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Abstract 1. Introduction

Reuse of existing code from class libraries and frameworks is often When implementing common software features, such as HTML
difficult because APIs are complex and the client code required to parsing, developers prefer to reuse existing libraries and frame-
use the APIs can be hard to write. We observed that a commonworks. Unfortunately, the same features that make libraries
scenario is that the programmer knows what type of object he potentially reusable tend to make library APIs difficult for pro-
needs, but does not know how to write the code to get the object. grammers. The first feature is API size. For example, J2SE, the
In order to help programmers write AP client code more easily, 344 standard library, exposes a wide range of reusable compo-
we developed techniques for synthesiziggloid code fragments — entg a5 thousands of classes with 21,000 methods, too many
automatically given a simple query that describes that desired codey, joa 1 or remember easily. The second feature is flexibility
In terms of input and output types. A jungloid is simply a unary In order to make libraries fléxible while keeping them main—.
expression; jungloids are simple, enabling synthesis, but are alsotainable designers package functionality as small composable

versatile, covering many coding problems, and composable, com- ", - .
bining to form more complex code fragments. We synthesize jun- units. Often the programmer must find and integrate several

gloids using both API method signatures and jungleitdisedfrom such units to use even basic features of the library.
a corpus of sample client programs. Consider the programming task of parsing a Java source
We imp|emented a tOO'PROSPECTOR based on these tech- COdGl file US{ng.the EC“pse IDE framewor.k version 21, as-
nigues PROSPECTOR integrated with the Eclipse IDE code assis- suming the file is represented by &Rile object. Two of the
tance feature, and it infers queries from context so there is no needauthors encountered this problem independently, and in each
for the programmer to write queries. We tesRRIOSPECTORON case it took several hours to arrive at the desired code, which is
a set of real programming problems involving APPROSPECTOR shown here.
found the desired solution for 18 of 20 problems. We also evaluated IFile file = ...;
PROSPECTORN a user study, finding that programmers solved pro- IC;:P;:I:°‘C‘S:;§;I&; Lt fonUni tFrom(£i1e)
. . . . v . i i i i 5
gramming problems.more quickly and with more reuse when using ASTNode ast = AST.parseCompilationUnit(cu, false);
PrRosPECTORhan withoutPROSPECTOR ) ) -
) . . ) This example illustrates some of the difficulties program-
Categories and Subject DescriptorsD.2.6 [Software Engineer-  mers often encounter. First, a programmer unfamiliar with the

ing]: Programming Enyironments—lntegrated Environments; framework would not think to look at classavaCore, yet
D.2.13 [Software Engineeririjg Reusable Software-Reuse jayacore is a crucial link: one of its static methods converts
Models; 1.2.2 Artificial Intelligencg: Automatic Programming— gne type of file handl€File, to anotherICompilationUnit,

Program synthesis that can be used by the parser. Second, the programmer may
General Terms Experimentation, Languages look for clues using the class browsing features provided by

) o object-oriented IDEs, but that will not help here: the IDE can
Keywords reuse, program synthesis, mining easily show members dfFile, but the first step is a static

method of a different class. Finally, although a programmer
* This work is supported in part by the National Science Foundation, with y 9 prog

grants CCF-0085949, CCR-0105721, CCR-0243657, CNS-0225610, CCR-Might know that the result of parsing is a@STNode, and
0326577, an award from University of California MICRO program, the Might thereforegrep for methods returningtSTNode, the
Okawa Research Award, as well as donations from IBM and Intel. This method parseCompilationUnit would not be found be-
work has also been supported in part by the Defense Advanced Researcttause its return type is actuallympilationUnit, a subclass
Projects Agency (DARPA) under contract No. NBCHC020056. The views  of ASTNode. Issues such as these make it hard for programmers
expressed herein are not necessarily those of DARPA or IBM. to write the code they need in order to use complex APIs.

