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Abstract

Conceptual analogy (CA) is an approach that inte-
grates conceptualization, i.e., memory organization
based on prior experiences and analogical reasoning
(B6rner 1994a). It was implemented prototypically
and tested to support the design process in building
engineering (BBrner and Janetzko 1995, B6rner 1995).
There are a number of features that distinguish CA
from standard approaches to CBR and AR. First of
all, CA automatically extracts the knowledge needed
to support design tasks (i.e., complex case represen-
tations, the relevance of object features and relations,
and proper adaptations) from attribute-value repre-
sentations of prior layouts. Secondly, it effectively de-
termines the similarity of complex case representations
in terms of adaptability. Thirdly, implemented and in-
tegrated into a highly interactive and adaptive system
architecture it allows for incremental knowledge acqui-
sition and user support. This paper surveys the basic
assumptions and the psychological results which influ-
enced the development of CA. It sketches the knowl-
edge representation formalisms employed and charac-
terizes the sub-processes needed to integrate memory
organization and analogical reasoning.

Introduction

Building engineering is one of the keystones to eco-
nomic competitiveness. As a consequence, computa~
tional models for design are important research topics.
Case-based design (CBD) has been suggested as an ap-
propriate problem solving method (Goel 1989, Kolod-
net 1993, Domeshek and Kolodner 1992, Hua and
Faltings 1993). Prior CAD layouts are retrieved and
adapted to solve actual design problems. Due to the
characteristics of the domain several problems arise.
First of all, graphical user interaction has been iden-
tified as a desirable feature of design support systems
(Pearce, Goel, Kolodner, Zimring, Sentosa and Billing-
ton 1992). This restricts the input and output of CBD
systems to CAD layouts, i.e., to sets of designed objects
each represented by its attribute values. The retrieval
and adaptation of cases (CAD layouts), however, re-
quire the consideration of not only of the geometric
attribute values of designed objects, but most of all of

the topological relations among objects. Complex case
representations are needed to represent cases in terms
of their topology. Likewise, a new problem is repre-
sented by the attribute values of a set of graphically
selected objects. These "raw data" have to be refor-
mulated in topological terms to make them compara-
ble to past experience. The complex case representa-
tions increase the computational expense in retriev-
ing, matching, and adapting cases. However, short
response times are crucial for the acceptance and us-
age of CBD systems. Efficient memory organization
directly tailored to analogical reasoning becomes essen-
tial. Another problem concerns the additional knowl-
edge needed for design support. Architects are not
able to give any definition of what it means for lay-
outs to be similar. Hardly any information about the
relevance of single attributes or objects is available.
The adaptation of prior layouts mainly corresponds to
adding, eliminating, or substituting objects and their
relations. Because of the variety and the possible com-
binations of these modifications, adaptation knowledge
is hard to acquire by hand. As far as we know there is
no approach available which automatically extracts the
knowledge needed for CBD (i.e., complex case represen-
tations, the relevance of object features and relations,
and proper adaptations) from attribute-value represen-
tations of prior layouts. This paper argues for con-
ceptual analogy, an approach that uses huge amounts
of prior layouts to extract the knowledge needed to
support innovative design tasks. The approach pro-
vides automatic memory organization directly tailored
to analogical reasoning thus enabling computationally
effective structural retrieval of adaptable layouts.

The paper is organized as follows. Section 2 starts
out by introducing the basic functionality CA wants
to model. It motivates the need for an integration of
conceptualization and analogical reasoning as well as
the grounding of both processes. Our view on memory
structure and their derivation during conceptualization
is introduced in section 4. Section 5 provides the notion
of similarity and applies it to exploit memory struc-
tures for analogical reasoning. The paper concludes
with a discussion of conceptual analogy.
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Outline of the Approach

This section introduces and exemplifies the desired
functionality of conceptual analogy. It promotes the in-
tegration of conceptualization and analogical reasoning
as well as the grounding of both processes on concrete
experience.

