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Abstract

The nearest neighbor algorithm is the most basic class of techniques in the sub-fields
of machine learning such as case-based reasoning (CBR), memory-based reasoning (MBR),
and instance-based learning (IBL). In the nearest neighbor algorithm, the computational
cost of example retrieval is one of the most important issues. This paper proposes a novel
technique for optimizing the nearest neighbor algorithm. Its basic idea is based on the use
of similarity template, which is a data structure that enumerates all the possible patterns of
calculating similarity between two examples. In the method, the nearest neighbor retrieval
process is optimized by generating retrieval queries from an input and similarity templates in
a certain order. Its major advantages are as follows: 1) unlike the hierarchical organization
of memory, it is guaranteed that examples with the greatest similarity value according to
the given similarity measure are retrieved, 2) it is easy to add new examples to the example
database, 3) without any expensive hardware such as massively parallel computers, nearly
constant time nearest neighbor retrieval can be achieved, independently of the number of
examples in the database.



1 Introduction

In the field of machine learning (ML), most traditional learning methods form some abstrac-
tion from the experience and they store this structure in their memory. However, in recent
years there has been growing interest in methods that store instances (examples or cases)
in the memory and apply this specific knowledge directly to new situations. In the field of
ML, case-based reasoning (CBR) [Kolodner, 1993], memory-based reasoning (MBR) [Stanfill
and Waltz, 1986], and instance-based learning (IBL) [Aha et al., 1991] are in this approach.
In CBR, MBR, and IBL, the most basic class of techniques is called the nearest neighbor
algorithm. Tt originated in the field of pattern recognition [Cover and Hart, 1967] and has
been applied to many classification tasks. In the nearest neighbor algorithm, each training
example is simply stored in the memory. Given a new test example, the algorithm finds the
stored training example that is nearest according to some similarity measure, records the
class of the retrieved example, and predicts that the new example will have the same class.

In the nearest neighbor algorithm, the computational cost of example retrieval is one
of the most important issues, especially when the number of examples in the database be-
comes larger. The way of coping with this issue differs from one approach to another,
and there exist at least two major approaches, namely, hierarchical organization of memory
and parallel search of flat memory. Most practical CBR systems on serial computers (e.g.,
MEDIATOR [Kolodner and Simpson, 1989] and REMIND CBR Shell [Cognitive Systems,
1992]) adopted hierarchical organization of memory, while MBR [Stanfill and Waltz, 1986]
and the massively parallel example-based natural language processing (NLP) approach (e.g.,
[Sumita et al., 1993]) adopted parallel search of flat memory on massively parallel computers.

In approaches that adopted hierarchical organization of memory, such as a discrimination
network and a decision tree, the case library is hierarchically partitioned using several fea-
tures as indices, and according to the hierarchy, the search in the case library is guided and
the search space is limited. When retrieving similar cases from the case library, cases satis-
fying the constraints of several indices are efficiently retrieved. Then, the nearest neighbor
algorithm is used for ranking retrieved cases according to some similarity measure. Although
this approach is adopted in many practical CBR systems on serial computers, it has several
disadvantages. One of the most significant disadvantages is that the memory search and the
ranking of cases are separate. Similar cases are searched within the hierarchically organized
memory by checking several features as indices. During the search, however, the ranking
of cases according to some similarity measure is not considered at all, but it is considered
afterwards. Since the cases are not searched by checking all the features but only a few,
there is no guarantee that a good case will not be missed. Another disadvantage is that
the adding of cases is a complex operation and it is hard to keep the hierarchical memory
optimal as cases are added.



On the other hand, in approaches that adopted parallel search of flat memory such as
MBR and massively parallel example-based NLP, the similarity function is applied in parallel
to all the examples in the example database, and all those examples are ranked according to
the similarity values and the best matches are returned. In this approach, the whole library
is searched and thus accuracy of retrieval is dependent only on the similarity measure. It is
easy to add new examples to the database, since examples are stored in the database without
any hierarchy. However, expensive hardware is needed and this is one of major disadvantages
in this approach.

