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Abstract

We present a method for image retrieval that has no explicit
knowledge about the appearance of the images within the
database, i.e. it is content-free and yet it can retrieve rel-
evant images. A collaborative filtering algorithm is used
to make predictions about the current user’s image prefer-
ences based on their current known preferences and other
user’s past preferences. The algorithm is based on a max-
imum entropy technique using a non-standard form of en-
tropy called Ŕenyi’s quadratic entropy.

Our algorithm may be used in conjunction with other
content or keyword based systems, or by itself if enough user
data is available.

1. Introduction
Content-based image retrieval has received a large amount
of attention over the last 10 years [4] [8]. As this technol-
ogy matures and is adopted by more users, another source
of information for image retrieval becomes available. When
a user enters a keyword, draws a sample image or selects a
query image a new list of images, typically thumbnails, is
generated with the hope that the user will find them useful.
As the user scans the generated list they will select some
images while ignoring others. Since the user is looking for
a certain type of image during a specific query, the selected
images must be related in some manner. This relation could
have several forms; a user could be interested in images that
contain a specific object, relate to a certain topic, have a
specific kind of texture or have any other conceivable re-
lation. By analyzing the user selections, relations between
images within the database can be discovered. After enough
user data is accumulated, an algorithm for computing image
relevance could be completely content-free. That is, it is
conceivable that an image retrieval system could rely com-
pletely on user feedback without explicit knowledge about
the actual appearance of the images.

Assume our system consists ofn images X =
{X1, . . . , Xn} and we consider a set of associated values

x = {x1, . . . , xn}. During a query the user selects images
or keywords for which relevant images are to be found. The
images the user selects will form the evidence setXE . The
images within the evidence set are labelled by the user as
desired imagesxi = 1 or undesired imagesxi = 0. The
unlabelled images form the hidden setXH = X − XE . It
is our goal to compute for every imageXi ∈ XH the con-
ditional probabilityP (Xi = 1|xE). That is, the probability
for every hidden image that a user would find the image de-
sirable given their labelling of the evidence imagesXE .

A common method for solving problems of this type is
called Collaborative Filtering. Collaborative filtering meth-
ods attempt to make predictions about a current user’s un-
known preferencesXH given their current known prefer-
encesXE and preferences from past queries in the database.
The database of past queries may consist of queries from the
current user AND any other users that have used the system.
We will represent the training databaseT of m past queries
as tj,i for all j ∈ m and i ∈ n. For a queryj, tj,i will
equal one if the user finds the imageXi desirable and zero
otherwise.

1.1. Previous Work

Content-based image retrieval has been an active field of
study for many years [4] [8]. Several systems use rele-
vance feedback from users to refine their searches [2] [9]
[10] [11]. Most of these systems only apply user feedback
to the current query. Recently, some research has been done
in long-term learning from user interactions [2].

Collaborative filtering algorithms [1] [6] have been de-
veloped for use in many applications, which include pre-
dicting user preferences for movies, web pages and tele-
vision shows. A common approach to collaborative filter-
ing called Nearest Neighbor is to look for other queries
in the database that have similar preferences as that of the
current query. By finding queries with similar preferences
to the known itemsXE , we can make predictions about
the unknown itemsXH . Such a method could compute
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P (Xi = 1|xE) for all Xi ∈ XH as follows:

P̄ (Xi = 1|xE) =
1
m

∑
j∈m

tj,iδ(j) (1)

where

δ(j) =
{

1 tj,k = xk for all Xk ∈ XE

0 otherwise

}
(2)

Unfortunately, for manyxE no examples will exist in the
training set. Nearest Neighbor approaches look for partial
matches when there exists a statistically insignificant num-
ber of queries that exactly match.

We take a different approach to collaborative filtering in
that we attempt to find relations, rather than particular in-
stances, between items or images.

