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Abstract

Machine learning cdeals with the issue of how to buld programs that improve their
performance at some task through experience. Machine learning dgorithms have proven
to be of great practical value in avariety of apdication danains. They are particularly
useful for (a) poaly understood goblem domains where little knowledge exists for the
humans to devdop effective algorithms; (b) domains where there are large databases
containing valualde implicit regularities to be discovered; or (c) domains where programs
must adag to changng condtions. Not surprisingly, the field of software engineeing
turns out to be a fertile ground where many software devedopment tasks could be
formulated as learning problems and appoached in terms of learning dgorithms. In this
paper, we first take a look at the dharacteristics and appicahbility of some frequently
utilized machine learning dgorithms. We then provide formulations of some software
devdopment tasks using learning dgorithms. Finally, a krief summary is given of the
exstingwork.
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1. TheChallenge

The dalenge of modeling software system structures in a fastly moving scenario gives
rise to a number of demanding situations. First situation is where software systems must
dynamically adapt to changing condtions. The second ae is where the domains involved
may be poaly understood. And the last but not the least is one where there may be no
knowledge (though there may be raw data available) to develop effedive dgorithmic
solutions.

To answer the challenge, a number of approadches can be utilized [1,12]. One such
approad is the transformationd programning. Under the transformational programming,
software is developed, modified, and maintained at specificaion level, and then
automaticdly transformed into production-quality software through automatic program
synthesis [5]. This oftware development paradigm will enable software engineering to
become the discipline of capturing and automating currently undocumented damain and
design knowledge [10]. Software engineers will deliver knowledge-based application
generators rather than urmodifiable gpplication programs.

In order to redize its full potential, there ae tods and methoddogies nealed for the
various tasks inherent to the transformational programming. In this paper, we take alook
a how madine learning (ML) agorithms can be used to buld tods for software
development and maintenance tasks. The rest of the paper is organized as foll ows. Sedion
2 provides an owerview of machine learning and frequently used learning algorithms.
Some of the software development and maintenance tasks for which learning algorithms
are gplicable are given in Sedion 3. Formulations of thaose tasks in terms of the leaning



algorithms are discussd in Sedion 4. Sedion 5 describes me of the existing work.
Finally in Section 6,we @nclude the paper with remarks on future work.

2. Machine Learning Algorithms

Madine learning deds with the issue of how to buld computer programs that improve
their performance @ some task through experience[11]. Madine leaning agorithms have
been uilized in: (1) data mining problems where large databases may contain valuable
implicit regularities that can be discovered automaticdly; (2) poaly understood damains
where humans might not have the knowledge needed to develop effective dgorithms; and
(3) domains where programs must dynamically adapt to changing condtions [11].
Learning a target function from taining data involves many iswues (function
representation, hav and when to generate the function, with what given inpu, how to
evaluate the performance of generated function, and so forth). Figure 1 describes the
dimensions of the target function learning.

Major types of learning include: concept leaning (CL), dedsion trees (DT), artificial
neural networks (ANN), Bayesian belief networks (BBN), reinforcement learning (RL),
genetic dgorithms (GA) and genetic programming (GP), instance-based learning (IBL),
inductive logic programming (ILP), and analyticd learning (AL). Table 1 summarizes the
main properties of different types of learning.

Not surprisingly, madine leaning methods can be (and some have drealy been) used in
developing better todls or software products. Our preliminary study identifies the software
development and maintenance tasks in the following areas to be gpropriate for macine
leaning applicaions. requirement engineering (knowledge dicitation, pototyping);
software reuse (applicaion generators); testing and \alidation, maintenance (software
understanding); project management (cost, effort, or defect prediction a estimation).

3. Software Engineering Tasks

Table 2 contains alist of software engineering tasks for which ML methods are gplicable.
Those tasks belong to dfferent life-cycle processes of requirement specificeion, design,
implementation, testing and maintenance. This list is by no means a mmplete one. It only
serves as a harbinger of what may become afertile groundfor some exciting research on
applying ML techniques in software devel opment and maintenance

One of the dtradive apeds of ML techniques is the fact that they offer an invaluable
complement to the eisting repertoire of tools © as to make it easier to rise to the
chall enge of the dorementioned demanding situations.