To help programmers use APls more easily and thus achieve
more of the potential of reuse, we have developed techniques
for synthesizing API client code automatically. As an applica-

Permission to make digital or hard copies of all or part of this work for personal or tion of these technlques, we h-ave mplemeri?a@spECToR
classroom use is granted without fee provided that copies are not made or distributeda_ tool that IOOkS_tO _the US(_BI‘ like a programmer_’s “searc_:h en-
for profit or commercial advantage and that copies bear this notice and the full citation gine” packaged inside Eclipse’s “code completion” assistant.
on Fhe first page. To copy ptherwisuls, tp republish, to post on servers or to redistribute A programmer trying to write code for an API can express his
tolists, requires prior specific permission and/or a fee. needs toPROSPECTORas a simple query, anBROSPECTOR
Zﬁﬁy’ﬁggté“g‘&?;éﬁg i?é)éggc;lf;gf’g',gg?gg%gf’;g00_ will synthesize a list of candidate code snippets like the one
above. These snippets refer to variables in the user’'s program,



and they are suitable for immediate insertion into the user’s tion suggests complete code snippets for computing the value,
source code. Like familiar text search enginBBPSPECTOR so there is no need for the user to even know that there is a
does not guarantee that the results are exactly what the useguery language.
wanted, but given a short list of examples fr#ROSPECTOR Having described our query language, we now turn our
it is not too difficult for the user to select a result and verify attention to the code snippets we synthesize in response to
it manually. An experiment found th®ROSPECTORwas able gueries. The desired answer to a query could use almost any
to answer 18 of 20 queries derived from real problems, and in features of the programming language, but we have found
each case, the user found the answer to the original program-that the answer often has a single input object and a single
ming problem after looking at fewer than 5 code snippets. output object, with a chain of intervening objects obtained with
For the synthesis results to be accurate, the query languagenethod calls. We call this kind of code snippet a jungfbid.
must be specific, but it must also let the programmer expressWhen programmers get stuck writing API client code, the
her needs easily and naturally, otherwise writing the queries desired code is often a jungloid: an informal study of 16 cases
will be more effort than writing the code by hand. For ex- where a programmer got stuck attempting reuse found that in
ample, describing parsing exactly is almost as much effort as 9 cases the desired code was a jungloid, and in 3 others the
writing a parser, and requires much more text than the code desired code could be decomposed into multiple jungloids.
to be generated. In our query language, which balances speci- Not only do jungloids cover many problems, but their sim-
ficity with ease of use, a query is a p&it;,,, 7out ), Wherer;, ple form makes synthesizing them easy. Observe that the ba-
andr,,; are class types. An answer to the query is a synthe- sic expressions that form jungloids are unary expressions, such
sized code snippet that takes a single input object of type as calls to unary methods. The set of such basic expressions
and returns a single output object of typg,;. Code snippets  supported by an API can be derived from its signatdrés.
that satisfy these queries solve many programming problemsdirected graph can then be formed, in which each class is rep-
involving reuse, as we will explain later. In our parsing ex- resented by a node, and each basic expression is represented
ample, once the programmer learns that ASTs are representedy an edge from its input type to its output type. Thus, every
by ASTNode objects, she can describe parsing a file with the jungloid supported by the API is represented as a path in the
query (IFile, ASTNode). Many programming problems, es-  graph. We find jungloids in response to a quéry,, Tout) by
pecially those arising during reuse attempts, can be expressedearching the graph for paths from, to 7,.;. Because there
fairly naturally as a query of this form, including but not limited can be many paths, we rank the jungloids using a heuristic,
to converting between data representations, traversing objectplacing jungloids more likely to be wanted by the programmer
schemas, and finding replacements for code containing depre-at the top of the list. This list is presented to the user, who se-
cated methods. lects the desired jungloid, which is then inserted into the user’s
Note that a query expresses only a part of the program- code.
mer’s intent, so some code snippets that satisfy the query may However, some jungloids cannot be synthesized using sig-
not solve the programmer’s problem. Most classes are specificnatures alone because they contain features not precisely de-
enough so that the results match the programmer’s intent, butscribed by the static type system, such as downcasts. Here is
some classes have multiple meanings. For example, if the useran example, which retrieves dResource object represent-
has aString representing the name of a Java source code file ing a file selected by the user in the Eclipse GUI:
he wants to parse, he might run the quéyring, ASTNode), ,
which describes the desired code, but also describes code that =~ SelectionChangedEvent event = ...