2. Maximum Entropy
It is our goal to computeP (Xi = 1|xE) for all Xi ∈ XH .
Since our training settj,i is finite, approximations to the
true conditional probabilities must be made. Otherwise, it
is not possible to compute them. While we may not be able
to reliably computeP (Xi = 1|xE) for all xE , there typ-
ically exists a subset of all possiblexE for which enough
training data does exist to make accurate predictions. More
generally, there exists a set of feature functionsF for which
we can reliably computeP (Xi = 1|fk) for fk ∈ F . For
example a feature function might correspond tox2 = 1 and
x4 = 0 with X2, X4 ∈ XE :

fk(x) =
{

1 x2 = 1 andx4 = 0
0 otherwise

}
(3)

These feature functionsfk and their expected valuesCk

form a set of constraints on the probability distribution:

P̄ (Xi = 1|fk) =

∑
j∈m tj,ifk(tj)∑

j∈m fk(tj)
= Ck (4)

Typically, a small set of constraints still doesn’t fully con-
strain the probability distribution; for binary valued vari-
ables2n constraints would be needed. Obviously, this is
infeasible for real world image retrieval systems with thou-
sands of images.

A common method for finding a probability distribution
in a partially constrained system is to maximize the entropy
while enforcing the constraints. The standard measure of
entropy due to Shannon is:

H(x) = −
∑

x

P (x)log(P (x)) (5)

It has been shown that the probability distributionP ∗ that
maximizesH(x) while enforcing the constraints takes the

following form:

P ∗(x) =
∏
k

µ
fk(x)
k (6)

Computing the parametersµk can take exponential time.
Approximations may be made, but the use of Shannon’s en-
tropy isn’t currently feasible for real-time collaborative fil-
tering on large scale systems.

A mathematician named Rényi developed a generaliza-
tion [7] of Shannon’s entropy. This generalization creates
an entire family of entropy measuresHα of which one
called Ŕenyi’s Quadratic Entropy (RQE) takes the follow-
ing form:

H2(x) = −log(
∑

x

P (x)2) (7)

Since we are concerned with conditional probabilities we
maximize the conditional form of RQE:

H2(Xi|XE) = −log(
∑

xi,xE∈XE

P (xE)P (xi|xE)2) (8)

Let P̄ (x) represent the observed probability from the train-
ing data, then we can approximate the conditional entropy
by:

H2(Xi|XE) ≈ −log(
∑

xi,xE∈XE

P̄ (xE)P (xi|xE)2) (9)

Since we are maximizing the entropy we may drop the log
resulting in the final equation:∑

xi,xE∈XE

P̄ (xE)P (xi|xE)2 (10)

Minimizing the above equation is equivalent to doing
weighted least squares on the training set with the feature
functions as axes. The resulting conditional probabilities
P ∗ take the following form:

P ∗(Xi = 1|xE) =
∑

k

λi,kfk(xE) (11)

For some set of learned weightsλi,k, which may be com-
puted directly from the following set of equations:

P̄ (Xi = 1, fj) =
∑

k

λi,kP̄ (fj , fk) for all j (12)

The weights may also be learned using a function that iter-
ates through the training data [13].

2.1. Recurrent Linear Network
The algorithm described above that maximizes RQE
chooses the domain of the feature functionsfi from the evi-
dence variablesXE . The weights used to compute the con-
ditional probabilities are themselves computed from the fea-
ture functions. In real world problems the variables within
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XE will vary from query to query. Ideally, we would like
to not have to recompute the weightsλi,k for every hidden
variable every time the evidence variablesXE change. To
accomplish this, we will describe an algorithm called the
Recurrent Linear Network (RLN.)