This paper proposes a novel technique for overcoming the problem of the computational
cost of example retrieval in the nearest neighbor algorithm. The basic idea of the proposed
method is based on the use of similarity template. A similarity template is a data structure
which enumerates all the possible patterns of calculating similarity between two examples
and it is independent of each example. The system contains a set of all the possible similarity
templates and it generates a retrieval query from an input and a similarity template. Using
the generated retrieval queries, the example space can be structured around the input as in
Figure 1. In the structured example space, the nearest neighbor examples are located at the
positions closest to the input. In this framework, the nearest neighbor retrieval process can
be optimized by generating retrieval queries in a certain order. This optimization problem
is a problem of finding a retrieval query which retrieves the nearest neighbor of the input
as quickly as possible. In this paper, we describe two distinct strategies for optimizing the
retrieval query generation process: linear search along similarity value ordering and binary
search along subsumption ordering of retrieval queries and similarity value ordering. Com-
pared with the hierarchical memory organization techniques, in which the memory search and
the ranking of cases (or examples) are separate, the proposed method integrates these two
in an optimal way, by directly searching the nearest neighhbor(s) according to the structure
of the example space.

The proposed method combines the advantages of both of the previous two approaches,
i.e., hierarchical organization of memory and parallel search of flat memory. The major
advantages are as follows: 1) it is guaranteed that examples with the greatest similarity value
according to the given similarity measure are retrieved, 2) it is easy to add new examples
to the example database, 3) without any expensive hardware such as massively parallel
computers, nearly constant time nearest neighbor retrieval can be achieved, independently
of the number of examples in the database.

In the previous paper [Utsuro et al., 1994], we presented the method for optimizing the
nearest neighbor retrieval only specifically in the case of retrieving Japanese surface case
structures. In this paper, we provide more general motivations to our method by extending
it in the context of ML, CBR, and MBR. The remainder of the paper is organized as follows.
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Figure 1: Structured Example Space

First, in section 2, we describe the basic idea of the proposed method in its most general
form, without giving any specific definitions to the data structure of an example and to the
similarity measure. Then, in section 3, we apply the optimization method to the standard
data structure and the similarity measure which are most commonly used in the nearest
neighbor retrieval in CBR and example-based NLP, namely, the set of feature-value pairs and
the weighted sum of similarities for individual features. We describe a technique for applying
our method to the general case of the data structure and the similarity measure, and then,
as an example, we describe the retrieval of Japanese surface case structures with specific
definitions of the data structure and the similarity measure. We also evaluate our method
by showing that nearly constant time nearest neighbor retrieval is achieved, independent of
the number of examples in the database.

2 The Basic Idea

This section presents the basic idea of optimizing nearest neighbor retrieval using similarity
templates and retrieval query generation in its most general form, without giving any specific
definitions to the data structure of an example and to the similarity measure.

2.1 Similarity Measure and Nearest Neighbor Retrieval

First, supposing that E be the set of all the examples, we introduce the similarity calculation
function sim from E X E to R (the set of real numbers) which gives the similarity value
between two examples:

stim: Ex Ew— R

Next, let Fg be the set of examples in the example database. Retrieval of the nearest
neighbor(s) of the input e;, can then be regarded as the retrieval of the set Egpaz(€in) of



examples which give the greatest similarity:

EGmaz(€in) = {e | e € Eg, sim(e,em):nleax sim(e, ein)}

2.2 Similarity Template and Similarity Calculation

The key idea of optimizing the nearest neighbor retrieval is the use of similarity template.
First, we assume that a similarity template is definable only when the similarity measure
satisfies the following two requirements:

Requirements on the Similarity Measure

1. Similarity can be regarded as a function of factors in the examples. Each example

contains only a small number of factors.

2. Each factor varies over a few discrete values. If a factor varies over continuous values,

these values can be transformed into a few discrete values.