J tained iftari H th IStructuredSelection sel =
parses Java source contained | ing. However, the pro- (IStructuredSelection) event.getSelection();

grammer can easily find the desired result in a short list, and IResource res = (IResource) sel.getFirstElement();
this is much easier than writing a query that describes the de- . .
sired result exactly. The type of the value returned lggtFirstElement () is

Some programming problems that are not directly express- d_etermined at run time by a configuration file, so the method
ible in our query language can still be reduced to one or more Signature must declare return typeject. In order to use the
queries. In particular, the programmer may know only that returned value, the programmer must provide its type in the
he needs an object of type,,;. For example, a programmer ~ formofa downcast. , , ,
writing a GUI may need the active window, which is repre- Because signatures do not contain enough information
sented by ®hel1 object, without knowing or caring what in- about which downcasts are legal at run time, we turn to another
put object to use. We réduce this problem to our base prob- Source of information: examples. Existing API client code con-
lem by collecting the set of types of objects lexically visi- {@ins many examples of using downcasts correctly. Thus, we
ble at the current poinfro, . .., .}, and generating queries &N mine a corpus of working qode for snippets containing
(71, Tout)s - - - (Th, Towt ). This reduction is especially useful glowncasys and expect these snippets to function prqperly if
because it allowsPROSPECTORto be integrated with code ~ inserted into other programs. In fact, finding and copying ex-

completion. Code completion is a feature supported by many

IDEs that the user can invoke while typing to view a list of - - )

ti di t lected i t ticallv. E to get from something you have (e.g. an IFile) to something you need (e.g.
Squesi 'O,r;?[han Insert a se ,ec ek SUQQC?S 1on al|J (t).mallca; yf't OLn ASTNode), like a monkey swinging from vine to vine through the jungle.
examp E’ It the pro.gramme(rjlnvo eSI code C(.)ﬁnphe lon jll.JS af er 2We use the term more generally here to refer to all the elements of the
typing the textmyList ., code completion will show a list o static type system: method signatures, field declarations, and class hierarchy
members ofiyList. With PROSPECTORWhen the useristyp-  declarations.
ing code that requires a value of a certain type, e.g., when thespgcayse the type is determined at run time, unless Eclipse is substantially
cursor is on the right-hand side of an assignment, code comple-redesigned, the cast in this example would be required even with Java 5

Generics.

1A jungloid consists of just the chain of objects and method calls you need



amples is a common coding technique used by programmers The main contributions of this work are as follows:

even for APIs that do not require downcasts. Unfortunately,

programmers often find examples hard to understand and make

errors adapting the example to their own coqle, because exam- and identified an easily synthesized kind of query result,

ples in real code are often woven together with other code and iunaloids

spread across multiple methods and files. Our automatic tech- jung ' . .

niques do not suffer from these problems, because we convert * Ve developed a representation for combining two sources

examples to jungloids, which are simple, concise summaries ~ ©f information about API usage, signatures and examples,

of API usages. along with algorithms that operate on this representation to
However, a collection of example jungloids by itself does ~ Synthesize jungloids from queries. . . _

not provide enough information to answer many jungloid * We constructedPROSPECTOR a practical Eclipse plugin

queries. First, simply searching a collection of examples for ~ tool based on these ideas. We performed a user study that

¢ We designed an easy-to-use, yet sufficiently specific, query
language for describing object-oriented API client code,

references to;,, andr,,; would miss a relevant example that found that programmers can solve reuse problems twice
yields a subclass af,,;. Second, examples are often too short, as fast withPROSPECTORthen without. PROSPECTORIs
showing only a part of the task. Consider our parsing query  available for download at:

(IFile, ASTNode): if all the available examples of calling www.cs.berkeley.edu/ mandelin/prospector

parseCompilationUnit() take ICompilationUnit as

input instead offlFile, then even if searching finds examples, The rest of this paper is organized as follows. Section 2

they will not show how to solve the problem completely. presents definitions of our terms and the jungloid synthesis
We have seen two ways of discovering jungloids, synthesiz- problem. Section 3 des_crlbes our_solut|on base(_j on the signa-
. hture graph to the jungloid synthesis problem for jungloids that

ing from signatures and searching for examples, each of whic . ) X
has unique advantages. Signatures can be used to form a Simgo not contain downcasts. Section 3 also explains how we rank

ple representation of all jungloids that type check, but they Jl_JnglOids to make it e_asierfor the user to fin_d the (_:iesired solu-
provide little information about how downcasts behave at run tion. Section 4 eXP'a'r!S hOW_ to s_y_nthe5|ze _Jungl0|ds that con-
time. Examples allow us to find downcasts that are likely to tain downcasts using jungloid mining. Section 5_descr|bes the
pass run-time type checking, but an example is often only a implementation ofPROSPECTOR Section 6 describes the de-
partial solution to a reuse problem. In order to combine these sign of our experiments, and Section 7 lists and discusses the

advantages, we have developed a common representation thd€sults. Section 8 surveys related work and Section 9 concludes

allows efficient, precise query processing, jhiegloid graph the paper.

Signatures are represented as explained earlier, in a directed . .

graph where the nodes are types and edges are expressions dé- The Jungloid Synthesis Problem

rived from signatures. Examples are extracted from their con- This section defines the jungloid synthesis problem formally.
text as jungloids, converted to paths, and added to the graph.we begin with definitions of queries, jungloids and the search
The result is a graph with refined types, which indicate more problem. Then, we present a real programming problem and

accurately which downcasts will succeed at run time. We can show how queries and jungloids are used to solve the problem.
run the same search and ranking algorithms developed for the

signature graph on the jungloid graph to synthesize jungloids 2.1 Definitions
from signatures and any number of examples. We start by defining the query that acts as a partial specification
We can even synthesize code snippets that are more generahf the jungloid to be synthesized.
than jungloids, in particular snippets that call methods with
more than one input. Such code snippets can be built up from DEFINITION 1. A jungloid queryis a pair (7, Tout), Where
several jungloids, each synthesized in response to a separate;, and,,; are class type$.
user query. A typical scenario is that the first query returns a
jungloid in which the second argument of a method has not
been synthesized. We can generate such a jungloid simply by
pretending during synthesis that multi-input methods have only perniTion 2. An elementary jungloidis a typed unary ele-
one input. To complete the code, the user simply issues anotheimentary expressionz. e : Tin — Tour, Wherer;,, and Tou:
query with the type of the second argumentag . are class types.
Finally, we tested whether programmers are able to reuse
code more effectively witlPROSPECTOR We asked program- Elementary jungloids may contain free variables. Free vari-
mers to complete four programming problems that could be ables cannot be bound during jungloid synthesis; they can be
solved by reuse, solving two problems wiRosPECTORaNd bound only after the jungloid is inserted into user code. Be-
two without. We found that, on average, programmers using cause free variables are not used for synthesis, we allow them
ProsPECTORsolved the problems twice as fast as the base- to be of any type, including primitive types.
line programmers. We also found that when programmers had  For Java, we define six kinds of elementary jungloids.
ProspPECTORthey solved the problems by reuse, but without
PrRosPECTORthey often resorted to reimplementation. Thus,
ProsPECTORNelps programmers solve problems faster while
writing better code.

Jungloids are formed by composing elementary jungloids,
defined as follows.

¢ Field Accesslf classT declares a field of typ®g, U £, then
there is an elementary jungloi. z.f : T — U.

4In our Java implementatiorr;,, and 7., may be any reference type,
which includes class, interface, and array types. The only types we exclude
are primitive types such aimt, which could represent anything from an
array bound to a cryptographic key.



¢ Static method or constructor invocation. If classC de- problem of synthesizing the code to coordinate these classes,
clares a static method (or constructor) with at least one once the classes are known.)

class-typed parametéf, m(...,T a,...), then thereis Given the class names, the developer can refine the question
an elementary jungloidz. C.m(...,z,...) : T — U. The to: “What code takes afEditorPart as input and returns an
other parameters are free variables. There is one elementaryiDocumentationProvider object that represents the data
jungloid for each class-typed parametemd? . contained in the editor?” The query

If classC declares a static method (or constructor) with
no parametersT m(), there is an elementary jungloid
Az. C.m() : void — T'. Usinguoid in this way extends  expresses this question, but only partially, because the query
jungloids to cover expressions with no input values, such as does not describe the desired semantic relationship between the
constructor invocations with no arguments. objects.