Functionality

The development of CA was motivated by the desire
to support the design of complex installation infras-
tructures for industrial buildings. The main problem
in this area is how to layout subsystems for supply
air, return air, electrical circuits, computer networks,
phone cables etc. Such a design involves thousands of
often incompatible objects in different stages of elab-
oration, at different levels of abstraction, planned at
different places and by different engineers. Due to its
complexity, there is hardly any operational information
available on how to support design steps. Architects
frequently use prior CAD layouts to inspire and guide
their work. This points to case-based reasoning (CBrt)
(Kolodner 1993, Aamodt and Plaza 1994) as the pre-
dominant problem solving method.

A typical subtask occurring in building engineering
is ttle design of interconnections between accesses and
outlets. Fig. 1 (left) depicts a collection of accesses
(represented by small squares) and one outlet (indi-
cated by a larger square). Different tasks (e.g., the
connection of supply air, return air, or electricity ac-
cesses) require different connection patterns. Return
air supply accesses, for example, are connected in the
shortest admissible way. Supply air connections, on
tile contrary, take curved tracks to reduce the noise
caused by tile flowing air etc. Thus different tasks re-
quire different interpretations of and different solutions
to solve the attribute-value description of the problem.
Figure 1 (right) depicts three task-dependent solutions
that properly connect the outlet to the single accesses
(pipes are represented by line segments).

problem task-dependent solutions

.
Figure l: Problem and task-dependent solutions

As the basic knowledge representation we employ
A4 (Hovestadt 1993), developed at the Institute of In-
dustrial Building Design, University of Karlsruhe, Ger-
many. It represents every designed object by its geo-
metric attribute values (i.e., placement and extension
in three dimensions) and its type attribute values (e.g.,
room, door, furniture, lamp, etc.). Furthermore, we
employ knowledge about the sequence of tasks to be

tackled during the design of a building (e.g., accesses
have to be designed before they are connected etc.).
These predecessor relations between object types are
represented by a semantic network, named task struc-
ture.

Retrieval and adaptation of CAD layouts requires
the consideration of not only the geometric attribute
values of single objects (e.g., accesses, pipes, etc.), but
most of all of their topological relations (e.g., which
pipe connects which accesses). Uniform topological
representations of identical layouts as well as the con-
sideration of geometrical transformations (such as re-
flection or rotation) are important.

The computational complexity of relational compar-
isons and the short response time required by real
world applications make a preprocessing of concrete ex-
periences necessary. Efficient analogical reasoning re-
quires the definition of similarity in terms of adaptabil-
ity. That is, similarity should not only depend on the
new problem and prior layouts but also on the adapta-
tion knowledge available. But, how can CAD layouts
be efficiently represented and organized to support de-
sign? How can memory organization and analogical
reasoning be grounded on attribute-value input data.?

Integrating Conceptualization and
Analogical Reasoning
Conceptual analogy integrates conceptualization (i.e.,
the bottom-up formation of memory structures based
on input data) and analogical reasoning (i.e., the top-
down exploitation of conceptualizations in handling
new situations). Following (Ram 1993), CA uses 
processes for the bottom-up conceptualization. Firstly,
the incremental construction of memory structures
from input data and secondly, the extrapolation, i.e.,
the extension of existing memory structures in re-
sponse to novel and unfamiliar situations.

memory structures

--. ........ __--"

~"
" concrete experience "~ ~ h

Figure 2: Conceptualization and analogical reasoning

During analogical reasoning, the memory structures
have a top-down influence on the classification I of new

1 Usually, analogical reasoning is handled as a mapping

from a known source into a novel target. Here we are con-
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situations and on the application (i.e., the transfer and
adaptation) of prior solutions. Existing conceptualiza-
tions focus attention on certain features of new sit-
uations and state their importance. They constitute
the basis for analogical inferences and their evalua-
tion. Figure 2 depicts these four strongly interacting
processes.

Grounding
Conceptual analogy conforms with the assumption
that it is impossible to foresee and handcode all the
memory structures (i.e., cases, similarity relations, and
adaptation knowledge) that might be needed to handle
different design tasks (Brooks and Stein 1993). Conse-
quently, the computation of memory structures needs
to be grounded on the exchange of attribute-value rep-
resentations of concrete experiences and the tasks of
the system. Similarly, the treatment of a new problem
situation will depend on the focussed task and the in-
teractions between the memory structure and the given
problem.

