Self Classifying Reusable Components Generating Decision Trees from Test Cases

Heinz Pozewaunig, Roland T. Mittermeir Klagenfurt University, Department of Informatics Systems UniversitätsstraSSe 65-67, A-9020 Klagenfurt, Austria {hepo, mittermeir}@i^.uni-klu.ac.at

Abstract

The paper presents an approach to describe the semantics of reusable software components by speci�ably chosen input-output tuples. The initial data basis for such tuples are test cases. We discuss, how test cases can serve as descriptors for software components. Further, it is shown how an optimal search structure can be obtained from such tuples by means of supervised learning.

Keywords: Automatic classi�cation, repository indexing, decision tree

1. Introduction

Software development with reuse is seen as one of the most important factors to bring our discipline from craftsmanship to an industrial level. A basic starting point to enable reuse is to accumulate valuable assets in software repositories for later use. However, the larger these libraries grow, the harder it is to search in them effectively [6, 1, 21]. Some of these dif^culties stem from the lack of understanding (1) on what assumptions the structure of the repository is built, (2) how the components themselves are characterized, and (3) how to formulate effective queries conforming to this characterization.

Restricting application domains certainly helps, but is not a general solution to the problem, as within domains the search for reusable components ^tting someone’s needs may also be substantial work. This applies especially for situations where a repository contains several rather similar components. The problems mentioned boil down to the general problem of simply but ef^cently describing the semantics of software components. In the context of software repositories, we can distinguish between librarian sheltered repositories, where a well trained specialist, the librarian, is responsible for placing assets correctly into the repository and for helping users to retrieve them, and directly accessible repositories, where programmers are allowed to interact directly with the repository system to enter components and to retrieve them.

The librarian serves as interface between the structure and content of the library and the consumers of its contents. This is seen as an advantage of the librarian sheltered repository approach. As an expert for browsing, querying and retrieving the librarian interprets the vaguely expressed needs of a searcher and delivers assets ful^lling those needs.

This approach has several drawbacks though. One is the separation of software developers from the knowledge in the library and that the developers rely heavily on the librarian’s judgment. It is also not possible for the searcher to take a quick glance at an asset and ŞplayŤ around with it to get a feeling of its functionality. In fact, it is highly effective to let people browse through available assets and encourage them to copy asset styles and patterns. Another aspect is that working time of specialists like the librarian is valuable and as a consequence their resources are limited. Hence, it is not recommended to bother them too often, if the requirements are too fuzzy. On the other hand, if the librarian is not able to deliver the requested piece promptly, the requester will get impatient and will not use the services (and the assets) available again.

With directly accessible repositories, however, the programmers need intensive training to cope with indexing structures, keywords, or more sophisticated querying mechanisms. To gain long term bene^ts from a repository, a repeated refreshing of all these abilities is also needed.

In both approaches, but speci^cally with directly accessible repositories, the characterization of components is a key success factor. In a conventionally organized repository, assets are organized by descriptors more or less capturing their semantics. These descriptors usually build some hierarchy. Such descriptors may be simple keywords, features [21], or elements from a more sophisticated approach like the vector space model [12, 23].

To effectively traverse such hierarchies a clear interpretation of each split-point is required. However, when natural language is used, a word’s semantics in general is context dependent and subject to human interpretation. If everybody generating or analyzing a description departs from an identical frame of reference, no problem occurs. But this is not the case if software development for reuse does not happen within the same context as software development with reuse [15, 1]. This may lead either to misclassi^cations or to an exploding number of descriptors. Domain speci^city helps with these problems but is not a general solution.

Human interpretation of natural language based descriptors is error-prone. Much research effort has been spent on ^nding alternatives to keyword based description techniques (cf. [11] for a survey on software libraries and retrieval techniques). Due to their rigid semantics, formal speci^cations suit very well for capturing the behavior of software ([6, 25, 10, 13]). When searching for a certain asset, the query is formulated as a (partial) speci^cation. The retrieval process is then performed by conducting a formal proof that a component’s speci^cation ful^lls at least the needs expressed in the query.

Unfortunately, formal methods in general are not widely accepted by developers. Thus, it is hard to push reuse concepts and to introduce new formalism at the same time. If developers are not comfortable with a technique or its application within the software development process, all the effort spent on building up a valuable repository vanishes.

The formal nature of software requires some rigid description though. To overcome the (emotional) bottleneck described, we have to consider an alternative for ^ne grained search. Nevertheless such approaches have to be free from the need for human interpretation, while allowing software developers to retrieve components without extensive training in an intuitive manner.