Instance method invocation.Instance methods are han- We can build up one of the solution jungloids for the query
dled like static methods, with the receiver treated as anotherby composing the following two elementary jungloids, which
parameter. For example, if there is an instance method s legal because the output type of the first is the same as the

(IEditorPart, IDocumentationProvider)

T.m(), then there is an elementary jungloidt. z.m() : input type of the second.
T—-U. 1 \ . .
* Widening reference conversionln Java, a widening refer- ’ o .x'getEdltorInpl?t() )
ence conversion (hencefortlidening is a conversion from IEditorPart — IEditorInput
a reference typ® to one of its supertypes. Widening has no 2. Az. dpreg.getDocumentProvider(z) :
syntax; the compiler inserts widening conversions automat- IEditorInput — IDocumentProvider

ically as needed for method and constructor arguments. We
use a widening elementary jungloid to connect a jungloid Here is the solution jungloid, which contains a free variable,
that outputs & to a jungloid that inputs a supertypebf dpreg:
If Tisasubtype ofl (T extends UorT implements

U), then there is an widening elementary jungldid. x :
T—U.

» Downcast® If U is a subtype off, then there is an elemen-
tary jungloidAz. (U)z: T — U.

Az. dpreg.getDocumentProvider(z.getEditorInput()):
IEditorPart — IDocumentProvider

Assuming that the user has declared a variable nasped
of type IEditorPart for the input object, we would translate
the solution jungloid to the following Java code:

DEeFINITION 3. A jungloid is a well-typed composition of el-
ementary jungloidsWell-typed means that the output type of
each elementary jungloid (except the outermost) is the same as
the input type of the elementary jungloid it is composed with.

IEditorInput inp = ep.getEditorInput();
DocumentProviderRegistry dpreg; // free variable
IDocumentProvider dp = dpreg.getDocumentProvider (inp) ;

We generated a variable declaration for the free variable
so that the user knows he needs to create another object. The
best way to do this is with a query that expresses the output
type only, because the user does not necessarily know from

The jungloid synthesis problem is the problem of finding so- what values the object should be computed. As mentioned
lution jungloids for queries. Our solution to the search problem in the introduction, such a query can be reduced to jungloid
is described in Sections 3 and 4. Also, Section 3.2 describesqueries by using the types of lexically visible objects as input
techniques for ranking jungloids, with the goal of identifying types. Assuming there are no other declarations, the visible
solution jungloids that are likely to satisfy the aspects of the objects ardEditorPart ep andIEditorInput inp. The

DEFINITION 4. A solution jungloid for the query(7;,, Tout)
is a jungloid \x.e : T;,y — Touw SUch thatr,,, = 7, and
Tout’ = Tout-

user’s intent not expressed in the query. resulting jungloid queries are:

2.2 Programming with Jungloids (IEditorPart,DocumentProviderRegistry)
We will illustrate the preceding definitions on a simplified (IEditorInput,DocumentProviderRegistry)
version of Eclipse FAQ 270 [3], acommon problem in practice. (void, DocumentProviderRegistry)

Eclipse JDT is an extensible Java IDE with a complex API, ) . , - ,
with which developers can create visual editors for different We includevoid so that if none of the visible objects can be

kinds of programs and data. New developers are often stumpedSed to computeBocumentProviderRegistry, we can try
by the questlon “HOW do | marnpu'ate the data |n my Visual to Compute one fI’0m constructors and static methOdS In faCt,

editor?” the first two queries have no solution jungloids, andthéd

The first step is to learn that the visual aspects of the editor query is the one that returns the desired jungloid:
are represented by @&ditorPart object and the underlying
data is manipulated through @@ocumentationProvider
object. A programmer can find this out by searching documen-
tation and class libraries. (Finding these classes is an importantryansiating this jungloid to Java finishes the problem:
part of answering the question, and has been addressed by prior

work, such as CodeBroker [16]. In this paper, we focus on the IEditorInput inp = ep.getEditorInput();

DocumentProviderRegistry dpreg =
DocumentProviderRegistry.getDefault();

IDocumentProvider dp = dpreg.getDocumentProvider (inp) ;

