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Abstract
There is considerable interest in bridging the gap between the terminology used in defining
queries and the terminology used in representing documents. Some approaches use rules to
capture user query concepts. The rules are usually weighted and expressed by AND/OR logical
connectives. One difficulty with these approaches is that the resulting performance is quite
sensitive to the weight assignments. We develop a neural network model in which the rule
weights can be adjusted by users’ relevance feedback. Experiments are performed on a small
document collection and the adjusted rules show excellent performance in terms of recallprecision values.

1. Introduction
Many intelligent retrieval approaches [3, 7, 8] have tried to bridge the terminological gap that
exists between the way in which users specify their information needs and the way in which
queries are expressed. One proposed approach involves using production rules to capture user
query concepts. The main ideas underlying such an approach were introduced in a system called
Rule Based Information Retrieval by Computer (RUBRIC) [1, 4, 7]. In RUBRIC, a set of
related production rules is represented as an AND/OR tree, called a rule base tree. RUBRIC
allows the definition of detailed queries starting at a conceptual level. The retrieval output is
determined by fuzzy evaluation of the AND/OR tree. However, since the resulting performance
is quite sensitive to how weights are assigned to the rules, we need to find the proper weight
values. For this purpose, we develop a neural network model in which the weights for rules can
be adjusted by users’ relevance feedback.
In RUBRIC, rules can be weighted and expressed by AND/OR logical connectives. This
implies that the conventional Boolean retrieval technology is not sufficient to encode RUBRIC
rules. There are some extended Boolean retrieval approaches [2, 10, 11] that are suitable to
represent rules used in RUBRIC. Among the extended Boolean approaches, we adopt the pnorm based extended Boolean retrieval approach [10], since this approaches is not only
theoretically well established, but also suitable to be mapped into a well known neural network
model, called the multi-layered perceptron [6]. Our approach is different from the previous
neural network approaches for information retrieval [12, 14] in at least the following two
aspects. In the previous approaches, they were mainly concerned with term associations. In our
approach, we handle relations between concepts and Boolean expressions in which weighted
terms are involved. Secondly, in the most of the previous approaches, they introduced their own
network model in order to map the retrieval problems into the neural network domain. In our
approach, we use an already proven neural network model in terms of its performance.
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2. Review of RUBRIC
In RUBRIC, concepts of interest are formulated using a top-down refinement strategy. In this
strategy, the first step is to express a given request as a single concept. The next step is to refine
the initial concept by decomposing it into component parts that are related through either the
AND or OR logical connective. Individual components may take the form of a new concept
defined at a different abstraction level, a text expression, or a single index term. In each case, a
weight value is assigned to the individual concept-component pairs that are formed during the
decomposition process. The assigned weight value represents the user’s belief in the degree to
which a given component characterizes the related concept.
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Fig 1. Rule base tree for concept Violent-act
Fig 1 shows a rule base tree for the concept Violent-act where the leaf nodes are index
terms and are enclosed by double quotations, the internal nodes are concepts and the weights are
displayed along the edges connecting concepts and components. The concept Violent-act is first
being decomposed into two component concepts, Violent-Action-Form and Injuries, which
are related to Violent-act with AND connective, denoted by drawing a line between its
branches. If there is no line connecting the branches, the relationship is OR.
The relevancy evaluation (RSV: Retrieval Status Value) of a document to the query
concept Violent-act could be processed by a bottom-up strategy. For example, if the document
contains the words “gun,” “shot,” “bomb,” “slay,” and “dead” and no other words in the
example rule base are referred to, then the index term nodes “gun,” “shot,” “bomb,” “slay,” and
“dead” will receive weights of 1.0 and all other index term nodes will receive weights of 0. For
example, consider the concept Weapon that is composed of two components “gun” and “rifle.”
The weight for “gun” is 1.0 and “rifle” is 0. Since the operator for Weapon is OR, the relevancy
to concept Weapon is assigned to be the max value of the product of the weights of its
components and the corresponding weights connecting its components. In this particular case,
the result is Max (1.0*0.5, 0*0.7) = 0.5. The weight for concept Shooting could be calculated in
the same way. Since the operator for Shooting is AND, we use the min function instead of the
max function. The result is Min(0.5*1.0, 0.7*1.0) = 0.5. In a similar way, finally we can get the
relevancy (RSV) of the document to the concept Violent-act, which comes out to be 0.3.