This paper deals with component retrieval for reuse. The context of the work reported here is shown in ^gure 1. We do assume that we depart from a large domain speci^c universe of components. With informal descriptions [3] and with generalized signature ^ltering [5] a coarse grain set of potential match components is identi^ed. This set is further ^ltered according to semantic descriptions based on speci^c input-output tuples (data points) yielding a single (or very few) candidate component(s).

In this paper we focus speci^cally on ^ne grained search. The basic idea is to exploit test cases as initial knowledge source for representing the functionality of components. The idea of considering test cases as partial speci^cations is also exploited in system analysis and system design [20, 2]. Augmented test cases (data points) are then classi^ed by using a decision tree algorithm. The resulting hierarchical indexing structure supports interactive searching and browsing without the need for extensive user training.

Figure 1. Query re^nement for high precision

This paper is structured as follows: First we describe the requirements for data points to adequately describe the semantics of a repository’s components. Next we check to which extent these data points satisfy the criteria needed for applying decision tree algorithms. The approach is then demonstrated by two examples from different domains.

2. Data Points as Software Descriptors

2.1. Basic Principle

We depart from the work of behavior sampling [19, 8], where retrieval of components is based on the inherent property of software which distinguishes software from other types of information: its executability. In behavior sampling, a query is formulated as a set of input-output examples, representing the main characteristics of the functionality searched for. The repository system then selects all components with respect to the interface signature induced by the examples. The next step is to execute these components on the input speci^ed by the examples. If the output of the executed asset matches with the speci^ed output of the examples, this asset is added to the candidate-set.

The basic idea of behavior sampling is very promising, because the searcher is only concerned with the behavior of a component and must not bother with the interpretation of keywords or the structural aspects of the repository. Its main drawback, though, is that components need to be executed during the retrieval process. Thus, browsing the repository becomes inherently dif^cult. Furthermore, building and maintaining an execution engine for all components might outweigh the bene^ts of the library.

We strive to overcome these drawbacks by shifting execution from the time of retrieval to the time of storing components [14]. Based on the claim that reusable components have to be of superior quality one can assume that they are carefully tested. These test cases represent a substantial cross section of a component’s functionality and could serve as a special form of description. Following the approach of behavior sampling we consider this data as execution history to be exploited instead of executing the component every time a query is entered.

Let us mention here one important thing. Behavior sampling tries to describe components according to their behavior based on input-output relations. Therefore, it is suf- ^cient to have input-output pairs available, which are able to distinguish between various components. Testing on the other side is concerned with analyzing input-output tuples to state the quality of one component. This leads to the conclusion that indeed testing is not enough to determine the unique behavior of reusable components. But a portion of the test data of similar components (in the sense of signatures) can be suf^cient to distinguish between components.

2.2. How to search

Obviously, it is impossible for a searcher to have a presentiment of the queries covered by the test data. Nevertheless, the searcher has to be in a position to formulate adequate queries or to conduct an ef^cient dialog with the system. But how can this dialog be guided in a behavior driven search mechanism? We do so by taking the initiative and offering the searcher examples, changing the search process to a browsing one. In doing so, the searcher judges the importance of an example presented. If the offered behavior is covering the functionality searched for, the search is continued. If not, the searcher tracks back to the selection point of a previous decision and evaluates it once more. So the search is guided by browsing through the stored behavior and therefore the tuples presented should be highly discriminative and easily interpretable. To offer good examples to the searcher, the whole set of the test data must be analyzed and structured according to the available components. This task is accomplished by automatic classi^cation performed by an supervised learning mechanism.

The following section describes the conceptual organization of the repository. Since test cases generally are not well suited to serve this purpose the next two sections discuss some preconditions which must be ful^lled to allow automatic classi^cation. These preconditions then affect the technical infrastructure of the repository as well as the test environment and the components themselves.

2.3. Repository Structure

The index structure of the repository must re~ect the special needs arising from a case based description. Following the ideas of [24] we cluster the repository into partitions with respect to the signatures of all reusable components. Thus, a partition Σ_p contains assets which conform with the signature p only. However, to allow a higher level of recall we use generalized signatures by extending the ideas of [17] and [24]. A generalized signature describes the coarse structure of a signature, respecting application semantics, but neglecting implementation details [15].

Starting point is an analysis of the data types of a signature, their quali^cation (the name of the parameter, the local position within the signature and the passing mode IN,

OUT or INOUT) and their relation to other already known

types. On the basis of type equality relations we analyze concrete signatures of procedural code and reduce them to function types [5]. These function types are ~at representations of signatures in the sense that structures are disintegrated. Function types then are ordered in a lattice-like structure to allow for relational queries against the structure.

Up to now, occurring ambiguities have been resolved by a human expert according to the special needs stemming from the repository structure. This is similar to the proposal of [4], where it is a developer’s or a librarian’s duty to annotate signatures with an abstract annotation for describing special properties. In our approach, every time a new generalized signature is added to the index, it must be judged to use an existing one or to build a new one. The following example demonstrates this process with a simple signature built on basic types.