A similarity template is now defined as a data structure which enumerates all the pos-
sible patterns of calculating similarity between two examples, and it is independent of each
example. The left half of Figure 2 shows the idea of similarity calculation using similar-
ity templates. Given any element e; from the example set 1 and any element e, from the
example set 2, the result of their similarity calculation becomes the similarity template 1.
Each similarity template has a similarity value which corresponds to the similarity between
the two examples, and the similarity templates 1 ~ 3 in the figure have the same similarity
value.

More formally, supposing that 7" is the set of all similarity templates, the similarity
calculation function sim can be defined as a composite function sim; o tmpl, where tmpl is
a function from F x F to T which gives a similarity template of two examples, and sim; is
a function from 7" to R which gives the similarity value of a similarity template:

tmpl: EXEw—T

stmy: T'— R

stm = stmgotmpl : E X E+— R

2.3 Retrieval Query Generation

A retrieval query can be considered as a set of constraints on the examples to be retrieved
by the query. A retrieval query is generated from an input and a similarity template by the
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Figure 2: The Basic Idea of Similarity Template

retrieval query generation function ggen. ggen is a function from E x T' to @), where @) is
the set of all retrieval queries. The right half of Figure 2 shows the idea of retrieval query
generation from an input and a similarity template. Given an input e;, and a similarity
template t, ggen returns a retrieval query ¢:!

qggen : ExXT — @

q = qgen(ein,t)

2.4 Overall Framework

Figure 3 shows the overall framework of the optimized nearest neighbor retrieval using sim-
ilarity templates and retrieval queries. The system contains only the set of similarity tem-
plates, the indexed retrieval module, and the example database. It does not contain any
retrieval queries in advance. A similarity template is a data structure which is independent
of each example, while a retrieval query is generated from the input and a similarity template,
and it is thus dependent on the input. For a given input, retrieval queries are generated in a
certain order using similarity templates. Then, examples which satisfy a retrieval query are
quickly retrieved from the example database using the indexed retrieval module. The opti-
mization problem of the nearest neighbor retrieval is considered as a problem of optimizing
the retrieval query generation process. This is a problem of finding a retrieval query which
retrieves the nearest neighbor of the input as quickly as possible, and to do this, it must be
guaranteed that the example database does not contain any examples which have a greater

similarity value.

'If Eg(q) is the set of examples which satisfy the constraints of the retrieval query ¢, it is not necessary
the case that the similarity template of e and e;y,, i.e. tmpl(e;n,€), becomes t for all the examples e in Eg(q).
This is so because a retrieval query ¢ represents constraints on the examples and some example e which
satisfies ¢ could also satisfy much stronger constraints. In those cases, the similarity template of e and e;,
would become much stronger than the similarity template ¢. In fact, this is true for the definition of the

retrieval query in section 3.1.
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2.5 Optimizing the Nearest Neighbor Retrieval

This section describes two distinct strategies for optimizing the retrieval query generation
process: linear search along similarity value ordering and binary search along subsumption

ordering of retrieval queries and similarity value ordering.

2.5.1 Linear Search along Similarity Value Ordering

This is a simple linear search strategy which starts from a retrieval query for the greatest
similarity value and continues to those for lower similarity value, gradually decreasing the
similarity value, until it finds at least one example. In Figure 1, linear search corresponds
to the search from the input outward until at least one nearest neighbor is found.

For the linear search, the set of all similarity templates is first divided into a sequence
Ti, ..., T, which is totally ordered by the similarity value:

Vte T,V €Ty, i<j = simu(t) > simy(t')
i=7 = simy(t) = simy(t’)
From the sequence T1,...,T, of the sets of similarity templates, a sequence Q1,...,Q, of

the sets of retrieval queries is constructed by collecting retrieval queries generated from each

similarity template as below:

Qi = {q|3teT,q=qgen(ewm,t)} (i=1,....n) (1)



Then, starting from the first set )1 of the sequence )1,...,Q,, the linear search process
retrieves examples using retrieval queries in each set until at least one example is retrieved.
If at least one example is retrieved using one of retrieval queries in the set ();, then the set
Eg(Q;) of examples retrieved by all the retrieval queries in @; is the set of nearest neighbor

examples.?

