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Abstract

Learning is an intrinsic product of case-based reasoning. Acquiring new cases is one possible way of learning in a
case-based system. These cases comprise mainly success knowledge. The successful cases are essentially used to gen-
erate new design solutions. But a case-based system also can make use of failure knowledge. In this paper we present
how a case-based system can acquire failure cases for verification of the solution created by success cases. We describe
IM-RECIDE, a system that uses case-based reasoning for solving design problems that are imperfectly described and
explained. The learning aspect is focused and some of the machine learning dimensions in design are criticized. Ex-
perimental results in the domain of room configuration also are presented.

Keywords: Case-based Reasoning; Design; Failure Knowledge; Learning

1. INTRODUCTION

Design is a cognitive task in which a structure is generated
to comply with a set of constraints and functional require-
ments (Tong & Sriram, 1992). Design can be further di-
vided in routine and nonroutine designs (Gero, 1994). The
term routine designis used when the designer knows all of
the necessary knowledge. Routine design involves the gen-
eration of instances of well-known design classes.Nonrou-
tine designis divided in two subclasses: innovative and
creative design. In innovative design, the space of possible
designs is extended. This occurs when a new artifact differs
from the instances of the same class in some substantive
way. This difference can be in terms of particular value(s)
assigned to the design variables that are not commonly used.
Creative design expands the space of possible designs
through the use of new design variables.

In solving design problems, designers make use of old so-
lutions.While in routinedesignoldsolutionsareappliednearly
unchanged, nonroutine design uses old designs in novel ways.
The reuse of designs in nonroutine design involves struc-
tural and behavioral modifications to the old cases.

Case-based reasoning (CBR) uses old solutions to solve
new problems (Kolodner, 1993; Maher et al., 1995). This
paradigm of artificial intelligence is the basis of various cre-
ative design systems (Kolodner & Wills, 1993; Gomes
et al., 1996). In a CBR system, learning is a crucial aspect,
especially if the domain of application is not well defined
and there are no strong domain models. This is the case of
creative design, the domain of application of IM-RECIDE,1

a case-based reasoning shell.
There are various types of knowledge that a CBR system

can learn. The most usual one is success knowledge in the
form of cases. However, this type of knowledge is mainly
for the generation of new designs. An important ability of a
system that generates new knowledge is the verification of
the generated knowledge. IM-RECIDE solves this problem
by learning failure cases (Hammond, 1986) that can be used
as constraints. These cases allow the validation and evalu-
ation of created designs. Successful cases also are learned
by the system, but these are used for the generation of new
knowledge. Both types of cases are important in the im-
provement of the system performance. They are also impor-
tant in creative design, because while the success cases
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provide new knowledge to generate new solutions, failure
cases provide the means to restrict the bizarre solutions cre-
ated by the system, keeping the new solutions within ac-
ceptable boundaries.

The IM-RECIDE system, which is a case-based system
that implements our model of creative design, is presented
in Section 2. The system is described with the focus on case
representation, reasoning cycle, case retrieval, and solution
generation. Section 3 explains the role of failure cases in
IM-RECIDE. Section 4 describes the learning process, show-
ing how success and failure cases are learned. The evalua-
tion of the influence of the learning of failure cases is
reported in Section 5. This section shows experimental re-
sults in the room configuration domain and analyzes them.
In Section 6, our work is classified along the proposed di-
mensions of machine learning in design. Finally, Section 7
contains some final remarks about the importance of learn-
ing failure cases in IM-RECIDE.

2. IM-RECIDE

This section describes IM-RECIDE and its architecture. We
first describe the reasoning cycle of IM-RECIDE. Because
the case representation determines to a great extent the ca-
pabilities of the entire system (Maher et al., 1995), the case
representation used is also presented. Understanding the case
representation allows a better understanding of what might
be learned by the system. However, a CBR system also de-
pends on the recall and reuse of old experiences. We also
describe these two important parts of IM-RECIDE in this
section.

2.1. Reasoning cycle

The reasoning cycle comprises several steps: problem def-
inition, initialization, problem solving, verification, and eval-
uation (see Figure 1).

The first step comprises problem specification, where the
user states a new problem in terms of goals and constraints.
In the initialization phase, the system clusters cases in dif-
ferent sets, each one called areasoning space. These spaces
allow gradual exploration of the case library, enabling the
system to generate new designs.