Example: If it is not important to distinguish between the C-data types long and double, these types are considered as substitutable. E.g. a C-function double

fx1(long y) and a C-function long fx2(double
z), might be in the same partition because both conform to

the same generalized signature [number → number]. ∘

On the basis of generalized signatures the repository is divided into partitions: for every signature Σ_p there exists an attached partition. An entry to a partition is then a component package containing one or more components (if they behave identically) and all the test data necessary to distinguish the behavior of one component from all other component packages in that partition.

2.4. Choosing Data Points

Data points serve as descriptors for reusable software components. The main source for data points are test cases, which are available for free from the quality assurance process. But testing is primarily not performed to describe the behavior of software but to reveal faults and to raise the level of con^dence in a component’s quality. To be valueable for component description, a test suite should be able to discriminate c_j from the universe of all other possible functionalities in Σ_p. During the testing process, a vast amount of test data is generated. For the classi^cation itself, only a narrow, but well chosen cross section of that data is suf- ^cient. Hence, within the large set of given examples (test cases) useful ones are likely to be found, i. e. characteristic input-output tuples. Characteristic tuples strive for stimulating unique behavior such that on entering equal input for different components, they calculate different output [14].

However, one has to acknowledge that data points resulting from quality assurance are de^ned with focus on a speci^c component. Discrimination against the universe of all possible functions in Σ_p is rather an illusionary vision. Here, we have to consider the component in the speci^c context of other assets in Σ_p and full discrimination must be guaranteed. To do so, additional data points for discrimination are needed. To obtain this automatically, we want to make sure that the components in the classi^cation database have been executed with all inputs of that partition

Σ_p. (Note: Σ_p contains assets with equal signatures). We

refer to this property as initial completeness of the classi^- cation base. Initial completeness is also important for the classi^cation algorithm we will describe later on.

Figure 2. A description of a library’s partition

In ^gure 2 a sketch of the structure of a partition Σ_p is shown. Here n components c_{1..j..n} are indexed, all of them executed with all given m inputs i_{1..k..m}. The result o_{k,j} = c_j (i_k) of each test is entered into the corresponding place in the matrix. Hence, the pair (i_k, o_{k,j} ) is an example of the behavior of c_j . Column j contains the set of output values computed by c_j . The matrix obtained serves as ^ne grained description of the sub-universe of components satisfying a particular signature.

2.5. Repository Maintenance

Repositories are not built only once and don’t stay untouched forever. They are intended to be a long term investment and therefore content and structure must be adapted to re~ect changing needs. During the life time of the repository new components are added repeatedly and likewise assets are removed. These operations erode the existing clustering and indexing structure. If a component is added, the available inputs of that partition must be analyzed concerning the ability to generate discriminating behavior. If no discriminating power for the added components is found on the basis of the available test data, new classi^cation cases must be entered. Otherwise, as a result either ambiguous or incomplete descriptions and consequently classi^cations with a small degree of discrimination are produced. This situation is sketched in Figure 3. Here, three added components do not completely ^t into the data point space of the existing partition. As a consequence, new classi^cation cases (indicated by the hatched area) have to be added to the data base. This leads to the following questions: (1) How can we retest the initial components on the new input and (2) how can we ensure that new components are tested with respect to the existing input in the repository.

Figure 3. Maintenance of partition

After adding new assets to a keyword based repository systems , a reindexing process updates the search paths. In our case this is not suf^cient, since every component added not only enriches the description set with new tuples, but adds new descriptor tuples to already existing components! This effect may invalidate the existing indexing structure. As a consequence, simple reindexing after adding the new test cases is not suf^cient. First, all missing tuples for already existing components must be generated, and second, test data of the fresh components must be completed. If these steps are performed, reindexing (reclassi^cation) is easy and generates a correct indexing structure.

The whole process of generating correct descriptions for all components within that particular partition must be repeated from time to time and then a reindexing has to be maintained. This impacts the testing process itself, such that from a tester’s perspective unnecessary tests for reuse purposes have to be conducted. To support the maintenance of the repository, test environments and test beds are an integral part of the reuse package. If the expected rate of component ~uctuation is low, the knowledge for future reindexing can be obtained by storing a larger amount of data points as necessary initially.

2.6. Black Box Test Strategies

Functional domain partition testing [16, 18] is the technique to generate test cases on the basis of the component’s purpose. According to the operational pro^le, tests are designed to split the input domain into different Şuse casesŤ (equivalence classes). The borders of such input partitions are promising areas when looking for different behavioral variants included in the requirement, but not fully covered by the implementation. Functional domain testing is laborious, since it requires to have a complete speci^cation at hand. Also the potential for automated tests is low.

