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Abstract. Q&A (Question and Answer) system is an important aiding tool for
people to obtain knowledge and information from the Internet. In this paper, we
introduce CBR (Case Based Reasoning) into traditional Q&A system to
increase the efficiency and accuracy of retrieving the solution. We put forward
an interactive and introspective Q&A engine which uses keywords of the
question to trigger the case and sorts the results by the relationship. The engine
can also modify the weights of the keywords dynamically based on the
feedbacks of the user. Inside the engine, we use a feature-weight maintenance
algorithm to increase the accuracy. We also extend the 2-layer architecture of
CBR to a 3-layer structure to make the system more scalable and maintainable.

1   Introduction

Question and Answer (Q&A) System is one of the most important components in E-
Learning environment which aims at answering the questions asked by the student
during their study processes. Accuracy and efficiency are the main two criteria used to
evaluate the Q&A systems. Many Q&A systems have already developed based on
email-solution, keyword-matching or word-segmentation techniques [12, 13, 14, 15].
With the growth of the number of users and questions, the process time of these
systems will become longer and the matching accuracy will become lower due to
different presentations of the question and variable interests of the user.

In order to overcome the above disadvantages, we introduce CBR (Case Based
Reasoning) into traditional Q&A system. CBR, representing a new generation of
expert system technology, has enjoy tremendous success as a technology for solving
problems related to knowledge reuse. In this paper, we put forward an interactive
Q&A engine based on CBR. This engine uses keywords of the question to trigger case
and sorts the results by the relationship and can modify the weights of the keywords
dynamically depending on the feedbacks from the user. We also present a new
feature-weight maintenance algorithm to increase the accuracy. At last we extend the
2-layer architecture of CBR to a 3-layer structure to make the system more scalable
and maintainable.

In next section we present the architecture of the introspective Q&A system based
on CBR technique. Section 3 introduces the Case Authoring Module in the
architecture and the construction of Case Base in details. We also discuss the
definition of question-answer case and the construction of 3-layer Case Base structure
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there. We still introduce the�related feature-weight maintenance algorithm. In Section
4 we discuss the experiment results for evaluating the performance of our system. We
give our conclusion in Section 5, where we will also explore our future work.

2   Architecture of the Auto Q&A System

Our Q&A system is based on the CBR technology. The whole system is divided into
two separate modules, with the first one called Case Authoring Module and the
second one introspective Q&A Engine.

The Case Authoring Module is to represent the unstructured field knowledge
structurally based on empirical expert knowledge and application background. All
these structural representations can be transferred into question-answer instances and
stored in the system case base. The introspective Q&A Engine is the kernel of our
system. It is triggered by the keywords or description of the problems and returns the
similar problems related to the description ranked by the score. So the user can select
the most similar problems and get the answer. Furthermore, the system provides a
feedback module to adjust the weights of keywords according to the user’s score. The
architecture of the Q&A system is shown as Figure 1:

Fig. 1. Architecture of the Q&A System

The system has been used in the professional e-learning site of Shanghai Jiao
Tong University (www.nec.sjtu.edu.cn). So all the questions, answers and the
relativity between them are accessed through the standard web interfaces. The users,
especially the students, produced a great number of questions and potential answers
during the learning process. All the questions and answers are assembled in log files.

http://www.nec,sjtu.edu.cn/
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So we can train the index architecture of the relationship between questions and
answers based on the log files. This process is running during the life cycle of the
system, which makes the Q&A system become a closed-loop system.

3   Case Authoring Module and Case Base Construction

3.1   Definition of the Question-Answer Case

The description and definition of case is the foundation of a CBR system, and
there isn’t a uniform standard for it so far since it has strong domain
characteristic [7, 8]. In the Case Authoring Module, we define our case-
description based on the e-Learning domain characteristics and organize the
unstructured domain knowledge in a structural way. The cases in the Q&A
system are the description of question and answer. The representation of a
case is as follows:

Keywords: short description of the case, which can be used in fuzzy string
matching with the user’s initial free-form text input.

Attributes:  the features that present the main content and characteristics of the
question.

Question Description: This is a more detailed textual description of the question’s
object or content used to confirm the general problem area.

Answer: The answer provides a solution to the case in either textual format or any
multimedia format.

Table 1 and Table 2 give an example of the case representation for the Q&A
system. The cases in Table 1 are fairly refined, down to the detailed features and their
values, while the cases in Table 2 have only two major parts: problem description and
answer.