In the problem-solving phase, reasoning operators are ap-
plied to old solutions for the generation of new ones. If no

solution is generated within a specific space, the system
switches to the next space from the list that was created dur-
ing the initialization phase. When a solution cannot be gen-
erated, and there are no more spaces to search for, the user
is asked to give a solution for the problem.

After a solution has been generated, it has to be verified
and evaluated. In a first step, it is validated internally by
failure cases (verification). Failure cases represent con-
straints in the generation of new solutions. If a failure case
is triggered by the new solution, then the solution is re-
jected. If a solution passes the internal validation, the user
is asked to accept or reject the new case. If she/he rejects
the new solution, the user is asked to explain this rejection
in terms of failure cases. After this, the process returns to
the problem-solving step. This last phase is calledevalua-
tion, because the user has to make a decision about the cre-
ativity and validity of the case. Although the creativity
evaluation is not learned by the system, the validation of a
case is learned through the storage of new failure cases pro-
vided by the user.

2.2. Case representation

Within IM-RECIDE a case is represented by a tripleKP, S, RL
with P and S, respectively, a set of facts representing the
problem and solution descriptions, andR a set of rules rep-
resenting a causal justification (for a more detailed descrip-
tion, see Bento et al., 1995). A fact is composed by functor
andn arguments, withn equal to or greater than zero. The
justification is a causal tree, which links problem facts to
solution facts through rules.

The case library also comprises failure cases. Failure cases
represent design constraints. There are two kinds of failure
cases: unsplitable and unmergeable. The syntax for failure
cases is the same as the one used for successful cases, with
the exception that at the present moment we do not consider
the set of causal justifications~R! in them. A more detailed
description of the failure cases is given in Section 3.

2.3. Case retrieval

For case retrieval, we consider four spaces of knowledge:
Space I, Space II, Space III, and Space IV. Each space com-
prises the cases possessing a set of common properties con-
cerning the target problem. Each space forms a cluster in

Fig. 1. The principle reasoning steps of IM-RECIDE.
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the case library. Each space is defined in terms of the char-
acteristics that the cases within this space share with the
target problem. Creativity can be seen as a result of reason-
ing on spaces of cases increasingly further away from the
target problem. As the system goes from Space I to Space
IV, it drifts away from the problem, trying to find nontrivial
solutions to the problem. The retrieval process starts with
the cases in Space I, going from space to space until it reaches
Space IV.

Space I comprises the cases for which all functor/argument
pairs belonging to the problem description match the new
problem. As an example, consider the case library repre-
sented in Figure 2 and the target problem described by the
set of functor/argument pairs [a(1), b(1), c(2)]. Case (a) is
the single case in Space I because it is the only case in which
facts describing the problem are the ones in the new prob-
lem. Space I is the space that is normally associated with
the current problem. Most of the current CBR systems use
cases from this space.

Cases for which all functors describing the problem com-
ponent match the new problem belong to Space II. The cases
from Figure 2, which are in this space, are cases (a) and (e).
In these cases, the functors in the problem description are
the same functors that describe the new problem. This space
is related to problems that are similar to the target problem.
This space often is called theinnovation space, where para-
metric adaptations are usually done, sometimes resulting in
using a novel value for a well-known functor.

Space III contains the cases that have explanation rules
with all of the functor/arguments pairs matching the target
problem. In the example of Figure 2, space III comprises
cases (a), (b), and (d). In case (a), the case pieces compris-
ing explanations [a(1)∧ b(1) n x] and [c(2)n y] are the
ones responsible for considering this case. The case piece

in case (b) responsible for its inclusion in Space III is
[a(1) ∧ b(1) n w]. Case (d) is also in Space III due to case
piece [b(1)n r]. Space III is defined by using causal knowl-
edge, which makes similarities between the cases and the
target problem more abstract, but also more important. This
space usually is associated with creative solutions, but also
with bizarre ones.