Random testing, on the other hand, does not bother about requirements driven input selection. Here, inputs are generated randomly according to a meaningful distribution. Only a large number of test cases provides a suf^cient test coverage. Test case generation is obviously easy (if building the test oracle is as well).

For classi^cation purposes, domain partition testing and random testing on their own do not bring full bene^t:

Domain partition testing: As domain partition testing is concerned with determining test tuples revealing component behavior, such characteristic pairs seem to be adequate for indexing and classi^cation. Quite often, they have the nice property that human requesters can easily judge whether a particular input-output pair is adequate for the functionality s/he is looking for. But as classi^cation is concerned with comparing features of a candidate with the features of other ones, we are also interested in inputs causing congruent output if executed on different components. We refer to such inputs as commonality points.

Indeed, it is often the case that components with the same generalized signature belong to the same application domain and therefore signi^cant common input data can be found for them. E.g. in the realm of mathematical functions, such a commonality point might be the input ’0’. But in general, the property of having equivalent signatures does not indicate the semantic proximity, making it dif^cult to ^nd commonality points.

Thus, there is an inherent difference between testing during the conventional software development process and using test values as data points for classi^cation. The focus in classi^cation is discrimination between concrete like components whereas the focus during testing is discrimination against the unspeci^c set of solutions not satisfying the speci^cation at hand. Hence, data points resulting from domain partition testing (or whatever was considered as adequate testing strategy) has to be supplemented by further data points (see Section 2.4). We propose to generate those by means of random testing.

Random Testing: Algorithms for automatic classi^cation demand for a suf^cient number of data points. This aim cannot be achieved by strictly following domain partitioning as criterion for data point selection. It can be reached easily by random testing though.

A serious matter in relying on randomized input is the fact that the resulting classi^cation structure (not the classi^cation itself) is hard to understand. As an example, if you want to determine the behavior of a sine function you are not interested in purely randomly generated input, but in speci^c values, such as 0,^π_4 ,^π_2 , π, . . . to recognize the functionality immediately.

For the reasons given above we combine both approaches: (1) The speci^c values obtained from domain partition testing are usually easy to interpret. Hence, they enable the reuser to use some of his/her application domain knowledge, thus helping to understand the classi^cation. (2) Random testing lacks this feature but generates automatically suf^cient data to enable automatic classi^cation.

3. Analyzing data points

This section describes the process of building a classi- ^cation structure on the basis of knowledge represented as data points. Here the technique of supervised learning is appropriate for solving the problem, because all classes (components) are known in advance. First, the necessary preconditions are stated and then we check whether they are ful^lled in the domain of data point analysis. Section 3.2 presents a short introduction to the algorithm we are using to classify the components.

3.1. Prerequisites for Supervised Learning

Due to the nature of repository classi^cation we decided to adopt decision trees for analyzing classi^cation data. Decision trees have the advantages that (1) their intuitive representation helps to understand the result, (2) the construction process demands the fact base, but no further parameters from the application domain are necessary, and (3) the error rate of a classi^cation result is less or equal compared to all other classi^cation mechanisms [7].

According to [22] the following properties must hold for a problem ^eld to be suitable for decision tree algorithms. We brie~y describe them and discuss if they are satis^ed for repository classi^cation based on data point descriptors.

Property-value problem description: The problem must be described by a ^xed number of attributes of discrete or continuous nature.

Classi�cation data analysis: How can we view test data in terms of attribute-value pairs? For every component we know the output value on every input available within the partition. Hence, we can look at the input values as properties of a component and the computed output as a value of this property. During initialization the number of input values is ^xed because of the requirement of initial completeness (stated in section 2.4).

Prede�ned Classes: All classes (categories) must be known in advance.

Classi�cation data analysis: A class is an abstraction from individuals characterized by common properties. In our case, these properties are input-output values characterizing components. Therefore, a class in the ^eld of machine learning is equivalent to the term reusable component.

Discrete Classes: Classes must be disjunct. Classi�cation data analysis: As we see from the previous paragraph, (functionally identical) components build a class, which leads to classes with one member only. The proposition is therefore automatically ful^lled.

Suf�cient Data: The algorithm depends heavily on a relevant amount of data to ^lter out coincidences. Classi�cation data analysis: This is accomplished by combining domain partition testing with random testing, as described in section 2.6.

Boolean decisions: All decisions are based on relational operations resting on attribute values. Deeper structures (as expressions in predicate logic) cannot be handled. Classi�cation data analysis: Also this precondition is ful- ^lled, since every attribute must be instantiated with a value and no structural relations between the properties are given.

