to learn differential relevance of features in an efficient manner, and which
is highly adaptive to query images. Next we describe
the functional architecture of our retrieval system. We
then introduce the notion of local feature relevance
and ways to estimate it. Finally, we show experimental results demonstrating the efficacy of our technique
using both simulated and real-world data.

1.1

Local Feature Relevance

The performance of retrieval for image databases
can be characterized by two key factors. First,for a
given query image, the relevance of all the features input to the retrieval procedure may not be equal for retrieving similar images. Irrelevant features often hurt
retrieval performance. Second, feature relevance depends on the location at which the query is made in
the feature space. Capturing local relevance is essential for constructing successful retrieval procedures in
image databases.

2.1 Local Relevance Measure
In a two class (1/0) classification problem, the class
label y at query x is treated as a random variable from
the distribution {Pr(llx), Pr(O1x)). We then have [4]
f(x) = Pr(1lx) = Pr(y = llx) = E(ylx),

System Overview

(1)

To predict y at x, f(x) is estimated from a set of
training data using regression techniques, such as least
squared estimation. In image retrieval, however, the
“label” of x is known, which is 1 in terms of the notation given above. All that is required is to exploit
differential relevance of the input features to image retrieval. Consider the least-squares estimate for f ( ~ ) ,
given only that x is known at dimension zi = z . It is
simply

E[flzi= 21 =
Figure 2: System for learning feature relevance.

1

f(x)P(xlzi = z ) ~ x .

(2)

Herep(xlxi = z ) is the conditional density of the other
input variables defined as

Figure 2 shows the functional architecture of our
system. Images in the database are represented by feature vectors whose components are normalized mean
and standard deviations of responses from Gabor filters. The user presents a query image to the system.
At this time feature relevance weighting is initialized
to l / q , where q is the size of the feature vectors.
The system then carries out image retrieval using unweighted K-NN search to compute similarity between
the query and all images in the database, and returns
top K nearest neighbors. The user then marks the retrieved images as positive (e.g, click on an image by using the left mouse button) or negative (e.g, click on an
image by using the right button). The user “thinks”
that positive images look similar to the query image
but the negative ones don’t. These marked images
constitute training data. From the query and training data, the system computes local feature relevance
(weights), from which a new round of retrieval begins.
The above process repeats until the user is satisfied
with the results.

P(XlZi = 4 = P(XZ)/ sp(x)6(2i - z)dx

(3)

where x, = (51,.. ,xi-1, z , zi+l,. . ,x ~ ) and
~ , S(z z ) is the Dirac Delta function having properties S(z z ) = 0 for z # z and s_q$S(z - z)dz = 1. Eq. (2)
shows the prediction strength (probability) once the
value of just one of the input features xi is known. A
feature relevance measure can then be given by
Q

Ti(.)

= (Jqf1.i

= 2i1It/ Z ( E [ f l . r = .El)“

(4)

E=l

where t = 1,2, giving rise to linear and quadratic
weighting, respectively. It is also possible t o exponentially weigh feature relevance: ri(z) = exp(E[f(zi =
4 ) /E,“=,
exp(E[flzl = z l ] ) . One can see that 0 5
r i ( z ) 5 1. ri(z)= 0 when f(x) does not depend on xi
at query z. And ~i(z)= 1 when f(x) depends entirely
on zi at z. Values in between show the degrees of relevance that zi exerts at z. Thus, (4)can be used as
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Figure 3: Performance of exponential, quadratic, and linear weightings on simulated data.
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weights associated with features for weighted similarity metric computation. These weights elongate less
important dimensions, and at the same time constrict
the most influential ones.
The intuition behind (2), and hence (4),is as follows. Suppose that the value of E[fJxi = z] (2) is large
(close to l),which means that in the subspace spanned
by the other input dimensions at xi = z one is more
likely to find samples coming from class 1, assuming
a uniform distribution. Then a large weight assigned
to xi based on (4) says that moving away from the
subspace, hence from data in class 1, is a bad thing
to do. Similarly, a small value of E[flxi = z] indicates that in the vicinity of xi at z one is unlikely to
find samples similar to the query. Therefore, in order
to find samples resembling the query, one must look
farther from z.

2.2

3.1

-

In order to estimate (4), one must first compute (2).
The retrieved images with feedback from the user can
be used as training data to obtain estimates for (2)
and (4). Let { x j , y j } r be the training data, where xj
denotes the feature vector representing j t h retrieved
image, and yj is either 1 or 0 marked by the user as a
desired (positive or hit) or undesired (negative) image,
respectively. Then, based on (l),one can estimate (2)
[4]according to

e[y1xi = z ] = C y j l ( l x j i - z l 5 a)/
j=1

Experiments on Simulated Data

This problem is designed in such a way that all feature dimensions have the same global relevance. However, they have unequal local differential relevance depending on query locations. There are q = 5 feature dimensions and 2 classes. The data is generated
from a normal distribution x N ( 0 ,E), where E is
given by E = diag{0.752}y. The classes are defined
by
x: 5 2.3 + class 0,otherwise +-class 1.
There are 100,000 data points in the database with
roughly equal number of data points in each class.