4. Applying ML Algorithmsto SE Tasks
In this sction, we formulate the identified software development and maintenance tasks as
learning problems and approach the tasks using madine leaning algorithms.
Component reuse

Comporent retrieval from a software repository is an important issue in suppating
software reuse. This task can be formulated into an instance-based learning problem as
follows:
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Table 1. Major types of learning methods".

Type Target Target Search Inductive | Algorithm®
function function bias
generation?
AL Horn clauses Eager, Deductive B + set of Prolog-EBG
supervised, reasoning Horn clauses
D+B
ANN ANN Eager, Gradient Smoacth Badk-
supervised, descent guided | interpolation propagation
D (global) between data
points
BBN Bayesian Eager, Probabilistic, Minimum MAP, BOC,
network supervised, no explicit description Gibbs, NBC
D (global), seach length
explicit or
impli cit
CL Conjunction o Eager, Version Space cOH Candidate
attribute supervised, (VS) guided elimination
constraints D (global)
DT Dedsiontrees Eager, Information Preferencefor ID3, C4.5,
supervised, gain (entropy) small trees Asdgstant
D (global)
GA Bit strings, Eager, Hill climbing | Fitnessdriven | Prototypical
GP programtrees | unsupervised, (simulated GA/GP
noD evolution) algorithms
IBL Not explicitly Lazy, Statistica Similarityto | K-NN, LWR,
defined supervised, reasoning NN CBR
D (local)
ILP If-then rules Eager, Statisticd, Rule accuragy, | SCA, FOIL,
supervised, general-to- FOIL-gain, inverse
D (global) specific shorter clauses resolution
RL Control Eager, Through Actionswith Q, TD
strategy Tt unsupervised, training max. Q value
noD episodes

! The dassficaion hereis based on materiasin [11].
% The sets D and B refer to training data and damain theory, respedively.
% The dgorithmslisted are only representatives from different types of leaning.




Table 2. SE tasks and applicable ML methodk.

SE tasks Applicable type(s) of learning
Requirement engineering AL, BBN, LL, DT, ILP

Rapid prototyping GP

Comporent reuse IBL (CBR?

Cost/effort prediction IBL (CBR), DT, BBN, ANN
Defect prediction BBN

Test orade generation AL (EBLY)

Test data adequacy CL

Validation AL

Reverse engineaing CL

1. Comporents in a software repository are represented as points in the n-dimensional
Euclidean space (or casesin a case base).

2. Information in a cmporent can be divided into indexed and unindexed information
(attributes). Indexed information is used for retrieval purpose and urindexed
information is used for contextual purpose. Because of the curse of dimensiondity
problem [11], the dhoice of indexed attributes must be judicious.

3. Queriesto the repasitory for desirable components can be represented as constraints on
indexable dtributes.

4. Similarity measures for the nearest neighbors of the desirable component can be based
onthe standard Euclidean distance, distance-weighted measure, or symbalic measure.

5. The posgble retrieval methods include: K-Nearest Neighba, inductive retrieval,
Locally Weighted Regresson.

6. The aaptation d the retrieved comporent for the task at hand can be structural
(applying adaptation rules diredly to the retrieved component), or derivationd
(reusing adaptation rules that generated the origina solution to produce a new
solution).

Rapid prototyping

Rapid prototyping is an important tod for understanding and validating software
requirements. In additi on, software prototypes can be used for other purposes sich as user
training and system testing [18]. Different prototyping techniques have been developed for
ewvolutionary and throw-away prototypings. The eisting techniques can be aigmented by
including a machine learning approad, i.e., the use of genetic programming.