As in our domain of test data analysis all preconditions are satis^ed, we present in the next section the main characteristics of the C5-decision tree algorithm we are using to analyze the set of data points.

3.2. C5 Ű Decision trees

The C5- (or See5) Algorithm of Quinlan [22] learns inductively hierarchical rules for determining classes from a set of attributed examples. It works recursively on the training set T of examples of classes T = {C_1, C_2, . . . , C_k}. In every step three possibilities may occur:

(1) The set of examples T is empty. C5 then generates a tree leaf, labeled with null.

(2) All examples in T belong to one class C_j . C5 then generates a leaf, labeled with C_j

(3) The examples in T belong to more than one class. C5 selects the most informative attribute a_m and generates a node labeled with that attribute a_m. For every value v_{mi} of a_m (discrete type) or for a binary split (continuous type) C5 generates an edge labeled with v_{mi} (discrete) or two edges ≤ a_m, > a_m (continuous). The algorithm then determines the subset t_j ∈ T such that the attribute a_m contains value v_{mi} (discrete case), (≤ a_m, > a_m in the continuous case). C5 builds a decision tree with t_j \ {a_m} and puts this structure to an edge labeled v_{mi}, respectively (≤ a_m, > a_m).

C5 is able to classify classes described by continuous and discrete data. For continuous classes the most informative input is chosen to ensure a binary split of the class set allowing a simple navigation in the classi^cation hierarchy based on boolean decisions (see section 4.1 for details).

Furthermore, C5 offers some nice features, especially the ability to set the minimum number of cases supporting the classi^cation. In our context this is always ’1’, since for every component the quality of data points ensures, that only one attribute-value vector supports the classi^cation.

4. Classi�cation Examples

In this section we present two examples. The ^rst one classi^es components in the domain of simple numerical calculations (continous output). The second one presents the classi^cation of string predicates (discrete output).

4.1. A segment NUMBER → NUMBER

Here we analyze 32 Modula-3 functions with similar signatures from different packages. The 29 functions from the Math-package require one input parameter of type

LONGREAL and return LONGREALs. The functions from

the package Pts need a REAL as input and yield REAL as output. The SwapInt-function reverts the byte sequence of an arbitrary integer, INTEGER → INTEGER. Hence, we choose NUMBER → NUMBER as generalized signature for the partition. All functions are listed in ^gure 4.

1 Math.exp 12 Math.atan 23 Math.erf 2 Math.expm1 13 Math.sinh 24 Math.erfc 3 Math.log 14 Math.cosh 25 Math.gamma 4 Math.log10 15 Math.tanh 26 Math.j0 5 Math.log1p 16 Math.asinh 27 Math.j1 6 Math.sqrt 17 Math.acosh 28 Math.y0 7 Math.cos 18 Math.atanh 29 Math.y1 8 Math.sin 19 Math.ceil 30 Swap.SwapInt 9 Math.tan 20 Math.�oor 31 Pts.FromMM 10 Math.acos 21 Math.rint 32 Pts.ToMM 11 Math.asin 22 Math.fabs

Figure 4. The Σ_{NUMBER}!_{NUMBER} MODULAŋ3 segment

The functions are tested with 128 test cases. This proved to be a suf^cient number for a partition populated with 32 functions due to the C5’s information gain based selection of discriminating attributes. Normally, such a small number of tests tends to be very fragile with respect to the discrimination. But we designed our test bed to allow for repeated generation of test data, leading to the given high quality data points. Albeit, if continuous retesting cannot be established, the number of test cases must be signi^cantly higher.

Figure 5 shows a small fraction of the test data. Some symbolic values such as ∞, −∞ or error which are also possible outputs are useful knowledge about component behavior and, therefore, they are included in the output space.

Input exp gamma sin � � �
60.45364 23.13051 0.82726 0.00000005 � � �
759.54846 3.88E-56 -493.23063 -0.93741400 � � �
214.51063 0.00E+00 -5529.82350 -0.84772226 � � �
-107.50820 0.00E+00 -4608.86150 0.96978008 � � �
254.84983 0.00E+00 -4406.58105 0.66219540 � � �
-600.62990 4.26E+213 2554.85263 0.97112202 � � �
-220.66893 1.80E+308 4373.35105 0.98276884 � � �
-410.21593 2.12E+54 477.48241 -0.54213460 � � �
21.82793 1.80E+308 4346.32660 -0.44554438 � � �
-881.66637 1.44E-23 -157.53114 -0.72567260 � � �

.
.
.

              .
              .
              .

                           .
                           .
                           .

                                          .
                                          .
                                          .

                                                         . .
                                                           .