Let the setF consist of all feature functions over the en-
tire setX. A feature functionfi is a member of the ”known”
or evidence functionsFE if its value can be directly deter-
mined fromXE and a member ofFH otherwise. We will
assume that there exists a unit feature functionf0 that al-
ways has a value of one. The feature functionsf1 through
fn will correspond to a single variable:

fi(x) = xi for all i ∈ n (13)

Additional feature functions may also be added that cor-
respond to combinations of variables withinX. Sincef0

always has a value of one it is always known. IfXi ∈ XE

thenfi ∈ FE . It may be possible for a feature function to
be known even if all of its input variables are not known.
For example, if:

fk(x) =
{

1 x2 = 1 andx4 = 0
0 otherwise

}
(14)

then forx2 = 0, fk(x) will equal zero regardless of the
value ofX4.

The RLN will use the feature functionsF to compute
estimates of the conditional probabilitiesP ∗(Xi = 1|xE)
that are equivalent to the method described above. The
outputs of the network are labelledyi and correspond to
P ∗(fi(x) = 1|xE). Thus the value ofyi is equal to
P ∗(Xi = 1|xE) for all i ∈ n, sincefi(x) = xi for all
i ∈ n.

Similar to the algorithm described above, the following
is true for all unknown or hidden feature functionsfi ∈ FH :

P ∗(fi(x) = 1|xE) =
∑

k

ωi,kyk (15)

where

yi =
{

P ∗(fi(x) = 1|xE) fi ∈ FH

fi(x) fi ∈ FE

}
(16)

The weightsωi,k for the RLN may be computed from the
following set of equations:

P̄ (fi, fj) =
∑

k

ωi,kP̄ (fk, fj) for all j (17)

with the following restriction:

ωi,i = 0 for all i (18)

As stated above, the weights may also be learned using a
function that iterates through the training data [13].

Thus we can compute the value ofyi for any set of evi-
dence variablesXE given the same set of weightsωi,k. The
only problem is the valueyi is dependent on otheryjs that
may not be known. Theyi that correspond to evidence func-
tions, i.e. fi ∈ FE , are set equal to the value of the func-
tion, however theyi corresponding to unknown or hidden
functions must be computed iteratively. A simple iterative
method to solve for allyi is as follows:

yj+1
i = (1− σ)yj

i + σ
∑

k

ωi,kyj
k for all fi ∈ FH (19)

and
yj+1

i = fi(x) for all fi ∈ FE (20)

The parameterσ controls the rate of convergence. Conju-
gate gradient methods can be used for faster convergence.

2.2. Properties of the RLN
The recurrent linear network possesses a couple interesting
properties:

First, the conditional probabilities computed by the RLN
are equivalent to those computed by maximizing the condi-
tional form of Ŕenyi’s quadratic entropy. As shown in [13],
the errors as measured from the true probability distribution
are nearly equivalent as those produced using Shannon’s en-
tropy. Using maximum entropy helps us avoid over-fitting
the data if we limit our selection of feature functions to
those which occur a statistically large number of times. As
Jaynes [3] states,

Maximum entropy agrees with everything that is
known, but carefully avoids anything that is un-
known.

Second, many weights within the RLN will be equal to
or close to zero. Theoretically, the amount of computation
needed to compute the conditional probabilities isO(IN2)
whereI is the number of iterations andN is the number
of feature functions. For most real world problems, the
weightsω will be a sparse matrix resulting in much faster
running times. Theoretically, the following can be shown:

ωi,j = 0 if (fi q fj |fk) for somefk (21)

That is, the weightωi,j will be equal to zero if there exists a
feature functionfk such thatfi is conditionally independent
of fj givenfk.

2.3. Alternative Solution
An alternative solution to finding the valuesyi exists if
we can compute the pairwise conditional probability ma-
trix Pi,j = P (fi|fj). If PE consists of all columns ofPi,j

such thatfj ∈ FE then

y = PEz (22)
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(a)

(b) (c)

(d) (e)

Figure 1: Five sample images from our database.