2.5.2 Binary Search along Subsumption Ordering of Retrieval Queries and Sim-

ilarity Value Ordering

It can happen that the nearest neighbor of an input has a small similarity value and it is
inefficient to search the nearest neighbor linearly along similarity value ordering. Compared
with the linear search strategy, the binary search strategy makes efficient retrieval possible
independently of whether the nearest neighbor has a high similarity value or not.

The basic idea of the binary search strategy is to partition the example space using
retrieval queries according to the subsumption relation of retrieval queries and the similarity
value. Subsumption relation of retrieval queries corresponds to the subsumption relation
of the example sets retrieved by the queries. This means that if constraints in a retrieval
query ¢; subsume those in another retrieval query g¢o, then the set Eg(q) of the examples
retrieved by ¢; subsumes the set Eg(gs) of the examples retrieved by ¢». The example
space is partitioned and structured using subsumption relation of the example sets, and also
using similarity value ordering. With the structured example space, it becomes possible to
binary-search the nearest neighbor(s) of the input.

Totally Ordered Example Sets

In the same way as for the linear search, also for the binary search, the set of all similarity
templates is first divided into a sequence Ti,...,T,, and from this sequence, a sequence
Q1,...,0Q, of the sets of retrieval queries is constructed by Formula 1 in section 2.5.1.
However, now the sequence Eg(Q1), ..., Eg(Q,) of the example sets retrieved by the retrieval
queries in each set @; (i =1,...,n) has to satisfy the following two requirements of total

ordering:

1. Subsumption Relation of Example Sets

The sequence Eg(Q1),...,Eg(Q,) is totally ordered by the subsumption relation as in
Figure 4:

Eg(Q1) C--- C Eg(Qn)

2Tt is not necessary to construct all the sets Q1,...,Q, in advance before starting example retrieval using

retrieval queries in each set. It is sufficient to construct a set Q; of retrieval queries when no examples are

retrieved using the preceding sets Q1,...,Q;—1. This also holds for the binary search in the next section.
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Figure 4: Subsumption Relation of Example Sets
2. Similarity Value of Each Example

The examples in the inner sets have higher similarity values than the examples in the

outer sets:
Eg(Q:) € Eg(Q;), Vei € Eg(Q:),Ve; € Eg(Q;),
(e; € Eg(Q;) = sim(eimn,e;) > sim(ei,e;) )
If it is possible to divide the set of all similarity templates into a sequence 11, ...,T, which

satisfies the two requirements above, then the following binary search strategy for the nearest
neighbor retrieval becomes applicable.

Binary Search of the Nearest Neighbor

With the totally ordered sequence of example sets, the nearest neighbor(s) with the greatest
similarity value exist in the innermost non-empty set of examples. The innermost non-empty
set can be efficiently found by the binary search procedure using the binary search tree in
Figure 5. The binary search tree in Figure 5 is constructed from the totally ordered sequence
Eg(Q1),...,Eg(Q,) of example sets, in which each node is a set of examples E¢(Q;). The
following is the binary search strategy for finding the nearest neighbor(s) of the input.?

1. At any non-leaf node Eg¢(Q;), if Eg(Q;) contains at least one example then the search
process goes down to the left child Eg(Q;). Otherwise, the search process goes down to
the right child Eg(Qy).

31In this section, we describe the binary search strategy using the binary search tree of the example sets
just for explanation. In the framework described in section 2.4, the system contains only the binary search
tree of the sets of similarity templates but not the binary search tree of the example sets like the one in
Figure 5. As we mentioned in the previous section, it is sufficient to construct the set @Q; of retrieval queries

only when the search process has proceeded to T;.
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2. At any leaf node Eg(Q;), if Eg(Q;) contains at least one example then Eg((Q;) is the
innermost non-empty set. Otherwise, the innermost non-empty set is the lowest non-
empty ancestor E¢(Q,,) of Eg(Q).