Figure 5. An excerpt from the partition

759.5484572962105 ¡= -0.937414:
:...254.84982608860264 ¡= -779:
: :...759.5484572962105 ¿ -Inf:
: : :...-881.6663687430487 ¡= -1.896022e+09: Swap.SwapInt
: : : -881.6663687430487 ¿ -1.896022e+09:
: : : :...-655.1335755461366 ¡= 1.570796: Math.floor
: : : -655.1335755461366 ¿ 1.570796: Math.gamma
: : 759.5484572962105 ¡= -Inf:
: : :...-881.6663687430487 ¿ -Inf: Math.sinh
: : -881.6663687430487 ¡= -Inf:
: : :...480.9568861754783 ¡= 0.1272288:
: : :...-655.1335755461366 ¡= -2.122066e+08: Math.y1
: : : -655.1335755461366 ¿ -2.122066e+08: Math.y0
: : 480.9568861754783 ¿ 0.1272288:
: : :...-655.1335755461366 ¡= -19.62465: Math.log
: : -655.1335755461366 ¿ -19.62465: Math.log10
: 254.84982608860264 ¿ -779:
: :...254.84982608860264 ¡= -1.569512:
: :...-364.17556593942084 ¡= 31.45787:
: : :...117.79561660815057 ¡= 1.487655: Math.atan
: : : 117.79561660815057 ¿ 1.487655: Math.asinh
: : -364.17556593942084 ¿ 31.45787:
: : :...-655.1335755461366 ¡= 5.477226e-05: Math.rint
: : -655.1335755461366 ¿ 5.477226e-05: Math.ceil
: 254.84982608860264 ¿ -1.569512:
: :...759.5484572962105 ¿ -1: Math.sin
: 759.5484572962105 ¡= -1:
: :...117.79561660815057 ¿ 81377.4: Math.expm1
: 117.79561660815057 ¡= 81377.4:
: :...786.8151975714864 ¡= 0.9962721: Math.tanh
: 786.8151975714864 ¿ 0.9962721: Math.erf
759.5484572962105 ¿ -0.937414:
:...-655.1335755461366 ¡= 3.385138e-09:
    :

Figure 6. Unformatted classi^cation

These tests are used as case base for the C5 algorithm. To minimize classi^cation errors we set the certainty factor to 100 percent. The resulting certainty factor depends heavily on the quality of the test data. Especially, if mandatory domain tests are members of the case base which overlap, the classi^cation precision to a large extent could suffer from that. If the mandatory values could not be omitted, less classi^cation precision results. We suggest to strive for domain tests which do not interfere.

A part of the raw text output of the classi^cation is given in ^gure 6. Every decision node is labeled with an input. Hence, here the output space is continuous, a relational operator divides the output space into two sections. As an example, consider the root of the tree, labeled with

759.548457. This value determines the input to all func-

tions. If the function’s output o ≤ -0.937414, these functions are grouped on the left side of the tree, all others are on the right side.

How does this indexing structure support the search for a component? If a software developer builds a product and becomes aware that an important functionality may be in the repository, s/he has already an imagination about the behavior. After choosing a signature from the available ones, the repository system selects a ^tting partition. The search is performed in an interactive manner as a Şmultiple choice testŤ: The input and the corresponding outputs are presented as a question: ŞOn that given input, which one of these outputs is correct with respect to your demand?Ť According to the searcher’s knowledge (or intuition), s/he decides which one of the suggested answers is correct and heads for the next question. After some iterations of repeated questions and answers, the correct component, resp. the lack of such component is recognized.

One search example is shown in ^gure 7. Here the searcher looks for a piece of code which allows her/him to reverse the order of bytes. On the input 759 (since the searcher knows about the representation of bytes as the decimal places are omitted and the rounding of ~oating numbers) s/he selects the most plausible answer, the path where the output o ≥ −1. After answering four questions, the searcher has reached the leaf, even if she/he has not known the exact behavior of the searched functionality.

Figure 7. Partial NUMBER → NUMBER decision tree

4.2. String predicates

The next small example is located in the domain of string predicates, were two strings are taken and relational properties are checked and returned as boolean.

In ^gure 8 seven C-functions from the ANSI-C standard library are shown. They all are tested carefully and from the pool of test data the presented data points are selected. The input is grouped by brackets, the parameters are separated by semicolon. The output is either true or false. Please note, that the last two input pairs (a;a) and (123;123) are redundant, as the same output behavior for all components in that segment is generated (;) also. From that example it is easy to see, that good test cases for checking functional domain borders may not be good data points for discrimi-

Input
isSubstring
   isPrefix
       isEqual
          isGreater
             isSmaller
                 isLonger
                    isShorter

(a;b) F F F F T F F
(;a) T T F F T F T
(a;ba) T F F F T F T
(abc;xy) F F F F T T F
(;) T T T F F F F
(a;a) T T T F F F F
(123;123) T T T F F F F

Figure 8. A string predicate partition

nating between different components.