3. Review of P-Norm Based Extended Boolean Model
Salton et al.[10] proposed an extended Boolean model in order to overcome disadvantages in
the conventional Boolean retrieval model [5]. Specifically, they introduce AND/OR logical
connectives with weighted terms as follows. Consider a set of terms T1, T2, …., Tn and let ai
denote the weight of term Ti in a document D = (a1, a2, …, an) where 1 ≤ i ≤ n and 0 ≤ ai ≤ 1.
Suppose that an or-query is given as QOR(p) = ORp(q1, q2, … , qn) where qi indicates the weight of
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query term Ti, 0 ≤ qi ≤ 1, and 1 ≤ p ≤ ∞. Similarly, suppose that QAND(p) is given as QAND(p) = ANDp
(q1, q2, … , qn). The similarities between a given document D = (a1, a2, …, an) and QOR(p), QAND(p)
are defined as

 q p a p + q p a p + ..... + q np a np 
sim( D, QOR ( p ) ) =  1 1 p 2 p 2

q1 + q 2 + ..... + q np



1

p

(1)

 q p (1 − a1 ) p + q 2p (1 − a 2 ) p + ..... + q np (1 − a n ) p 
sim( D, Q AND ( p ) ) = 1 −  1

q1p + q 2p + ..... + q np



1

p

(2)

In this extended Boolean model, when p = 1, the distinction between the AND and OR
connectives disappears. In this case, the similarity between queries and documents can be
computed by the inner product between their weights. This means that a simple vector space
model [9] is obtained when p = 1. When p = ∞ and all query terms are equal to 1, we can obtain
sim(D, QOR(∞)) = max(a1, a2, …, an) and sim(D, QAND(∞)) = min(a1, a2, …, an). By varying the value
of p between 1 and ∞, it is possible to obtain a system intermediate between a pure vector model
(p = 1) and a conventional Boolean retrieval system (p = ∞).1

4. Neural Network Model for Rule Base Tree
In this section, we propose a scheme to map a rule base tree into a multi-layered perceptron,
using the p-norm based AND and OR connectives. The following two subsections describe how
to construct the corresponding multi-layered perceptron and suggest its activation function and
learning rules.

4.1 Neural Network Structure
Consider the rule base tree in Fig 1. Assuming the input term weights are given to the leaf nodes,
we can compute the RSV for the documents that are indexed by the input terms. Actually, the
computed RSV is nothing but the similarity between the query and the document where the
query is represented in the rule base tree and the documents is indexed by the input terms. More
simply, consider a unit tree in Fig 2.
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Fig 2. A unit rule base tree
Since the output node is an OR node, we can compute RSV = max(q1a1, q2a2, …,qnan). If the
output node is an AND node, the RSV will be min(q1a1, q2a2, …,qnan).
Now, we transform a unit rule base tree into a unit neural network. The transformed unit
neural network has the same topology of the given unit rule base tree. For example, the unit rule
base tree in Fig 2 is transformed into the form in Fig 3. However, for the evaluation of RSV, we
will use the right-hand sides in equation (1) and (2) instead of max and min functions,
respectively. Therefore, net input value hi for the node i can be defined in equation (3) and (4).
1
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The input values are raised to the power p. The weight wi for 1 ≤ i ≤ ni is computed as in
equation (5)

If the node i is an OR node, hi = ∑ wij a jp

(3)

If the node i is an AND node, hi = ∑ wij (1 − a j ) p ,

(4)

j

j

where wij is the weight from the node j to the node i and,
if node j is a hidden node then a j is the activation of node j ,
otherwise (i.e., j is an input node) a j is the input value.
wi =

q ip
q1p + q 2p + .... + q np

for 1 ≤ i ≤ n
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Fig 3. A unit neural network
Suppose that we transform the rule base tree in Fig 1 to a multi-layered neural network. Its
structure and weights are as shown in Fig 4, where p = 5. To compute the weights in Fig 4, for
example the weights between the output layer and the hidden layer 3, we use equation (5) and
get the weights 0.99 (1.05/(1.05 + 0.45) ≅ 0.99) and 0.01 (0.45/(1.05 + 0.45) ≅ 0.01).
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Fig 4. Neural network representation of the rule base tree in Fig 1.
Now, we can consider the activation functions for OR and AND nodes from equation (1)
and (2), respectively, as follows.

a i = FOR (hi ) = hi

1

p

a i = FAND (hi ) = 1 − hi
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p

(6)

However, since these functions are not appropriate to be used as activation functions for the
purpose of learning process, for reasons that will be explained later, we introduce approximation
functions, in the next subsection, that can be effectively used during the learning process.

4.2 Activation Function and Learning Rule
From a mathematical point of view, the functions in equation (6), which have 1/p in the
exponent, are exactly the correct choices to be used as the activation functions for the proposed
neural network. However, since the derivative of such functions become extremely large near
zero, it is difficult to make the learning process, to be described later, result in convergence.
Therefore, we use an approximation of the 1/p powered functions that can easily get the
convergence in the learning process. The adopted function is a variation of the sigmoid, which
we call 2p-sigmoid function, defined as.


F ( x) =

A)

1
1+ e

− 2 p ( x −θ )

, where θ is 0.5.