Estimation

N

Empirical Evaluation

In order to evaluate our algorithm we performed
a number of experiments on both simulated and real
world data. The simulated data experiment allows us
to reliably predict the strengths and limitations of our
algorithm because the precise nature of the problem
the algorithm is facing is known. Note that for the
experiments reported in this paper, the weighted Euclidean metric is used.

Table 1: Four representative queries.

I Querv I

Coordinates
0.01 0.005 0.02 0.005 1.531

0.03 0.08

0.88

0.88

0.88

N
l(lXji-Zl

j=1

5 52)
Queries from class 1 are generated such that some
feature dimensions are more relevant than others.
Four representative queries are shown in Table 1.
Clearly, feature x5 is the most discriminating dimension for query 41. Similarly, features 2 4 and x5 are the
most influential dimensions for query 4 2 , and features
2 3 , 2 4 and 2 5 for query 4 3 , and so on. Within a neighborhood of each representative query, additional four

(5)
where 1(.) is an indicator function. 52 can be chosen so
that there are sufficient data for the estimation of (2).
In addition, (5) can lbe computed within a subregion,
thus making the relevance measure more local. Note
that this technique can be readily extended to multiple class situations where the user can grade retrieved
images.

791

query points are randomly generated. We want to see
how our algorithm will behave in each representative
region. Top 300 nearest points are returned for each
query. The number of points in 0 to estimate (5) is
100.
Figure 3 graphs the hit ratio (the number of positive
retrievals divided by the total number of retrievals) as
a function of time. Note that at the first iteration, the
hit ratio is produced by unweighted K-NN. The results
show that our method can indeed capture local feature
relevance. In addition, it outperforms unweighted KNN. It is interesting to note that the improvement is
particularly pronounced when the number of relevant
features is small. As the number of relevant features
increases, our technique reduces to unweighted K-NN,
as expected. Figure 4 illustrates weight change as the
number of iterations increases.

Figure 5: (a): Sample query (Q). (b): Sample positive
example (+). (c)-(f): Sample negative examples (-).

3.2 Experiments on Real Data
There are 10,314 texture images of size 64 x 64 in
our database that are represented by 48 dimensional
feature vector. We use 24 Gabor filters (4 scales and
6 orientations) for feature extraction. The mean pm,
and the standard deviation Gmn of the magnitude of
the transform coefficients are used as feature components of a feature vector after being normalized by the
standard deviations of the respective features over the
entire feature database.
As shown in Figure 2, the system receives feedback
from user interaction, and the user may not be consistent during the interactive process. This requires
a large scale subjective experiment with various users
to obtain average results. However, in this paper we
focus on objective (rather than subjective) evaluation
of our system. In our system, the 10,314 images are
partitioned into 220 classes. There are about 45 images in each class. These 220 classes form the ground
truth for our experiments. For each query image, the
system returns 40 nearest images based on its current
weighted similarity computation. From the retrieved
images, the system chooses those as positive examples that come from the same class as the query and
uses rest of them as negative examples. In practice,
however, these positive examples will be identified by
the user. These marked samples constitute the training data. The termination conditions for the retrieval
procedure are (i) the number of positive examples returned exceeds a given certain threshold (25 in these
experiments); (ii) the number of iterations reaches 3.
A sample query image and corresponding positive and
negative example images are shown in Fig. 5.
Table 1 shows sample retrieval results by using different similarity metrics where learning feature rele-

vance improves performance over time. The first row
indicates class labels associated with each query. The
second row shows the number of positive hits received
after the first iteration. Note that this number is a
result of simple, unweighted K-NN search. The third
row shows the number of positive hits after the second
iteration. Similarly, the results for other iterations are
shown. The retrieval results show clear improvement
over time due to learning.

4

Related Work

Friedman [4] describes an approach for learning local feature relevance that combines some of the best
features of K-NN learning and recursive partitoning.
This approach recursively homes in on a query along
the most (locally) relevant dimension, where local relevance is computed from a reduction in prediction error given that query’s value at that dimension. This
method performs well on a number of classification
tasks. In contrast, our method, inspired by [4], computes local feature relevance directly from the conditional probabilities, since in a retrieval problem the
“label” of the query is known.
PCF [2], per category feature importance, is another example that computes feature relevance based
on conditional probabilities. This method estimates
the conditional probability p ( c l f ) for feature f in every category and uses it as a weight for f in category
c. PCF assigns large weights to features having high
correlation with the class. Clearly, feature importance
as such is non-local, and therefore, insensitive to query
locations.
Trott and Leng [9] introduce an integer programming (IP) method for computing feature weights for
an interactive retrieval task. The method imposes a
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Figure 4: Feature weight change as a function of iteration. (a) 41, (b) 42, (c) 4 3 , (d) 44.
Table 2: Retrieval results.
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fixed ratio between the weight of the last feature and
the sum of the weights of all other features for training
samples. While this method could be used for interactive retrieval, its performance is not yet known.

5
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Conclusions

This paper shows that learning feature relevance
based on user’s feedback can indeed improve retrieval
performance of an image database system. The knowledge acquired during one retrieval can be gradually
collected and it can become part of the database itself
through continuous learning. This knowledge can be
used in conjunction with case-based learning [l,81 to
achieve generalizarion in future retrievals in order to
further optimize the performance of the system.
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