In GP, a computer program is often represented as a program treewhere the internal nodes
correspondto a set of functions used in the program and the external nodes (terminals)
indicate variables and constants used as inpu to functions. For a given problem, GP starts
with an initia popuation d randamly generated computer programs. The evolution
process of generating a final computer program that solves the given problem hinges on
some sort of fitnessevaluation and probabili sticdly reproducing the next generation d the

* CBR stands for case-based reasoning.
® EBL refers to explanation-based leaning.



program popuation through some genetic operations. Given a GP development
environment such as the one in [8], the framework of a GP-based rapid prototyping
processcan be described as foll ows:

1. Define sets of functions and terminals to be used in the developed (prototype) systems.

2. Define afitness function to be used in evaluating the worthiness of a generated
program. Test data (inpu values and expeded ouput) may be needed in asssting the
evaluation.

3. Generatetheinitia program popuation.

4. Determine seledion strategies for programs in the airrent generation to be included in
the next generation popuiation.

5. Dedde how the genetic operations (crosover and mutation) are crried ou during
ead generation and hav often these operations are performed.

6. Spedfy the terminating criteria for the evolution processand the way of cheding for
termination.

7. Trandate the returned program into adesired programming language format.

Requirement engineering

Requirement engineering refers to the processof establi shing the services a system shoud
provide and the mnstraints under which it must operate [18]. A requirement may be
functional or nonfunctional. A functional requirement describes a system service or
function, whereas a non-functional requirement represents a nstraint imposed on the
system. How to oltain functional requirements of a system is the focus here. The situation
in which ML algorithms will be particularly useful is when there exist empiricd data from
the problem domain that describe how the system shoud read to certain inpus. Under this
circumstance, functional requirements can be “leaned” from the data through some
leaning algorithm.

1. Let X and C be the domain andthe @m-domain of a system functionf to be leaned. The
dataset D isdefined as: D = {<x;, &>| X O X Oc O C}.

2. Thetarget functionsf to beleanedis suich that [x O X and Oc, O C, f(X) = ¢« .

3. Theleaning methods appli cable here have to be of supervised type. Depending on the
nature of the data set D, different leaning algorithms (in AL, BBN, CL, DT, ILP) can
be utili zed to capture (lean) a system’s functional requirements.

Rever se engineering

Legacy systems are old systems that are aiticd to the operation d an organization which
uses them and that must still be maintained. Most legacy systems were developed before
software engineering techniques were widely used. Thus they may be poaly structured
and their documentation may be ather out-of-date or nonexistent. In order to bring to
bea the legacy system maintenance, the first task is to recover the design or speaficaion
of a legacy system from its urce or exeatable a@de (hence the term of reverse
engineging, or program comprehension and uncrstanding). Below we describe a
framework for deriving functional specificaion d a legacy software system from its
exeautable mde.

1. Giventhe exeautable code p anditsinpu dataset X, and ouput set C, the training data
set D isdefined as: D ={< x;, p(x )>| x O X Op(x) O C}.
2. The process of deriving the functional spedficaion f for p can be described as a
learning problem in which f is learned through some ML algorithm such that
O O X [ (x) = p(x)].-
3. Many supervised learning methods can be used here (e.g., CL).



Validation

Verification and \validation are important checking processes to make sure that
implemented software system conforms to its gedfication. To chek a software
implementation against its gpedfication, we asume the avail abili ty of both a specification
and an exeautable mde. This cheding process can be performed as an analytic learning
task asfollows:

1. Let X and C be the domain and co-domain of the implementation (exeautable cde) p,
whichisdefined as: p: X - C.

2. Thetraining set D isdefined as: D = {<x;, p(x)>| x O X }.

3. The spedfication for p is denated as B, which corresponds to the domain theory in the
analytic leaning.

4. Thevalidation checking isdefined to be: pisvalid if

O<x, p(x)> 0 D [B Ox = p(x)]-

5. Explanation-based leaning algorithms can be utilized to cary out the deding

process

Test oracle generation

Functional testing invalves exeauting a program under test and examining the output from
the program. An orade is needed in functional testing in order to determine if the output
from a program is corred. The orade can be a human or a software one [13]. The
approach we propose here alows a test orade to be leaned as a function from the
spedficaion and a small set of training data. The learned test orade can then be used for
the functional testing purpaose.