Selection Frequency

(a) 0.0180
(a) (b) 0.0720

(a) (b) (d) 0.6480
(a) (c) 0.0162

(a) (c) (e) 0.1458

Table 1: User selections and their frequencies for the five
image example.

for the vectorz computed from:

PE
i z = fi(x) for all fi ∈ FE (23)

If the number of evidence feature functionsFE is small, this
method can be computationally less expensive than com-
puting theyi’s from the weightsω. The running time is
O(E3 + E ∗H) wereE andH are the number of evidence
and hidden functions respectively.

3. Simple Example
To demonstrate how the RLN works for image retrieval
we’ve created the following simple example. Consider the
five images in figure 1. Image (a) consists of a butterfly sit-
ting on a flower. Images (b) and (d) are butterfly images
without flowers and images (c) and (e) are flower images
without butterflies. The system is used by selecting a subset
of these images and labeling them as desired or undesired.
Our goal is to predict the desirability of the remaining unla-
belled images. For our training data we’ll assume our users
labelled the sets of images in Table 1 as desirable with the
corresponding frequencies.

ωi,j j = 1 j = 2 j = 3 j = 4 j = 5
i = 0 0.155 0 0 0 0
i = 1 0 0.800 0.475 0 0
i = 2 0.848 0 -0.475 0.900 0
i = 3 0.848 -8.000 0 0 0.900
i = 4 0 0.200 0 0 0
i = 5 0 0 0.525 0 0

Table 2: Weightsωi,j computed using the frequencies from
table 1.

Query # (a) (b) (c) (d) (e)
1 1 0.80 0.18 0.72 0.16
2 1 1 0.00 0.90 0.00
3 1 0.00 1 0.00 0.90
4 1 0 0.90 0.00 0.81
5 1 0.29 0.64 0 0.58

Table 3: Example results for different queries using the
RLN. Bold values correspond to evidence images.

We constructed an RLN that has 6 feature functions. A
unit functionf0 and one for each image, i.e.f1 corresponds
to image (a), etc. The weightsωi,j found using the frequen-
cies in table 1 are shown in table 2.

As we stated earlier all weights which correspond to fea-
ture functions that are conditionally independent given an-
other feature function are found to be equal to zero. For
example, image (a) is independent of image (d) given im-
age (b), thusω1,4 = 0 andω4,1 = 0.

Table 3 demonstrates the RLN’s results on several possi-
ble user queries. The bold values are evidence images, i.e.
the user has labelled the image as either desirable or un-
desirable. For example, imagine a user labels the butterfly
images (a) and (b) as desirable, as in query 2. The RLN cor-
rectly predicts the probability of image (d) being desirable
as 90% while the flower images (c) and (e) are found to be
undesirable. In query 4, the butterfly image (b) is labelled
undesirable and the flower images are correctly found to be
more desirable than the butterfly images. For this simple
example the RLN computes nearly exact probabilities for
all possible queries.

4. Large Databases
To demonstrate the RLN on a large number of images we
obtained a 9,900 image database from [5] [12]. Along with
the images, we selected 80 keywords such as ”Butterflies,
Mountains, Autumn, Children, Planets, Bridge, Colorful
Texture, etc.” Several users were asked to select images they
thought were similar along with any keywords they thought
were relevant. In total, approximately 2,000 entries were
made. In a real world system, used by thousands of users, a
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much larger amount of input data would be available.
The keywords and images were treated identically with

each assigned a feature function. No feature functions be-
sides those corresponding to a single image or keyword
were used, resulting in approximately 10,000 feature func-
tions. Training of the system takes approximately 10 min-
utes. All running times are generated on a 1GHz PC. The
computed weight matrix was sparse with only 1,147,680
non-zero weights out of a possible 99,800,100.

To decrease the computation time needed for each query
we made the following optimization. The values ofyj+1

i

were computed using onlyyj
i that had values greater than a

threshold. For our experiments we set the threshold at 0.01.
This optimization has a minimal effect on the ordering of
the final valuesyi.