The resulting decision tree is shown in ^gure 9. If the searcher is looking for a function to check the equality of two strings, ^rst the example (;a) is presented. The searcher decides that the empty string is not equal ”a” and so s/he chooses the tree branch ”(;a)” = F. The next question is easy to answer: ”(;)” = T leading immediately to the sought function isEqual.

(;a) = T:
:...(;) = T:
: :...(a;ba) = T: isSubstring
: : (a;ba) = F: isPrefix
: (;) = F:
: :...(a;b) = T: isSmaller
: (a;b) = F: isShorter
(;a) = F:
:...(;) = T: isEqual
    (;) = F:
    :...(abc;xy) = T: isLonger
        (abc;xy) = F: isGreater

Figure 9. String predicate decision tree

The string predicate example shows that also a complex signature (2 input values) can be handled. The classi^cation is not affected by complex signatures, neither on the input side nor on the output side.

5. Discussion

In our approach we classify reusable components according to their functional behavior expressed by inputoutput values. On the basis of discriminating data points components can be found without the need for knowing syntactical details. A similar approach can be found in the Squeak-Smalltalk system [9], where the method ^nder allows to declare examples and the system provides the searcher with the methods demonstrating the behavior. One disadvantage of the Squeak method ^nder is, that if the searcher does not know certain conventions such as parameter naming and parameter ordering, the system can not determine the correct method, although the examples might be correct. With data point browsing the searcher is confronted with given examples and syntactical details are left to the system.

Large reusable components containing a rich set of functionality in general have a complex signature. Even in this case, data point classi^cation is a feasible description technique. But due to the speci^c interface of such components the number of component packages in a partition is not very high. In such cases, the effort to maintain data points may outweigh the bene^ts. Particularly this occurs, if the pre- ^ltering done by signature matching narrows the candidate set in a suf^cient manner. Then the searcher is able to identify the component searched for by looking at conventional descriptors only.

If components do not behave deterministically, no characteristic data points can be found at ^rst sight. Examples of such ŞnondeterministicŤ components are on one hand methods of objects, where we rather treat the class in its entirety than its individual methods. On the other hand, functions with memory (such as random number generators) are to be considered.

In both cases nondeterminism is due to internal hidden states, which are used to calculate the functionality needed. We suggest two different approaches to handle the problem of internal state vectors:

(1) The internal input to the componenent is made explicit by extending the signature. Then the state vector is part of the function type and data transformations as inputoutput tuples are observable.

(2) If it is not feasable to reveal the internal structure and the read-write operations to internal state vectors, we analyze the long term behavior of the component in taking the execution trace into account.

An execution trace is the complete history of inputoutput tuples. Internal states ^gure only in so far, as the trace has to depart from a legal initial state (e.g. seed of a random function, initialization of an object) and proceed up to the current action. However, one has to ensure that reindexing operations must not con~ict with the sequence of the trace. Thus, the complete trace has to be represented in a node. This does not preclude ef^cient internal representations of nodes though (pre^x-trees).

We have to admit though, that purely indeterministic behavior will be dif^cult to handle if the reuser has not certain clues about the component needed. In our future work we are therefore rather focussing on the description of conventional state bearing objects (classes) and on the balance between easily interpretable data points relative to highly discriminative data points that do not ring a bell with the user browsing the repository.

6. Conclusion

Splitting repositories of reusable components according to signatures leads to relatively small partitions. Each partition holds components of equal signature, but different semantics. Within this Şclosed worldŤ, the semantics of components can be fully described by means of input-output data tuples.

The tuples used for classifying reusable components can be de^ned for classi^cation purposes only. However, both for reasons of economy as well as to support ease of interpretation it seems wise to have some of these data tuples taken from conventional test data suits. To fully discriminate amongst the components pertaining to a given signature partition these data points need to be augmented by automatically generated data. These additional classi^cation data points are generated by means of random testing.

Using an AI-classi^cation algorithm, balanced and ~at browsing structures can be obtained, so that users identify components based on their behavior. Thus browsing need not fully rely on conventional textual descriptions and still does not need deep knowledge about the repository or its organization. It is just based on the users domain knowledge and on mapping that domain knowledge onto intuitively meaningful data representing partial speci^cations of reusable components.

References

[1] S. Atkinson. Cognitive De^ciencies in Software Library Design. In Proc. of Asia-Paci^c Software Engineering Conference and International Computer Science Conference, pages 354Ű363. IEEE Computer Society Press, December 1997.

[2] K. Beck. Extreme Programming Explained Ű Embrace Change. Addison Wesley, 1999.