We use (x)2 above, instead of x1/p, to approximate the activation functions for OR nodes and
AND nodes, respectively, as follows.


a i = FOR (hi ) =

1
1+ e


a i = FAND (hi ) = 1 −

(7)

− 2 p ( hi −θ )

1
1+ e

(8)

− 2 p ( hi −θ )

For the learning process, we use the back-propagation learning rule [6]. Its derivation is
fairly straightforward. The error measure E is defined as the total quadratic function at the
output nodes:

E=

1
( d i − ai ) 2 ,
∑
2

where di and ai are the desired output and the actual output for the node i, respectively. Then, By
the standard back-propagation formulas [6], we can write ∆wij:

∆wij = γδ i a jp

for OR node and ∆wij = γδ i (1 − a j ) p

for AND node i

where γ > 0 is the learning rate and δi is the error signal given as follows. If the node i is an
output node, δi is given by

When
to

A)


δ i = (d i − ai ) F ' (hi )

OR

and

A)

AND

'
(hi ) =
FOR
2

That F and

are given as in equation (7) and (8), respectively, the derivatives are equal

2p
(1 + e

− 2 p ( hi −θ ) 2

)

e − 2 p ( hi −θ ) = 2 pai (1 − a i )

A
) agree for many values of x can be verified by a simple tabulation.
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'
FAND
(hi ) =

− 2p
e − 2 p ( hi −θ ) = 2 pai (ai − 1)
− 2 p ( hi −θ ) 2
(1 + e
)

If the node i is a hidden node, the error signal is determined recursively in terms of error
signals of the nodes to which it directly connects and the weights of those connections.3
Therefore, the error signal is given by


δ i = F ' (hi )∑ δ k wki , where k is over all nodes in the layers above node i.
k

5. Experimental Tests
The main purpose of our experiment is to determine whether our proposed neural network
would be adaptable to a given set of training samples, and whether the recall-precision is
improved with the adapted weights. For this purpose, we use a collection of 196 documents
retrieved by the Google search engine [15] with the index terms, that are used to define the
concept Violent-act as represented in Fig 1, submitted as an OR query. In this collection, the
relevance feedback is given by having a graduate student look through each document and
decide whether or not it is relevant to the query concept. From the collection, we randomly
chose half of the documents (98 documents) to as the training sample set. The remaining half of
the documents (98 documents) was used as the testing sample set. We have conducted several
tests with different rule base trees. The results usually show similar performance. In this paper,
we report a test with the same weights in Fig 1 and value 0.7 as the desired output for relevant
documents and value 0.4 for irrelevant documents. With the training sample set, we repeatedly
perform the back-propagation while the error E is decreasing. Experimentally, the number of
epochs usually does not exceed 20. However, we find that the learning process is not stable in
some cases, specifically, in which the training sample set is not good and/or the initial weight
values are too small.
From this learning process, we can get the adjusted weights. Since we use the calculated
weights for the neural network as in equation (5), we need to convert them back to the weights
used in rule base trees. However, since there is no analytic way for the conversion, we compute
the weight under the following assumption. Let q1, q2,…, qn be the weights between input nodes
and output node in a rule base tree. The translated weight wi for the corresponding neural
network is given by equation (5). Let the adjusted weight of wi be wi′ , and the weight to be
adjusted from qi be ri. We assume that

q1p + q 2p + .... + q np = r1p + r2p + .... + rnp = C p , where C p is some constant.

(11)

Then, we can write as

wij =

q jp
Cp

and wij' =

Therefore, r jp = q jp

wij'
wij

r jp
Cp

.

.

After 8 epochs with p = 5, we can get the adjusted weights as in Fig 5. With the testing set (98
documents), we compute the recall-precision values with the original weights and the adjusted
3

For detailed information, see [ 6].
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weights, respectively. We also compute the recall-precision values using the original RUBRIC
approach. The result is shown in Table 2.
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Fig 5. Rule base tree with adjusted weights in Test 1.
Table 2. Recall-precision in Test 1
Precision
Before learning
After learning
RUBRIC
Neural Model
RUBRIC
Neural Model
0.1
0.7143
0.5000
0.6250
1.0000
0.2
0.6667
0.6667
0.6667
0.8333
0.3
0.5357
0.6818
0.6522
0.8333
0.4
0.5714
0.6667
0.6897
0.6061
0.5
0.5952
0.7143
0.7143
0.5682
0.6
0.5769
0.7317
0.7143
0.5769
0.7
0.6071
0.6538
0.5667
0.5965
0.8
0.5278
0.6333
0.5352
0.6230
0.9
0.5122
0.5250
0.5316
0.6000
1.0
0.4894
0.4792
0.4894
0.4894
Average improvement over RUBRIC
7.4%
16.1%

Recall

As shown in Table 2, the precision values are much better for our neural network model with
the adjusted weights.

6. Conclusions
From the experiments, we can reach the following conclusions.
(1) Multi-layered perceptron and back-propagation rule can be effectively used for adjusting the
rule weights for defining concepts.
(2) The adjusted rule weights usually show excellent recall-precision values in our neural
network model, but this is not the case in the original RUBRIC approach.
Our research can be extended in the following directions. We need more experimental tests
and need to find a way to adjust the rules that work universally. A way to perform further
experiments might be to change p value the in the p-norm based extended Boolean approach
and/or to find more relevant activation functions for the neural work. A more challenging
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problem is to develop mechanisms that allow to learn more appropriate structures of rules, not
just proper weights of the rules.
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