Conceptualization

As for conceptualization, pragmatic and structural fea-
tures force the bottom-up acquisition and organization
of past experience.

Aiming at the support of design tasks there are no
natural units that may define the granularity of cases2.

The methodology of task-oriented knowledge acquisi-
tion (Janetzko, BSrner, Jfischke and Strube 1994) may
be applied here. It provides a way to employ the knowl-
edge encoded in the task structure to connect objects
which influence the solution of a task (i.e., the problem)
to the objects which constitute the completed task (i.e.,
the solution) by means of a case. Note that there is no
information about solution paths (i.e., how to derive
the set of solution objects from the problem objects)
available. Cases represent exclusively collections of ob-
jects where each object is represented by its geometric
and type attribute values.

Cases which support an identical task are grouped
into a task-dependent case base. Thus, case-bases pro-
vide uniform comparison and reasoning context essen-
tial in providing design support. To re-represent geo-
metric layouts (cases) in terms of their topology, we use
an algebraic representation (terms without variables)
inspired by (O’Hara and Indurkhya 1994). Given the
attribute value representation of layouts (cases) as de-
picted in Fig. 1, re-representation starts at the main ac-
cess and continues its way through the layout, stopping
at each object to describe what is north, east, south,
and west of it, until it has visited all objects. To derive

fronted with a huge amount of prior sources. Therefore,
we do not retrieve and match one source but classify a new
problem (target) to the appropriate memory structure.

2For analytic tasks the observations, symptoms, and di-
agnoses are quite ready at hand to be converted into the
standard representation of cases.

unique representations of reflected or rotated versions
of a layout, we incorporate knowledge about geomet-
rical transformations. This background knowledge is
represented by a set of term rewriting rules. Struc-
tural features are used to organize the set of structural
case representations into case classes showing similar
structure.

Memory Structure
Memory structures in CA represent each case class by
a prototype and the set of weighted modifications which
lead to the prototype when applied to the cases. Cor-
responding to psychological work, the term prototype
refers either to a best instance of a case class (Rosch
1975), or to an abstract description of a CC that is
more appropriate to some members than it is to oth-
ers (Smith, Osherson, Rips and Keane 1988). The
former holds if background knowledge (e.g., geometri-
cal transformations) is available, which reduces every
case into one unique instance of the CC. The latter is
used if generalization or abstraction is applied to derive
the common structure, i.e., prototype of a case class.
Combinations of generalization and abstraction and/or
geometrical transformations are possible, cf. (BSrner
1994b).

Weighted modifications are employed to denote the
degree of difficulty in learning the case class3, its
size4, the variability of its instances5, and the diag-
nosticity of certain case attributes 6. We distinguish
two kinds of modifications, namely, conceptualization
rules (c_rules), which replace attributes and their re-
lations by variables, and analogy or adaptation rules
(a_rules), which instantiate variables occurring in pro-
totypes in a proper way. As we will see, this memory
structure allows for its automatic acquisition as well
as for their efficient exploitation during analogical rea-
soning.

Construction
Construction determines memory structures from sets
of cases. At the beginning, all cases may belong to one

3Generalizations should be easier to learn than abstrac-
tions, for example. In CA the algebraic knowledge repre-
sentation guarantees that placement, size, and type of ob-
jects or their distance to each other may be generalized (i.e.,
constants are replaced by variables). On the other hand,
changes in the number of objects or their relations should
require abstraction (i.e., function symbols are replaced by
variables).

4The frequency of occurrence of an attribute or relation
is represented by weights for modifications. Thus, the pro-
totype of a CC is independent from the number of multiple
instances.

Sin CA, the variance of an attribute or relation repre-
sented by a prototype corresponds directly to the range
of variable instantiation provided by the corresponding
modifications.