3. Construct the set Egq.(€:) of the nearest neighbor(s) from the innermost non-empty
set.

3 An Example

This section applys the optimization method to the standard data structure and the sim-
ilarity measure which are most commonly used in the nearest neighbor retrieval in CBR
and example-based NLP, namely, the set of feature-value pairs and the weighted sum of
similarities for individual features. We then define similarity template for the definition of
the similarity measure, and also show how to optimize the nearest neighbor retrieval based
on the binary search strategy given in section 2.5.2. After that, we describe the retrieval of
Japanese surface case structures as an example. Finally, we evaluate the system size and the
computational cost of the overall framework.

3.1 Definitions
Data Structure of Example

We represent an example e as an n-tuple of feature-value pairs:

e = <<f1,U1>a---=<f"’U”>>



Similarity Measure

Let w; be the weight for the i-th feature and s(vy;, vo;) be the similarity of the i-th values
of the examples e; and es. Then, the similarity sim(e;,es) of e; and e; is defined as the

weighted sum of similarities for individual features:

sim(er, ) = (Zw X $(v14, V2;) )/Zw (2)

=1
We assume that the weights w; (i=1,...,n) and the similarity function s(vy;, ve;) for indi-

vidual features satisfy the two requirements on the similarity measure stated in section 2.2.

Similarity Template

For the similarity measure defined in Formula 2, we define a similarity template as an n-
tuple of the similarities for individual features. The similarity function sim; for similarity
template is also defined from the similarity function sim of examples in Formula 2:

t = (s1,-..,5n) (3)

simy(t) = (zn:wi X Si) / zn:'ll-’i
i=1 i=1

Retrieval Query
A retrieval query ¢ is defined as an n-tuple of the constraints on individual feature values:

¢ = (ULVLs)), e (s V(0ay50)) ) (4)

In this definition, each constraint is denoted as V'(v;, s;), which means that the i-th value v,;
of the example e, to be retrieved has to satisfy the similarity constraint that v,; and v; have
the similarity value greater than or equal to s;:

s(vri,vi) > s

As described in section 2.3, a retrieval query is generated from the input e;, and the similarity
template ¢ by the function ggen. If e;, is represented as ((fi,v1),...,{fa,vn)) and t is given
as Formula 3, the retrieval query ¢ generated by ggen(e;,,t) is given as Formula 4.

3.2 Total Ordering of the Sets of Similarity Templates

For the binary search strategy given in section 2.5.2, we first have to divide the set of all sim-
ilarity templates into a sequence T1,..., T, which satisfies the requirements of subsumption
relation of example sets and similarity value of each example. In the case of the similarity
measure and the similarity template in this section, these two requirements can be restated
using the subsumption relation and the similarity value of similarity templates.

11



Subsumption Relation of Similarity Templates and Example Sets

First, we define the subsumption relation of similarity templates and derive the subsumption
relation of example sets from that. The subsumption relation of similarity templates can
be regarded as the subsumption relation of the similarity constraints on individual feature
values. Let t and ¢’ be similarity templates (sq,...,5,) and (s},...,s] ) respectively. Then
the subsumption relation <; of similarity templates is defined as follows: ¢ <; ¢’ (¢ subsumes
t') is true if and only if each similarity s; is smaller than or equal to s; for all the features
and t is not identical to t/, i.e.