1. Let X and C be the domain and co-domain of the program p to be tested. Let B be the
spedficaionfor p.

2. Define asmall training set D as: D = {<x;, p(x)>|x O X' OX' O X Op(x) O C}.

3. Usethe explanation-based learning (EBL) to generate atest orade® (©: X - C) for p
from B and D.

4. Use O for thefunctiona testing: [x [ X [output of piscorrect if p(x) = ©(x)].

Test adequacy criteria

Software test data adequacy criteria ae rules that determine if a software product has been
adequately tested [21]. A test data adequacy criterion{ isafunction: {: Px Sx T - {true,
false} where P is a set of programs, S a set of spedfications and T the dassof test sets.
(p, s, t) = true means that t is adequate for testing program p against spedfication s
acording to criterion . Since ( is essntially a Bodean function, we can use astrategy
such as CL to learn the test data adequacy criteria.

1. DefinetheinstancespaceX as. X ={ <p, s, t>|p P O0s0S Ot OT}.

2. Definethetrainingdataset D as. D ={<x, {(X)>|x O X O {(xX) OV}, whereV is
defined as: V = {true, falsg}.

3. Use the mncept of version space and the canddate-elimination agorithm in CL to
lean the definition d .

Softwar e defect prediction

Software defed predictionis avery useful and important tod to gauge the likely delivered
quality and maintenance effort before software systems are deployed [4]. Predicting
defedsrequires ahdlistic model rather than a single-issue model that hinges on either size,
or complexity, or testing metrics, or processquality data done. It is argued in [4] that all



these factors must be taken into consideration in order for the defed prediction to be
successul.

Bayesian Belief Networks (BBN) prove to be avery useful approach to the software
defed prediction problem. A BBN represents the joint proballity distribution for a set of
variables. This is accomplished by speafying (a) a direded acyclic graph (DAG) where
nodes represent variables and arcs correspondto condtiond independence assumptions
(causal knowledge &ou the problem domain), and (b) a set of locd condtional
probability tables (one for each variable) [7, 1. A BBN can be used to infer the
probabili ty distribution for a target variable (e.g., “ Defects Deteded”), which speafies the
probability that the variable will take on ead of its possble values (e.g., “very low”,
“low”, “medium”, “high”, or “very high” for the variable “Defeds Deteded”) given the
observed values of the other variables. In general, a BBN can be used to compute the
probabili ty distribution for any subset of variables given the values or distributions for any
subset of the remaining variables. When using a BBN for a dedsion suppat system such
as oftware defed prediction, the steps below shoud be foll owed.

1. ldentify variables in the BBN. Variables can be: (a) hypathesis variables for which the
user would like to find out their probabili ty distributions (hypothesis variable are ather
unolservable or too costly to observe), (b) information variables that can be observed,
or (c) mediating variables that are introduced for certain pupose (help reflea
independence properties, facilitate aquisition d condtional probabiliti es, and so
forth). Variables sioud be defined to refled the life-cycle activities (spedfication,
design, implementation, and testing) and cgpture the multi-facet nature of software
defeds (perspectives from size, testing metrics and process quality). Variables are
denated as nodes in the DAG.

2. Define the proper causal relationships among variables. These relationships aso
shoud capture and refled the causality exhibited in the software life-cycle processes.
They will be represented as arcsin the arrespondng DAG.

3. Acquire aprobability distribution for ead variable in the BBN. Theoreticdly well-
founced probabiliti es, or frequencies, or subjective estimates can al be used in the
BBN. The result is a set of condtional probability tables one for each variable. The
full joint probabili ty distribution for al the defed-centric variables is emboded in the
DAG structure and the set of condtional probability tables.

Project effort (cost) prediction

How to estimate the cost for a software projed is a very important isdle in the software
projed management. Most of the existing work is based on agorithmic models of effort
[17]. A viable dternative gproach to the project effort prediction is instance-based
leaning. IBL yields very good performance for situations where an algorithmic model for
the prediction is not possble. In the framework of IBL, the prediction process can be
caried ou asfoll ows.