6In CA the salience of attribute values is covered by
weights for specific variable instantiations.
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case class. During eztrapolation case classes are fur-
tiler divided to better reflect tim common structure of
cases. As for construction, algebraic case representa-
tions (e.g., terms without variables) are the basis for
inductive determination of the prototype and corre-
sponding weighted modifications for every case class.
As proposed by (Gero 1990), the prototype represents
common features by constants or functions. Distinc-
tive features are represented by variables. The c_rules
and the a_rules define the replacement of subterms
with variables and how variables may be instantiated,
respectively. Weights for modification are used to de-
note how often a real subterm, i.e., one that is not
empty, was replaced by a variable. Weights for instan-
tiations represent how often the same term has been
replaced by tim same variable during the computation
of the prototype7.

prototype1 prototype2

task-dependent case base

Figure 3: Memory organization

Extrapolation

Extrapolation describes the conceptual clustering tech-
niques applied to partition a set of structurally repre-
sented cases into case classes showing similar struc-
ture. The quality of a case class correlates to the qual-
ity of the prototype that represents it. The quality
of a prototype is good if it contains most of the in-
formation stored in the cases of a case class. That
is, the size of the prototype has to be somewhat close
to the average size of the terms in the case class. A
fixed quality_threshold value determines the number
of case classes representing a set of cases. With a

rThe definition of a prototype is similar to the defini-
tion of least general antiunifier (an) (Muggleton 1992), 
most specific generalization (msg) of a set of terms (Plotkin
1970). The only difference is, that no variable used for gen-
erahzation will appear more than once within a prototype,
whereas the au and msg will have the same variable at dif-
ferent places, if the generalized subterms at these places
were equal.

quality_threshold = 1, the size of the prototype is re-
quired to equal the average size of terms the case class
represents. That is, only identical cases are classified
in one case class and the case class is represented by
a prototype equaling these cases. On the other hand,
with a quality_threshold = 0 the entire set of cases is
treated as one case class. It is represented by one pro-
totype that may at the very worst be a variable. The
quality_threshold value may be provided handcoded or
may be computed from the response time available to
derive a solution for an actual problem and the confi-
dence required for the solution.

Two kinds of extrapolation can be distinguished.
Firstly, in an initial phase it may be advantageous to
extrapolate a huge set of prior cases. An agglomer-
ative method treats each case as a separate class at
the beginning. These small, specific classes are re-
peatedly combined to form larger, more general classes
that still fit the required quality_threshold value. Sec-
ondly, during the systems usage new cases provided
by the user or suggested by the system need to be in-
crementally incorporated into existing memory struc-
tures. Depending on how well the existing case classes
match a new case, the new case may be added into
an existing case class or the case class may need to be
divided to meet the required quality_threshold. Subse-
quently, the prototype and modifications of the modi-
fied case classes are constructed.

Figure 3 sketches memory organization illustrated
with cases taken from geometric layout design. Here,
cases belonging to one task-dependent case base are or-
ganized in two case classes, CC1 and CCz. Both case
classes are represented by their prototype and the cor-
responding sets of modifications, c_rulesl and c_rulesz.

Analogical Reasoning

Analogical reasoning proceeds via refomnulation and
classification of the new problem, followed by transfer
and adaptation of the prototypical solution. In con-
ceptual analogy, similarity is the key in recognizing the
case class to which a new problem belongs. Further-
more, similarity provides guidance to solution trans-
fer and adaptation during the application process. We
provide the definition of similarity first.

Similarity Assessment

Similarity assessment proceeds in CA via complex case
representations. To handle this in a computationally
efficient way, a new situation is mapped against proto-
types (representing case classes) instead against single
cases. As for the definition of similarity, the following
aspects have to be considered: the size of the prob-
lem which can be represented by the prototype or part
of it, and the weights for modifications, because they
hint at the possibilities for adaptation. The function
returns the prototype of highest similarity and the cor-
responding CC to classify the problem.



To be more precise, the set of modifications (c_rules)
which lead to the prototype of a case class are applied
to the new situation. Weights on modifications induce
some ordering of the application of c_rules. Similar-
ity is defined by identity or subsumption of the modi-
fied problem situation and the prototype, cf. (BSrner
19945).

The applied definition of structural similarity pro-
vides not only the most appropriate category it also
mediates and guides solution transfer and adaptation.
Similarity depends on the relevance of case features
and the adaptation knowledge available. It guarantees
the retrieval and matching of not only similar, but also
useful experience. The selected case class provides a
prototypical solution together with proper adaptations
to solve the new problem analogously. At the same
time, the prototype provides the appropriate level of
solution transfer.