t<t 4L 5 < (i=1,...,n) andtis not identical to ¢

Then, assume that ¢ subsumes t" and let e;,, be an input and ¢=qgen(e;,,t) (={(f1,V(v1,51)),
ey {fay V(vny 80)))) and ¢ = qgen(em,t') (= ({f1,V(vi,$1)), ...y {fa, V(vn,5,)))) be the
retrieval queries generated by ggen. Then, with the definition above, it is obvious that ¢
represents a weaker constraint on the examples to be retrieved than ¢', since each similarity
constraint on its feature values is weaker than or equal to the similarity constraint on ¢'’s
feature values. Thus, letting Fg(q) and Eg¢(¢') be the example sets retrieved by ¢ and ¢
respectively, we can conclude that Fg(q) subsumes Eg(q'):

t=<it" = Eg(q) 2 Eg(d) (5)

Total Ordering of the Sets of Similarity Templates

Next, we show how to divide the set of all similarity templates into a sequence T1,...,T,
which satisfies the requirements of subsumption relation of example sets and similarity value
of each example in section 2.5.2. We give the division into a sequence T1,...,T, using the
subsumption relation of similarity templates and the similarity value of similarity template.

Then, we show this division satisfies the two requirements in section 2.5.2.

1. Subsumption Relation of Similarity Templates

We assume that the sequence T7,. .., T, satisfies the condition that for each ¢; in T;, there
exists a t; in T; (i < j) such that ¢; subsumes (<) t;:

i<y = Vt, €Ty, I, €T;, t; = t; (6)

As described in section 2.5.2, a sequence (Qq,...,Q, of the sets of retrieval queries is
constructed from the sequence 71, ..., T, using Formula 1. From Formulas 5 and 6 above,
it can be concluded that the sequence @1, ..., Q, satisfies the following:

i<j = Vg €Qi g €Qj, Eg(q;) C Eg(q;)

12



Thus, Eg¢(Q;) subsumes Eg(Q;) (¢ < j). It is obvious from this that the sequence
Q1, - .., Q, satisfies the requirement of the subsumption relation of examples sets in sec-
tion 2.5.2:

Eg(Q1) C--- C Eg(Qn)

2. Similarity Value of Similarity Template

We assume that the sequence T1,...,T, satisfies the condition that for each t; in 7T; and
t;in Tj (i < j), simq(t;) is greater than simy(t;):

i<j = YVt eT, Vt; €T, simy(t;) > simy(t;)

In order to prove that the sequence 77, ..., T}, satisfies the requirement of the similarity
value of each example in section 2.5.2, it is sufficient to prove the requirement for the
case of j =i+ 1. For each ¢; in Eg(Q;) and for each e;41 in Fg(Qit1), if ;41 is not
in Eg(Q;), then there exist a t; in T; and a t;; in T4, such that e; € Eg(qgen(e;n,t;))
and e;41 € Eg(qgen(€in,tiv1)), and for each ¢; in T;, e;41 € Eg(qgen(e;n,ti)). From this,
the following relation of the similarity values of examples and the similarity values of
similarity templates holds*:

sim(epm, ;) > %%171[1 simqy(t;) > sim(epm, €ip1) > t¢+11nei%+1 simy(tiyr)

Thus sim(e;,, €;) is greater than sim(e;,, €;41).

Then, as we presented in section 2.5.2, it becomes possible to binary-search the nearest
neighbor(s) of the input using the sequence 71, ..., T, of sets of similarity templates.

3.3 Retrieval of Japanese Surface Case Structures

As an example of optimizing the nearest neighbor retrieval, this section describes retrieval
of Japanese surface case structures.” We represent an example of a Japanese surface case

structure as a 3-tuple of feature-value pairs®:

e = <(verb, Sem,), (subj, Sems),<0bj,567no)>

“Note that if e € Eg(ggen(ein,t)) is true, then sim(e;n,e) > sim,(t) is true. And also note that if
eiv1 € Eg(qgen(e;n,t;)) is true for all the ¢; in T}, then Ii%i%Simt(ti) > sim(ejpn, €;41) s true.

5In example-based NLP, retrieval of similar surface case structures is a basic technique in the tasks such
as example-based target word selection in machine translation [Sato and Nagao, 1990] and example-based

case structure analysis [Kurohashi and Nagao, 1993].
6In [Utsuro et al., 1994], we adopted much more practical data structure of examples and similarity

measure for retrieval of Japanese surface case structures, and also discussed how to optimize the nearest

neighbor retrieval.