Space IV gathers all of the cases that contain at least one
explanation rule with at least one functor/arguments pair
matching the target problem. The cases from Figure 2, which
are included in Space IV, are (a), (b), (d), and (e). As an
example, case (e) is included because its case piece [a(1)∧
b(3) ∧ c(2) n t] shares a(1) and c(2) pairs with the new
problem. This means that there is a chance that factt in case
(e) also belongs to the solution for the new problem. Space
IV is like a speculation space, where cases have remote sim-
ilarities with the target problem, because the problem con-
straints were relaxed. This relaxation allows the system to
explore cases considered distant from the target problem.
Once again, the knowledge used to do this is the causal
knowledge comprised in the explanations.

In the next subsection we describe the adaptation mech-
anisms used in each space. These adaptation mechanisms
are used for case modification to solve the target problem.

2.4. Solution generation

This section describes the adaptation mechanisms, called
adaptation operators, used in IM-RECIDE. These opera-
tors modify cases in the current space to solve the new prob-
lem (see Figure 3). The cases that are used for generation of
the new case are called thesource cases. A metric is used
for selection of the cases for adaptation (Bento & Costa,

Fig. 2. Example cases of IM-RECIDE.
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1994). These cases are selected from the set of cases in the
current working space.

Each space possesses a set of predefined adaptation op-
erators. These operators are used according to the type of
cases that the space comprises. The operators in Space IV
are more powerful than the operators in Space I. This is an
obvious situation, because cases in Space IV have less sim-
ilarities with the problem. To reach a valid solution, more
difficult adaptation operations must be done. Associated
with the operator capabilities is the complexity of the com-
putational process originated by each operator, the cogni-
tive risks involved, and the probability of generating a more
creative solution.

A solution of one case belonging to Space I does not need
to be modified to become a solution to the target problem.
Therefore, a metric is used for selection of the best case,
and its solution is the one for the target problem. Consider-
ing again the example in Figure 2, the solution@x,y# for case
(a) is the solution for the new problem [a(1), b(1), c(2)].

Cases in Space II have only some different values regard-
ing the problem description. To meet the target problem re-
quirements, it is necessary to modify the old case solution.
In Figure 2, one possible solution for the target problem in
Space II is@z, t'#, with t' being a modified factt. This solu-
tion is derived from case (e) by the propagation of the dif-
ferences in the old problem to the old solution. The causal
knowledge is used to guide the propagation process. The
selected case is chosen by using a metric function, which
measures the similarity of cases against the target problem.

Space III generates new solutions by splitting and merg-
ing the case pieces. IM-RECIDE starts selecting the most sim-
ilar case from the set of episodes comprising Space III. Then
it splits the case into pieces, selecting the pieces that match
part of the target problem. These pieces then are merged to
form a new case. If the problem description in the new case
has some missing parts in regard to the target problem, then
other cases are selected to contribute with case pieces to com-
plete the new case. Pieces from these cases that are relevant
for the new case are merged to the new case. Splitting and
merging in Space III is used to generate solution@w,y# for the
target problem in Figure 2. Cases (a) and (b) contribute to this
solution. Case (a) uses the piece [c(2)ny], while case (b) con-
tributes piece [a(1)∧ b(1)n 1 w]. This is an alternative so-
lution that results fromtheexplorationof thepossiblesolutions
in this space; others also could have been shown. Case (b) is

first selected and split into three pieces. Only the piece con-
taining the explanation is used. Then IM-RECIDE looks for
cases with the fact c(2) and selects case (a), splitting the case
into two pieces and selecting the one with fact c(2).

In Space IV there are several adaptation operators, and
they can be applied in sequence. Splitting and merging is
one of the operators within this set. The other operators are
elaboration, reformulation, substitution, and generaliza-
tion. Elaboration comprises relaxing and/or strengthening
the constraints described in a case problem, to match the
target problem description. The case solution is suggested
as the new solution. Reformulation involves changing the
new problem description according to constraints imposed
by the failure cases. Substitution comprises replacing a
functor/argument pair in the past case to make it similar to
the new problem. The solution that results from this substi-
tution is given as the one for the new problem. Generaliza-
tion involves considering values initially not considered in
the problem description of a past case, and assuming that
the case solution remains unchanged. Four possible solu-
tions were created in Space IV:@r,v#, @z, t#, @w,v#, and@w, t#.
Substitution was used on case (d) to generate solution@r,v#.
Generalization was applied to case (e) to create solution@z, t#.
Generation of solutions@w,v# and@w, t# involved a more com-
plex process, in which more than one operator was used.
Solution @w,v# was created first by splitting and merging
cases (b) and (d) and then relaxing some constraints by elab-
oration of the new case. The solution@w, t# was generated
by splitting and merging cases (b) and (e) and then using
generalization in the new case.