Classification

The classification of a new problem proceeds in two
steps. Firstly, the type values are used to select the
appropriate case base. Secondly, the new problem is
reformulated in terms of the prototypes representing
the case classes of the selected case base. The essential
process is that problem objects are matched with the
objects of a prototype and are connected accordingly.
Geometrical transformations are considered. Usually,
a partial structural description of the problem results.
In terms of classification, similarity determines the pro-
totype (i.e., the right case class out of the selected case
base), which is most similar to the new problem.

prototypeI

~ .~ similarity -~ -- .

prototype2
s,milarir

c-rules2 i

problem

:--rules I j a-rules2

solution

Figure 4: Analogical reasoning

Application

The case class which a new problem situation be-
longs to provides a prototypical solution and a set of
weighted a_r~des (remember that this kind of knowl-

edge representing the case class has been automatically
derived during memory organization).

Prototypical solutions may represent general con-
nectivity patterns of supply accesses in the selected
domain. They are algebraically represented by terms
containing variables instead of concrete placements or
extensions of supply accesses. The set of a_rules fixes
the space of proper instantiations traversed in adapt-
ing the prototype to the actual requirements. Weights
for instantiations may place an ordering over the at-
tempted a_rules. The complete solution is transformed
into its attribute-value representation and presented
graphically. Now the user is in the position to either
accept, modify, or reject the proposed solution. The
new problem and its solution is subsequently added to
the corresponding case class and memory organization
starts again. If an actual problem cannot be reformu-
lated, classified, or solved, its user-provided solution is
incorporated into the existing memory structure and
may be advantageously applied the next time.

Figure 4 sketches analogical reasoning. We assume
the selected task-dependent case base to be partitioned
into two case classes (see Fig. 3). These case classes
are represented by their prototypes and corresponding
weighted modifications. A new problem is reformu-
lated in terms of these prototypes. While prototype1
allows only for a partial reformulation of the prob-
lem, i.e., one access is not covered at all, part of
prototype2 may be transferred to completely reformu-
late the problem description. Because of its similar-
ity to prototype2, the reformulated problem is classi-
fied into CC~. The prototypical solution is adapted
by applying the corresponding set of a_rules2. In
the selected example the reformulated problem already
equals the complete solution. Its rotation about 180
degrees results in the correct solution.

Discussion
The paper argued for conceptual analogy, an approach
that integrates and automates conceptualization and
analogical reasoning on the basis of attribute-value
data. The approach provides a number of features
that improve the applicability of CBa techniques to
support real-world design tasks. Problem formulation
and solution presentation proceed graphically via CAD
layouts. All knowledge needed to support innovative
design tasks (i.e., the relevance of objects and relations,
proper adaptations) are derived from prior cases rep-
resenting layouts. Algebraic case representations al-
low the exploitation of powerful mechanisms like term
rewriting techniques and antiunification. The organi-
zation of the knowledge is directly tailored to analogi-
cal reasoning. Prototypes representing case classes ef-
fectively short cut much of the memory retrieval ef-
fort that would be necessary to check each past case
separately for structural similarity. The complexity of
structural mappings can be handled in an economical
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manner. Additionally, weights are employed to im-
prove the accuracy and speed of analogical reasoning.
All together increases the overall problem solving ef-
ficacy by decreased computational complexity of both
processes. Response times which are realistic for highly
interactive support systems become possible.

Overall, CA tightly integrates short-term and long-
term adaptation. As for short term adaptation, CA
handles the current situation in terms of its memory
structures and in long term adaptation, new experi-
ences are added to the memory, affecting not only the
knowledge stored there but also the organization of
this knowledge. The memory structures used to guide
reasoning can be best viewed as the result of compil-
ing past experience. As new memory structures are
learned from experience, the way the reasoner performs
short-term adaptation is affected.