13



verb, subj, and obj are features for the verb, subject (nominative case or ga case), and object
(accusative case or wo case) of the surface case structure, respectively. The values Sem,,
Sems, and Sem, represent the semantic categories of the verb, subject noun, and object
noun, respectively. For representing the semantic categories, we use an on-line Japanese
thesaurus called Bunrui Goi Hyou (BGH) [NLRI, 1964]. BGH has a six-layered abstraction
hierarchy and more than 60,000 Japanese words are assigned to the leaves.

The similarity measure sim for this data structure of Japanese surface case structures is
defined on the basis of the similarity measure in section 3.1. The weights w,, w9, and w3 are
set as 1 for simplicity. In the following definition, s(Semy,, Sems,), s(Semq,, Sems,), and

s(Semy,, Sems,) represent the similarities of corresponding semantic categories:
sim(er,eq) = ( s(Semy,, Sema,) + s(Semas, Semas) + s(Semi,, Sema,) ) / 3

We define the similarity s(Semq, Sems) of two semantic categories Sem; and Semso as a
monotonically increasing function of the most specific common layer mscl(Semy, Sems) of
Semy and Sems in the thesaurus as below:
mscl(Semy, Sems) ‘ 1 2 3 4 5 6 exact match
s(Semq, Sems) ‘ 0 5 7 8 9 10 11
For example, the similarity of the surface case structures e; and ey of Examples 1 and 2

is calculated as follows. First, the surface case structures e; and e are given as below:

Example 1 Example 2
kare - ga  hon - wo kau kanojo - ga nooto - wo kau
he - NOM book - ACC  buy she - NOM notebook - ACC' buy
(He buys a book.) (She buys a notebook.)

e = <(ve7"b, Sempyy), (subj, Semp.), (0bj, 5677lbook>>
ey = <(verb,Sembuy),(subj,Semshe),(obj,Semnb)> (nb=notebook)

The similarity values for the semantic categories in the thesaurus are as below:
s(Sempuy, Sempuy) = 11, s(Sempe, Semgpe) =10, $(.Sempook, S€mpy) =9
Finally, the similarity of e; and ey is calculated as below:
sim(er,e2) = (114+104+9)/3 = 10

For the similarity measure defined above, we define a similarity template as a 3-tuple of
the similarity for individual features:

to= (50,50 5) (50,505 €{0,5,7,8,9,10,11} )

14
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Figure 6: An Example of Binary Search Tree of the Sets of Similarity Templates

The similarity function sim; for the similarity template and the retrieval query are defined
on the basis of the defintions in section 3.1. In the similarity calculation of e; and e; above,
the similarity template is (11,10, 9).

Next, we divide the set of all similarity templates into a sequence T, .. ., T, which satisfies
the requirements of subsumption relation of similarity templates and similarity value of
similarity template in section 3.2. The number of possible similarity templates is 343 (=7%),
and the set of all similarity templates is divided into a sequence of 19 subsets T7,..., .
Figure 6 shows the binary search tree constructed from the sequence 71, ..., T19. As described
in section 2.5.2, the arc labels “Y” and “N” correspond to the two possibilities whether or
not there exists a similarity template in the parent node such that a retrieval query generated
from this retrieves at least one example.