[3] A. Bouchachia, R. T. Mittermeir, and H. Pozewaunig. Document Texture and Structure for Software Retrieval. Technical Report ISYS-03-2000, Institute for Informatics Systems, Klagenfurt University, Austria, February 2000.

[4] S. Burbeck. Using Signatures to Improve Smalltalk Productivity and Reuse. ftp.sunet.se/pub7/lang/smalltalk/- Squeak/docs/SmalltalkSignatures.htm, 1995. (current February 16^{th}, 2000).

[5] M. Clermont, R. T. Mittermeir, and H. Pozewaunig. Advanced Signature Matching for Software Component Classi- ^cation. Tech. Rep. ISYS-02-2000, Institute for Informatics Systems, Klagenfurt University, Austria, February 2000.

[6] B. Fischer. Speci^cation-Based Browsing of Software Component Libraries. In D. Redmiles and B. Nuseibeh, editors, The 13th IEEE Conference on Automated Software Engineering, Honolulu, Hawaii, October 1998. IEEE CS Press.

[7] V. Ganti, J. Gehrke, and R. Ramakrishnan. Mining Very Large Databases. IEEE Computer, 32(8):38Ű45, 1999.

[8] R. J. Hall. Generalized Behaviour-based Retrieval. In International Conference on Software Engineering Ű ICSE93, Baltimore, MD, May 1993. IEEE Computer Society Press.

[9] D. Ingalls, T. Kaehler, J. Maloney, S. Wallace, and A. Kay.

Back to the Future: the Story of Squeak, a practical Smalltalk written in itself. In Proc. of the ACM SIGPLAN conference on Object-oriented programming systems, languages and applications, Atlanta, GA USA, October 1997.

[10] J.-J. Jeng and B. H. C. Cheng. Speci^cation Matching for Software Reuse: A Foundation. In M. Samadzadeh and M. Zand, editors, Proc. of the ACM SIGSOFT Symposium on Software Reusability, Seattle, WA, April 1995. Association for Computing Machinery.

[11] A. Mili, R. Mili, and R. T. Mittermeir. A Survey of Software Reuse Libraries. Annals of Software Engineering Ű Systematic Software Reuse, 5:349Ű414, 1998.

[12] T. M. Mitchell. Machine learning. McGraw-Hill, Boston, Mass., 1997.

[13] R. T. Mittermeir and E. Ko~er. Layered speci^cations to support reusability and integrability. Journal of Systems Integration, 3(3/4):273Ű302, September 1993.

[14] R. T. Mittermeir and H. Pozewaunig. Classifying Components by Behavioral Abstraction. In P. P. Wang, editor, Proc. of the 4th Joint Conference on Information Sciences Ű JCIS’98, volume 3, pages 547Ű550, RTP, North Carolina, USA, October, 23-28 1998.

[15] R. T. Mittermeir, H. Pozewaunig, A. Mili, and R. Mili. Uncertainty Aspects in Component Retrieval. In Proc. of the Seventh International Conference on Information Processing and Management of Uncertainty in Knowledge-Based Systems, pages 564Ű571, July 1998.

[16] G. Myers. The Art of Software Testing. Wiley & Sons, 1979. [17] G. S. Novak Jr. Software Reuse by Specialization of Generic Procedures through Views. IEEE Transactions On Software Engineering, 23(7):401 Ű 417, July 1997.

[18] W. E. Perry. Effective methods for software testing. Wiley, New York, et.al., 1995.

[19] A. Podgurski and L. Pierce. Behaviour Sampling: A Technique for Automated Retrieval of Reusable Components. In International Conference on Software Engineering, 14, pages 300 Ű 304, Melbourne, Australia, May 1992. IEEE Computer Society, IEEE Computer Society Press.

[20] R. M. Poston. Automated Testing from Object Models.

Journal of the ACM, 37(9):48 Ű 58, September 1994. [21] R. Prieto-Diàz. Implementing Faceted Classi^cation for Software Reuse. Communications of the ACM, 43(5):88 Ű 97, May 1991.

[22] J. R. Quinlan. C4.5 Ű Programs for Machine Learning. Morgan Kaufman Publishers, San Mateo, CA, USA, 1993.

[23] G. Salton, A. Wong, and C. S. Yang. A vector space model for automatic indexing. In K. S. Jones and P. Willett, editors, Readings in Information Retrieval, Multimedia Information and Systems, Morgan Kaufmann Publishers, San Francisco, CA, USA, 1997.

[24] A. M. Zaremski and J. M. Wing. Signature matching: a Tool for Using Software Libraries. ACM Transactions on Software Engineering and Methodology, 4(2), April 1995.

[25] A. M. Zaremski and J. M. Wing. Speci^cation Matching of Software Components. ACM Transactions on Software Engineering and Methodology, 6(4):333 Ű 369, October 1997.