Table 1. Case Representation with Detailed Features (Attributes are not shown due to lack of
space)

Type Keyword1 Keyword2 Answer

Concept & Difference Switcher Router
Describe the concepts and
difference of Switcher and
Router.

Table 2. Case Representation with Natural Language Description

No. Problem Description Answer

1 What’s the difference between the
Switcher and Router?

The function of switcher is quite
different from the router ……
(Just present the difference between
them)

2 What are the concepts of Switcher and
Router?

Switcher is the ……
Router is the ……
(Just list the concepts of them)
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3.2   The 3-Layer Architecture of the Question-Answer Case Base

After the description of the case has been defined, the next essential task is to
construct the case base and feature index. Each case is associated with a set of
feature-value pairs. These pairs are combinations of important descriptors of a case,
which distinguish it from other cases. So a case base could naturally be viewed as 2-
layer architecture comprised of the feature-value layer and case layer. Using the
weights assigned to the connections between the feature-value pairs and the case, a
CBR system determines the most relevant cases ranked by the feature information
submitted by the user and then returned the results to the user for considerations.

However, in practical implementations we find that the definition of the 2-Layer
structure sometimes does not work well since when the number of cases becomes too
large the efficiency and scalability of the system will decrease dramatically. So we
expand the 2-layer architecture into a 3-layer by dividing the case layer into question
layer and answer layer. Additionally, we introduce a second set of weights, which
attaches to the connections between questions and their possible answers. This second
set of weights represents how important an answer is to a particular question.

In order to describe the situation of user’s query, we extend the traditional 2-level
case base architecture into a 3-level network structure and take the 2-layer structure as
a special case. Consider each case as presented as a triple <F, P, S>, where F
corresponds to the feature values, P are the problem description and S are the answers.
We can split this representation into three levels: a feature level corresponding to
feature values F, a problem description level corresponding to P and an answer level
corresponding to S. With this model, when a user enters the feature-values at the first
level, the system ranks problem descriptions for users’ consideration at the middle
layer. The user then selects one intended problem description and the system provide
the possible answers which is also ranked according to the second set of weights. New
system architecture is shown in Figure 2.

An important motivation for this separation in a case is to reduce the redundancy.
Given N cases and M solutions, a case base of size N × M is now reduced to the one
of size N + M, which eases the scale-up problem and helps make the case base
maintenance task easier. A solution can now be shared by several cases and will only
need to be revised once if needed.

Fig. 2. Tree-layer Architecture of a Question-Answer Case Base
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4   The Rank Computation and Maintenance Algorithm

There are two sets of weights, which is similar to the weights in a 3-layer back-
propagation neural network. Suppose that there are N features. For each feature Fi,
there are mi values, where i=1, 2… N. The case base contains J problems and K

answers. For the architecture shown in Figure 2, there is a total of I= ∑ =

N

i im
1

feature-value pairs, that is to say, there are I nodes in the feature-value layer. We label
these feature-value pairs as FVi i=1,2,…,I. In the problem layer, we use Pj to
represent each problem, where j=1,2,..,J. In the answer layer, we use Sk to represent
each answer, where k=1,2,…,K.

The first set of weights Vj,i is attached to the connection between a problem Pj and
a feature-value pair FVi if there is an association between them. The second set of
weights Wk,j is attached to the connection between a answer Sk and a problem Pj if Sk

is an answer to Pj.
Given the feature-value pairs selected by a user, the corresponding nodes at the

feature-value layer are turned on. A problem’s score is computed base on those
selected feature-value pairs. For each problem Pj, its score is computed using the
following formula:
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where Jj ,,2,1 �= , SPj is the score of the problem Pj, and Xi is 1 if there is a

connection between problem Pj and feature-value pair FVi , then FVi is selected.
Otherwise Xi is 0.

After the problem scores are computed, the problems and their scores will be
presented to the user for selection and confirmation. For the current selected
confirmed problem, the computation of an answer’s score is also similar to the
computation of an output in a back-propagation neural network:
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where SSk is the score of answer Sk, and SPj is the score of problem Pj. If there is no
connection between answer Sk and Pj, then we do not include it in

∑ =
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Since the user should first decide which problem at the problem layer is the most
desired one based on his or her current preference and this information needs to be
reflected in the subsequent computation of the solution score, we introduce a new
parameter α into our learning network and call it the bias factor. We expected the
selected problem to have a higher bias factor than the unselected ones so as to
contribute more in the final answer scores. Thus the answers of the selected problems
might have relatively higher scores.