Suppose that the input is the surface case structure e; of Example 1 and the nearest
neighbor in the example database is es of Example 2. The process of binary search in the
binary search tree of Figure 6 is then as follows. The similarity template of e; and es is
t12=(11,10,9) and this is contained in Tj. The binary search process starts from the root
node Tjy and proceeds in the order of Thy — T5 — T5 — T}. Finally, a retrieval query ¢» is

generated from e; and t15 as below, and es is retrieved by qis:
G2 = < (verb, V(Sempyy, 11)), (subj, V(Sempe, 10)), (0bj, V (Sempoor, 9)) >

In the process of the binary search, subsumption relation of similarity templates can be
used for eliminating similarity templates which are useless for retrieving examples from the

"The length of the sequence of the subsets of similarity templates differs depending on the definition of
the similarity measure: the longer the sequence, the more efficient the binary search is for the same number
of similarity templates. Sometimes it can happen that there is no unique division of the set of all similarity

templates.
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example database.®

3.4 Evaluation

This section evaluates the system size and the computational cost of the overall framework
of the nearest neighbor retrieval proposed in section 2.4, in the case of the retrieval of
Japanese surface case structures presented in section 3.3. As an indexed retrieval module
of section 2.4, we use a tree-structured index module constructed from the on-line Japanese
thesaurus, which we call sub-thesaurus [Utsuro et al., 1994]. For each feature, examples
which satisfy the constraint V' (Sem, s) are collected for all the leaf semantic categories Sem
in the thesaurus and all the similarity values s. Then, a sub-thesaurus for that feature is
constructed as a sub-structure of the whole thesaurus in which each node corresponds to a
set of examples that satisfy the constraint of the semantic category of the node. Using those
sub-thesauri as the index module, examples which satisfy a retrieval query are obtained as
examples which satisfy constraints on all the features. This retrieval can be done quickly in
constant time independetly of the number of examples in the example database.

Next, let N be the size of the example database. The number of all similarity templates
is independent of N and that of the indexed retrieval module, i.e., the set of sub-thesauri,
is O(N). Thus, the total order of the system size is O(N). Finally, in order to evaluate the
computational cost, we plot the computation time (in CPU time), increasing the number of
examples NV, and compare the result with a full retrieval program. The example database
contains example Japanese surface case structures and both programs retrieve the most
similar examples from the example database, given an input surface case structure. The full

8Formula 5 in section 3.2 represents the relation between the similarity template subsumption <; and the
example set subsumption D. From this, we can conclude that if a retrieval query generated from a similarity
template t retrieves no example, then any similarity template ¢’ subsumed by t generates no retrieval query
that would retrieve at least one example. Thus, we can eliminate all the similarity templates that are

subsumed by t.
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retrieval program calculates the similarity between the input and the example for all the
examples in the example database, and retrieves the examples with the greatest similarity.
Both programs are implemented in SICStus Prolog 2.1 on a SPARC station-10. Figure 7
illustrates the results. The computation time of the full retrieval program is proportional
to N, while that of the optimized retrieval program is nearly constant. Thus, our optimized
retrieval program achieved drastic improvement in decreasing computational cost compared

with the full retrieval program.

4 Concluding Remarks

This paper proposed a novel technique for optimizing the nearest neighbor algorithm, based
on the use of similarity template, which is a data structure to enumerate all the possible
patterns of calculating similarity between two examples. The nearest neighbor retrieval
process is optimized by generating retrieval queries from an input and similarity templates
in a certain order.

Among previous works on CBR, [Shimazu et al., 1993] took an approach relatively similar
to ours. In [Shimazu et al., 1993, given an input, retrieval queries are generated using Stan-
dard Query Language (SQL) and then nearest neighbors are retrieved from a commercially
available relational data-base system (RDBMS). Their search strategy corresponds to our
linear search in section 2.5.1. Compared with the formalization of this paper, they provided
only a specific technique of generating SQL queries from an input and thus lacked any formal
accounts of optimizing the nearest neighbor algorithm.

The set of feature-value pairs and the weighted sum of similarities for individual features,
to which we applied our method in section 3, are most commonly used as the standard data
structure and the similarity measure in CBR. Sometimes, however, it is not sufficient to
assign only one set of weights, especially when the case library is used for several different
purposes. If it is necessary to assign several different sets of weights dependening on the
purpose of the reasoning, then we have to prepare several different sequences 11,...,T, of
the sets of similarity templates according to the sets of weights.
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