After a solution is created, it is verified by the failure cases.
If the solution matches one failure case (see the next sec-
tion for a detailed description), then it is rejected. Only so-
lutions that the system assumes to be correct, by its current
knowledge, are shown to the user.

3. USING FAILURE CASES

The failure cases are used during the verification process.
IM-RECIDE proposes new cases to the verification mod-
ule, and this module tries to recall relevant failure cases.
The recalled cases are checked to see if they are violated by
the proposed new cases. If any of the new cases violate a
failure case, then they are automatically excluded from the
set of new cases that will be presented to the user as a new
solution. In the remainder of this section we will explain
how a failure case can be violated by a new case.

As stated before, failure episodes can be unsplitable or
unmergeable cases. Three different subtypes of failure cases
are considered:

1. Failure cases comprising only the problem descrip-
tion ~P Þ B; S5 B!.

2. Failure cases comprising only the solution description
~P 5 B; SÞ B!.

Fig. 3. Inputs and outputs of an adaptation operator.
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3. Failure cases comprising both descriptions~P Þ B;
SÞ B!.

We now explain how cases can be interpreted depending on
their type.

3.1. Unsplitable cases

Suppose that a generated new case containsP' as its prob-
lem description andS' as its solution description, and the
unsplitable case that is being matched up against the new
case hasP andS as problem and solution descriptions, re-
spectively. Then in a situation like case (1), if a fact belong-
ing to P' also belongs toP, then all of the other facts inP
must be inP'. In a situation like the one in case (2), if a fact
belonging toS' also belongs toS, then all of the other facts
in Smust be inS'. In a situation like the one in case (3), if
P' comprisesP, thenS' must compriseS.

For example, suppose that the description of the new case
is P' 5 ~a, b, d! andS' 5 ~1,2,3!, andP andSare defined
by Figure 4. Case (1) would be violated by the new case
because factsa andb are present inP' and factc does not
belong toP'. Case (2) is not violated because facts 1 and 2
are both present inS'. Case (3) is not violated becauseP' is
different fromP. In conclusion, the facts of an unsplitable
case must all appear together.

3.2. Unmergeable cases

Suppose that a new case comprisesP' as its problem de-
scription andS' as its solution description, and the unmer-
geable case that is being matched up against the new case
hasP andS as problem and solution descriptions, respec-
tively. Then in the situation considered in case (1),P' can-
not compriseP. In a situation like in case (2),S' cannot
compriseS. In case (3), ifP' comprisesP, thenS' must not
compriseS.

For example, suppose that the description of the new case
is P' 5 ~a,b,c,d! and S' 5 ~1,2,3!, and thatP and S are
defined by the failure cases in Figure 4. Case (1) is violated
by the new case, because factsa, b, andc are present inP'.
Case (2) is violated because facts 1 and 2 are both present
in S'. Case (3) is violated becausea, b, andc belong toP'

and 1 and 2 both belong toS'. In conclusion, the facts of an
unmergeable case may not appear together.

4. LEARNING SUCCESS AND FAILURE CASES

IM-RECIDE learns new knowledge by storing new success
and failure cases. There are two ways to acquire a new case.
The first one occurs when a new case is generated by the
system and is considered to be quite different from the cases
already in the library. In this situation, the new case also is
stored in the case library. Another situation is when the user
provides a solution to a problem that the system tried to
solve but was not able to come up with a solution that pleased
the user. Although new cases can be learned in the above
two ways, failure cases can only be acquired from the user.

The criteria for storing a new success case is to store epi-
sodes created by the splitting and merging operator, or by
the reformulation operator. These two operators are the most
powerful ones in IM-RECIDE, and, as a consequence, they
produce cases that are different from the cases in the li-
brary. If all of the cases were stored in the library, it would
degrade its performance because it would comprise many
similar or equal cases. Thus, by considering the operators
that make cases different from the ones in the library, the
space of possible solutions covered by the library cases is
increased.