The Application of Case Based Reasoning on Q&A System         709

The computation of the learning delta value is first done at the answer layer [16,
17]. We only compute the delta values for the answers associated with the current
selected and confirmed problem. The following formula is employed:
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(3)

where δSk is the learning delta value for answer Sk, and DSk is the desired score for Sk.
The learning delta values are then propagated back to the problem layer. The

computation of the delta value at this layer is done using the following formula:
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where δpj is the learning delta value of problem Pj. If there is no connection between

answer Sk and problem Pj, we do not include it in ∑
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After computing SPj SSk δPj δSk, we need to adjust the weights of the
connections between the answer layer and the problem layer, and then connections
between the problem layer and the feature-value pair layer. We will adjust the weights
attached to the answers which are associated with the current selected and confirmed
problem. The formula for this adjustment is:
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where Wk,j
new is the old  weight to be computed, and Wk,j

old is the new weight attached
to the connection between answer Sk and Pj.
    The weights attached to connections between the problems and the feature-value
pairs will be adjusted next using the learning delta values as follows:
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where Vj,i
new is the new weight to be computed, Vj,i

old is the old weight attached to the
connection between problem Pj and feature-value pair FVi. Xi is 1 if there is a
connection between them and FVi is selected by the user. Otherwise Xi is 0.

In addition to scaling-up and redundancy advantages, an added advantage of this
architecture is that we can now represent a context sensitive case base. In this way, the
second layer, which consists of problem descriptions, can be used to represent both
the problem and the context layers, the latter representing different contexts in which
problems occur. Under such conceptual representation, the third layer now contains
the actual cases. A user can enter a problem’s description in the form of feature value
pairs and then select the desired context in which to solve the problem. The second set
weights in turn can help rank the right case for solving the problem. A set of features
can simultaneously influence the contexts and the cases at the same time.
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5   Case Study and Experiment

We have implemented the introspective Q&A system based on our professional
distance learning web sites. Figure 3 to Figure 5 show an example of the process to
solve a problem (since it is a system for Chinese users, so even the English version
still has some Chinese information). As can be seen in Figure 3, user can first enter a
problem description to identify the context under which the problem is solved. User
can describe the problem with any natural description language as he wishes.

Fig. 3. Question Submission in Q&A System

After submitting the question, a collection of initial cases which match the partial
description are retrieved and returned to the user. These cases serve as the candidate
answers for subsequent problem solving. Questions that are associated with the
candidate cases are then presented to the user (as shown in Figure 4).

The system will return the questions ranked by the average score. Then user can
select any similar question to see the answer. If they think the ranking and the score of
the question is not fit for him, he can adjust the score in the answer showing column.
And the system will then adjust the corresponding weights based on the score given
by the user and use the new weights to calculate score next time (As shown in Figure
5).

In order to evaluate the efficiency and validity of our algorithm, we give the test
results based on the Network Course database from the NEC Question/Answer
Repository. The Network Course database contains 300 instances and 28 attributes.
We divide the main case base into several incremental sub-case base, containing 50,
100, 150, 200, 250 instances respectively.

In our experiment, we first convert these databases into the case bases that our
algorithm can handle by converting all rows into cases and all columns into features
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Fig. 4. The Returned Similar Question Lists Ranked by Average Scores

In these tests, the score of a case or an answer is between 0.0 and 1.0; meanwhile,
suppose the initial values of the weight are 0.5.

Based on the 3-layer architecture, we perform ten training based on the sub-case
bases. Finally, we can get the mean-errors convergence plot (As shown in Figure 6).

Fig. 5. The Adjusted Question List Based On the Learning Network
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Fig. 6. Plot of the mean errors convergence and 95% confidence interval along the CBR
process

In this figure, the 95% confidence interval is also shown on each datum point, where
the size of the interval indicates the fluctuation around the mean values, and the
average processing time is approximately 1.8 seconds.

6   Conclusion and Future Work

Our work aims at achieving the goal of implementing a Question and Answer system
with high efficiency and accuracy to help the users in E-Learning get the professional
direction in time. The 3-layer Q&A system based on Case Based Reasoning technique
can improve the scaling-up and redundancy of the Q&A system. Furthermore, the
context sensitive case base due to the 3-layer architecture can also make the ranking
more accuracy. The test based on the real professional site database also proves the
performance of our algorithm.

The system has a number of areas to be improved. With the continual growth of
the user and the expert fields, the number of cases may become very large, and as a
result, the problem will become more complex and the number of returned similar
cases will become extra large. In our future work, we will try to find an effective
cluster method to merge the similar cases together. And find a way to reduce the
number of returned similar cases.
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