1. Introduce aset of fedures or attributes (e.g., number of interfaces, size of functional
requirements, development tools and methods, and so forth) to charaderize projeds.
The dedsion onthe number of features has to be judicious, as this may bemme the
cause of the curse of dimensiondity problem that will affed the prediction accuracy.
Collea data on completed projects and store them as instancesin the cae base.

Define similarity or distance between instances in the case base acording to the
symbadlic representations of instances (e.g., Euclidean dstance in an n-dimensional
spacewhere n is the number of feaures used). To overcome the potential curse of

W



dimensionality problem, features may be weighed dfferently when caculating the
distance (or simil arity) between two instances.

4. Given a query for predicting the dfort of a new projed, use an agorithm such as K-
Nearest Neighba, or, Locally Weighted Regresson to retrieve similar projeds and use
them as the basis for returning the prediction result.

5. Existing Work

Severa areas in software development have dready witnessed the use of machine learning
methodk. In this dion, we take alook at some reported results. The list is definitely not a
complete one. It only serves as an indication that people redize the potential of ML
tedhniques and tegin to reap the benefits from applying them in software development and
maintenance

Scenario-based requirement engineering

The work reported in [9] describes a formal methodfor suppating the processof inferring
spedficaions of system goals and requirements inductively from interadion scenarios
provided by stakehoders. The method is based on a learning agorithm that takes
scenarios as examples and courter-examples (positive and regative scenarios) and
generates goal spedfications astemporal rules.

A related work in [6] presents a scenarios-based elicitation and validation assstant that
helps requirements enginees aauire aad maintain a spedafication consistent with
scenarios provided. The system relies on explanation-based learning (EBL) to generalize
scenarios to state and prove validation lemmas.

Softwar e project effort estimation

Instance-based learning tedhniques are used in [17] for predicting the software project
effort for new projeds. The empiricd results obtained (from nine different indwstrial data
sets totaling 275 pojeds) indicate that cased-based reasoning offers a viable complement
to the eisting prediction and estimations techniques. A related CBR application in
software dfort estimationis givenin [20].

Dedsiontrees (DT) and artificial neural networks (ANN) are used in [19] to help predict
software development effort. The results were competitive with conventional methods
such as COCOMO and function pants. The main advantage of DT and ANN based
estimation systemsis that they are alaptable and nonparametric.

The result reported in [3] indicaes that the improved predictive performance can be
obtained through the use of Bayesian analysis. Additional research onML based software
eff ort estimation can be foundin [2,14,15,1§.

Softwar e defect prediction

Bayesian belief networks are used in [4] to predict software defeds. Though the system
reported is only a prototype, it shows the potential BBN has in incorporating multiple
perspedives on defect predictioninto asingle, unfied model.

Variables in the prototype BBN system [4] are chosen to represent the life-cycle processes
of spedfication, design and implementation, and testing (Problem-Complexity, Design-
Effort, Design-Size, Defeds-Introduwced, Testing-Effort, Defeds-Deteded, Defeds
Density-At-Testing, Residual-Defect-Court, and Residual-Defect-Density). The proper
causal relationships among those software life-cycle processes are then captured and
reflected as arcs conneding the variables.



A tod isthen used with regard to the BBN model in the foll owing manner. For given facts
abou Design-Effort and Design-Size & inpu, the tod will use Bayesian inference to
derive the probability distributions for Defeds-Introduced, Defeds-Deteded and Defect-
Density.

6. Concluding Remarks

In this paper, we show how ML algorithms can be used in tackling software engineering
problems. ML algorithms not only can be used to buld todls for software development
and maintenance tasks, bu also can be incorporated into software products to make them
adaptive and self-configuring. A maturing software engineeing discipline will definitely
be aleto benefit from the utili ty of ML techniques.

What lies aheal is the isaue of redizing the promise and pdential ML tedhniques have to
offer in the drcumstances as discussed in Section 4.1n addition, expanding the frontier of
ML application in software engineering is ancther diredion worth pusuing.
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