CA is similar to hierarchical problem solving in that
it automatically derives more general knowledge rep-
resentations, i.e., prototypes for each case class. Dur-
ing analogical reasoning a new problem is compared
to these prototypes at a more general level in which
matching is less expensive than at the concrete level.
Furthermore, tile prototypical solution is used to guide
problem solving at the concrete level. CA differs in
that it exclusively uses one case class dependent gen-
eral level (i.e., the level in which the prototype of the
case class is represented) for classification and applica-
tion.

It should be mentioned that most work in case-
based design and case-based planning follows a solu-
tion path perspective. For example, derivational anal-
ogy (Carbonell and Veloso 1988) constructs cases from
derivational traces of planning episodes. Cases repre-
sent knowledge about how to derive solutions for prob-
lems and are employed to support reasoning. This
works well if operational knowledge is actually avail-
able. In our domain prior layouts are the main knowl-
edge source. Here the approach of conceptual analogy
proposes a (problem and solution) slate oriented per-
spective to support design decisions.
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Appendix: Describing the contribution
A. Reasoning framework:

1. Reasoning framework: pragmatic and structurally
sensitive memory organization and and analogical
reasoning (conceptual clustering, structure map-
ping).

2. Benefits from adaptation: Building engineering is far
to complex to support reasoning from scratch. Gen-
eral design solutions may be extracted and applied
to guide analogical problem solving.

3. Specific benefits and limitations: CA automatically
extracts the knowledge needed to support design
tasks (i.e., complex case representations, the rele-
vance of object features and relations, and proper
adaptations) from attribute-value representations of
prior layouts. Memory organization directly tailored
to analogical reasoning reduces the complexity of
analogical reasoning.
CA is restricted to innovative design tasks. No merg-
ing of cases is possible. It was applied to geometric
layout design. Other tasks may require different case
representations and background knowledge.

4. Roles of adaptation, knowledge, and reuse in your
approach?

KT~owledge: Cases: geometric features and topol-
ogy of CAD layouts; background knowledge: uni-
form representations of identical layouts, geometri-
cal transformations; task structure: the sequence of
objects to be designed
Knowledge representation: cases: attribute value

pairs and terms; background knowledge: term
rewriting rules; task structure: semantic network
Usage: explained in the paper - sorry, no space here
Acquisition: automatically extracted from CAD lay-
outs
Adaptation: What: position, orientation, and topol-
ogy of geometric layouts (prior cases) Why: to cor-
rectly solve the actuM problem Properties: cases
represented by ground terms, background knowledge
represented by term rewriting rules, prototypes rep-
resented by terms.
Reuse What: the problem is classified into a case
class that provides the most similar prototype inclu-
sive its proper modifications (adaptations) Proper-
ties: modifications which lead to the prototype of
the selected case class may be useful in adapting the
prototypical solution to the new problem.

B. Task"
1. Task and domain: innovative design of geometric

layouts in building engineering.

2. Inputs: CAD layouts represented by attribute-value
pairs; background knowledge about uniform rep-
resentations of layout topologies and geometrical
transformations.

3. Outputs: Adapted CAD layouts, i.e., objects de-
signed conform to prior layouts.

4. Constraints on the outputs: Output corresponds to
the input knowledge available.

5. Characteristics of the domain that the method re-
lies on: Time and functional knowledge is partially
represented by the task structure and is employed or-
ganize and use knowledge in a pragmatic way. Ge-
ometric features and topological relations are used
for structurally sensitive memory organization and
analogical reasoning.

C. Evaluation:
1. What type of evaluation? If empirical: What inde-

pendent and dependent variables? If mathematical:
What model?
The evaluation of the used memory organization and
analogical reasoning is not presented in this paper.

2. What comparisons were made with other methods?
We compared CA to approaches which also use com-
plex but operational case representations to support
CBD. The memory organization and reasoning used
by CA is similar to hierarchical problem solving.

3. What are the primary contributions of your re-
search?
Conceptual analogy is a general approach that inte-
grates and grounds memory organization and ana-
logical reasoning on prior experience. It there-
fore identifies the sub-processes that are needed
and proposes general knowledge representation for-
malisms, knowledge acquisition techniques, and rea-
soning techniques (instead of domain specific heuris-
tics).
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