Two different situations can arise when a case (success-
ful or failure) is acquired by the system. One is when the
system presents a new solution and it is not accepted. If this
happens, the user can explain to the system why the solu-
tion is not accepted. The user can do this by giving to IM-
RECIDE new failure cases covering the situations that were
violated by the new solution. This is a kind of failure-
driven learning, because it was the failure situation that trig-
gered it. The second situation is where the system cannot
create a solution. If this happens, it will ask the user for a
solution. This can be interpreted as a normal learning phase,
which is necessary to all systems that learn from experience.

5. EVALUATION

Our application of IM-RECIDE is for the placement of equip-
ment and furniture in a room. A problem comprises: a set of
equipment to place in a room; the location of windows and
doors; room functionalities; and room type.

A solution describes the objects and their locations in a
room to fulfill the problem specifications. For simplicity of
the example, below we consider a square room with a win-
dow and a door (see Figure 5a). A room comprises nine re-

Fig. 4. Examples of failure cases.
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gions, as represented in Figure 5a. The room is oriented
north. Walls are named as east wall, west wall, north wall,
and south wall. To specify positions within a wall, we have
three wall regions: left, middle, and right. Figure 5b repre-
sents the case in Figure 5a.

The influence of the failure cases in the learning process
was studied with an experience that compared four differ-
ent runs of the system. Each run started with no cases in the
library. Then, in each iteration a successful case is pro-
vided, and if the solutions presented are invalid, new failure
cases are provided to the system. In one run only successful
cases are provided, another with successful and unsplitable
cases, the third with successful and unmergeable cases, and
the last with successful, unsplitable and unmergeable cases.

A run comprises several iterations, and in each iteration a
problem was proposed to IM-RECIDE. After the problem
specification, the system gave a set of solutions, and they
were classified as right and wrong solutions. At the end of
each iteration a successful case was given, and failure cases
were provided if necessary to keep the system from making
the same mistakes.

Figure 6 shows the number of solutions considered wrong
in each iteration using the four different runs. These results
show that the unsplitable cases drastically decrease the num-
ber of solutions considered wrong. Therefore, failure cases
are necessary to filter the solutions that are presented to the
user. The unmergeable cases did not have much influence
on the results; this is probably due to the type of domain.

Fig. 5. Graphic representation of room and IM-
RECIDE representation.

Fig. 6. Graph presenting the number of wrong solutions presented to the user.
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Figure 7 presents the cumulative number of wrong solu-
tions presented to the user. As expected, the unsplitable cases
greatly reduce the number of wrong solutions presented to
the user, from 60 wrong solutions in the unmergeable run to
8 and 7 wrong solutions in the unsplitable and all cases run,
respectively.

Figure 8 and Figure 9 present a quality measure for the
presented solutions based on the difference between the num-
ber of right and wrong solutions given to the user. Figure 8
presents this measure in each iteration, while Figure 9
presents the results in accumulation. In Figure 8 we can see
that, after iteration 23, the system’s results decay, except in
the runs that consider unsplitable cases.

6. DIMENSIONS OF MACHINE LEARNING
IN DESIGN

In this section our work is classified into seven different
dimensions of machine learning in design:

1. What can trigger learning?

2. What are the elements supporting learning?

3. What might be learned?

4. Availability of knowledge for learning.

5. Methods of learning.

6. Local versus global learning.

7. Consequences of learning.

Fig. 7. Cumulative number of wrong solutions presented to the user.

Fig. 8. Graph showing the differences between right and wrong solutions.
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Thereare threedifferent learningsituations in IM-RECIDE.
The first one happens when a new case is stored in the case
library.Thesecondoccurswhen theuserprovides failurecases
to the system in the sequence of rejection of solutions.The last
one happens when the system cannot give a solution(s) to the
new problem and the user is asked to give a new one.

6.1. What can trigger learning?

The first learning situation in IM-RECIDE occurs when a
new case is generated by the system using operations that
are capable of creating new knowledge. In these circum-
stances, the system extends the case library. This leads to an
improvement in the system performance because time is
spared in solving similar problems.