On average, between 5 to 20 queries can be made per
second using the RLN. The queries typically had between
5 and 50 user labelled images or keywords. Since the key-
words were treated identically as the images, keywords are
also suggested to the user given their preferences for images
and other keywords. For example if image (a) from figure 1
was labelled as desired, the RLN would suggest keywords
”Butterflies, Flowers and Nature.”

By reformulating the RLN in terms of matrix notation
it is possible to compute the values ofyi directly from the
pairwise probability matrixP. Given our training data there
are 1,169,527 non-zero pairwise probabilities taking about
30 seconds to compute. 40 to 500 queries can be made per
second. This is about one order of magnitude faster than
computingyi from the weightsωi,j .

Figures 2 and 3 show some sample queries using the sys-
tem. In query 1, three images are inXE with values equal to
one. The images show sunsets next to the ocean with two of
them containing people. The RLN returns images of ocean
sunsets. In contrast, query 2 contains images with people
and two of them are ocean scenes. The RLN in this case
returns images with people in sunsets.

Query 3 contains a single image of an astronaut with the
space shuttle. Varying images of astronauts and space shut-
tles are returned. In query 4 the value of an astronaut image
is set to zero, i.e. undesirable. The RLN then returns space
shuttle images.

It is important to remember that the results of the RLN
are based heavily on the quality of the input training data.
These results are merely meant to show the potential of the
system. The RLN has shown significantly better results in
other collaborative filtering domains [13].

5. Discussion
We have described a collaborative filtering algorithm using
maximum entropy to perform image retrieval. A measure of
entropy called Ŕenyi’s quadratic entropy is used to create

a computationally efficient algorithm, which is capable of
computing 5 to 500 queries per second.

A common problem for collaborative filtering algorithms
such as ours is the ”cold start” problem [6]. That is, our al-
gorithm needs a large amount of training data from users
before it can start producing good results. Unfortunately,
users won’t use the system until it produces good results.
We see two methods for solving this problem. First, con-
tent or keyword based image retrieval systems could find
sets of similar images that are used as seeds to initially train
the system. Second, results could be initially found using
the content or keyword image retrieval system and as more
user data becomes available the collaborative filtering algo-
rithm could be used. In this way, we believe a hybrid system
combining the strengths of several systems will prove to be
most beneficial.
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[7] A. Rényi, ”Some Fundamental Questions of Information The-
ory,” Selected Papers of Alfred Rényi, Vol. 2, pp. 526-552,
1976.

[8] A. W. M. Smeulders, M. Worring, S. Santini, A. Gupta and
R. Jain, ”Content-Based Image Retrieval at the End of the
Early Years,”IEEE Trans. Pattern Analysis and Machine In-
telligence, 22(12), pp. 1349-1380, 2000.

[9] K. Tieu and P. Viola, ”Boosting Image Retrieval,” inProc.
IEEE Conf. Computer Vision and Pattern Recognition, pp.
228-235, 2000.

5



[10] S. Tong and E. Chang, ”Support Vector Machine Active
Learning for Image Retrieval,” inProc. ACM Int. Conf. on
Multimedia, pp.107-118, Oct. 2001.

[11] Y. Wu, Q. Tian and T. S. Huang, ”Discriminant-EM Algo-
rithm with Application to Image Retrieval,” inProc. IEEE
Conf. Computer Vision and Pattern Recognition, 2000.

[12] J. Wang, J. Li and G. Wiederhold, “SIMPLIcity: Semantics-
sensitive Integrated Matching for Picture LIbraries,”IEEE
Trans. Pattern Analysis and Machine Intelligence, 23(9), pp.
947-963, 2001.

[13] My Paper

Figure 2: Query 1 and Query 2: Top row contains evidence
images followed by the six most relevant images as pre-
dicted by the RLN.

Figure 3: Query 3 and Query 4: Top row contains evidence
images followed by the six most relevant images as pre-
dicted by the RLN.
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