The second situation that can occur is when a new solu-
tion is presented to the user and failures are detected in it.
This triggers the learning of failure cases. This type of knowl-
edge disables making the same mistake again. In this situ-
ation, the important aspect is the teamwork developed by
the system and the user. The user acts as a teacher, giving
guidelines to its student (IM-RECIDE).

The final situation, which is when the user provides a so-
lution to the problem, is similar to the previous one. In both
situations, learning is triggered by failure in solving a prob-
lem. The difference resides in the failure situation. While in
the previous situation the failure was in the form of an in-
correct solution generated by the system, in this situation
the failure occurs when the system is not able to come up
with more solutions and thus must ask the user for a solution.

6.2. What are the elements supporting learning?

One element that supports learning in IM-RECIDE is the
critique drawn by the user. The user’s task is not only to
give new problems to the system and wait for the solutions,

but also to warn the system when a mistake has been per-
formed. Another supporting element is the type of opera-
tions used for generating a new design. This constrains which
new solutions can be learned by the system, because not all
of the new knowledge (cases) is worth storing in the case
library.

6.3. What might be learned?

Two different things are learned by IM-RECIDE. New cases
can be stored in the case library, extending the range of prob-
lems that the system can solve. This knowledge is used for
the generation of new designs, but the learning of failure
cases is also allowed. The failure cases represent con-
straints to the solutions generated by the system.

6.4. Availability of knowledge for learning

There are two different sources of new knowledge. One is
the user, which is the best one, but may not be available.
The other is the system itself, by the generation of new cases.
These new cases are created due to the interaction of the
reasoning operators and the case library. Because the user is
also constantly learning, the information provided by the
user is not stable. One consequence of this instability of in-
formation is the possibility of having two contradictory cases
in the case library. On one occasion one case was provided
to the system, a case that later was proven to be wrong. An-
other aspect of the knowledge available for learning is
whether it is full or partial. Because case-based learning deals
with specific knowledge, most of the time this knowledge
is partial and incomplete.

6.5. Methods of learning

The method used for learning is case-based learning and
storage of new knowledge directly from the user. Both meth-
ods are very simple and provide good-quality knowledge.

Fig. 9. Graph showing the cumulative differences between right and wrong solutions.
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6.6. Localversusglobal learning

IM-RECIDE was developed to help the designer. It acts like
a personal assistant, learning the designer’s preferences and
solutions. Local versus global learning can be analyzed from
a different perspective. The knowledge learned by the sys-
tem can be specific, like the cases stored in the case library,
or general, like the failure cases that can represent constraints.

6.7. Consequences of learning

Bearing in mind the three learning situations that occur in
IM-RECIDE, it can be said that in the first one the conse-
quence of learning is an improvement in performance. The
time used to solve similar problems is less than the time
used to solve the problem for the first time.

In the second learning situation, the consequence is the
diminishing of the number of wrong solutions, thus improv-
ing the quality of the solutions presented to the user. A side
effect of this situation is an increase in the verification time,
because more failure cases need to be matched.

The last learning situation improves the system’s perfor-
mance in terms of quality of solutions and the range of prob-
lems that can be solved by the system.

7. FINAL REMARKS

In our system, both failure and success trigger learning: fail-
ure when the system is not able to find a solution, and suc-
cess when IM-RECIDE successfully solves a problem. The
learning process is supported by the feedback after having
completed the design task. Three types of cases can be
learned: success, unsplitable, and unmergeable cases. The
success cases represent knowledge that will be used for the
generation of new designs. Unsplitable and unmergeable
cases represent constraints to the new solutions created by
IM-RECIDE. The system acquires these new cases through
interaction with the user. The types of learned cases influ-
ence the system in solving new design problems. However,
they also give the system more knowledge, allowing IM-
RECIDE to produce more alternative solutions. The failure
cases act as validation knowledge, verifying the solutions
generated by IM-RECIDE, and improving the overall qual-
ity of the design solutions presented to the user.

One limitation of our system is that failure cases are
closely related to the splitting and merging operator; in this
sense, there are failure situations that are not covered by the
cases we used. There are other types of failure cases that we
can explore in the future. The case representation knowl-
edge is not being used at its full potential, because we are
not considering failure cases with explanations. Experi-
ments are being done with evaluation functions to classify
the creativity of new solutions.
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