Az. DocumentProviderRegistry.getDefault() :

void — DocumentProviderRegistry

5The Java specification calls downcastsrowing reference conversions
but this paper uses the more familiar tedmwncast



Thus, we have seen how a difficult programming problem situation is similar to that encountered by a text search engine,
can be decomposed into two jungloid queries, and how the which can find millions of documents in response to a query.
solution jungloids for the queries can be used to generate theSearch engines solve this problem by ranking the documents
required Java code. In the next section, we describe how toaccording to their likelihood of being relevant to the user’s

synthesize solution jungloids for queries. original question. Similarly, we rank jungloids, with the goal
of mir_limizing thg nL_meer of ju_ngloids the programmer must
3. Finding Jungloids Using Signatures examine before finding the desired one.

. . . ) L . Because user intent is hard to analyze, our ranking relies
In this section, we describe how to find solution jungloids that ,, 5 heuristic: ordering jungloids by length, assigning the top

do not contain downcasts. Our techniques use AP signaturesnis 1o the shortest jungloids. Although simple, this heuristic
only; we make no use of method implementations or client js yery effective, for several reasons. First, between two jun-
code. In the first part, we describe the signature graph, a rep-gqigs that satisfy the user’s intent, the more concise one is pre-
resentation of the jungloids of an API constructed from its sig- farred. Second, a shorter jungloid is less likely to fail by throw-
natures, and how it is used to find solution jungloids. In the ing an exception or returning a null value: if we assume that
second part, we explain why some solution jungloids are better 5.1, elementary jungloid fails with fixed probability then
than _others_ and describe ranking a heuristic for identifying the 5 ghorter jungloid has a lower probability of failing. Finally,
best jungloids. shorter jungloids are more likely to satisfy the programmer’s
. intent. In particular, a programmer would not be able to under-
3.1 The Signature Graph stand a jungloid with too many method calls, and thus would
The class declarations, field declarations, and method signa-never intend to write such a jungloid. Also, we conjecture that
tures of an API determine the set of elementary jungloids pro- well-designed libraries allow programmers to express common
vided by the API. (See Section 2.1.) In turn, these elementary tgsks with concise code.
jungloids determine the complete set of jungloids that may be  Experience backs this conjecture: In an informal test of an
written using the API. We represent this set of jungloids using early prototype ofPROSPECTORthat returned an arbitrarily
the signature graphThe nodes of the signature graph are the chosen shortest jungloid, the result satisfied the programmer’s
class types declared by the API (including array types that ap- intent in 9 trials out of 10. Thus, finding a single shortest path
pear in declarations). The edges represent the elementary junin the signature graph is an effective, practical algorithm for
gloids of the API: for each non-downcast elementary jungloid finding a single solution jungloid. However, we use the more
Az.e:T — Uthereis alabeled eddd’, Ua/\ﬂf-e)- effective approach of presenting several jungloids sorted in
Figure 1 shows a small part of the signature graph con- |ength order. The programmer can examine each one in turn,
structed from the Java standard libraries and the Eclipse API, and will most likely find the desired jungloid after looking at a
including the jungloid used in our parsing example from Sec- small number (see our experimental results in Section 7).

tion 1. o . Note that we do not count widening elementary jungloids
The set of solution jungloids for the quety;,, Tout) COI- in computing the length. Widening has no syntax, so it does
responds exactly to the set of paths from to 7,,:. Thus, not increase code size or complexity for the programmer. Also,

solution jungloids can be enumerated by standard graph searchyidening never throws an exception.

algorithms. Note that there may be infinitely many paths from  jungloid length does not apply directly to jungloids with
(Tin, Tout), bUt all the desired solution jungloids we have ob- free variables because they are not complete programming so-
served so far are acyclic, so we limit our search to acyclic paths, jutions: more code must be generated to compute the values
which are finite in number. of the free variables, making a larger code snippet. The length
. . heuristic must be extended to account for this; the proper ex-
3.2 Ranking Jungloids tension seems to be to estimate the total number of elementary
In general, a query has multiple solution jungloids, and not all jungloids in the complete code snippet. Our current implemen-
of these jungloids are equally desirable for the user. First, in- tation assumes that each free variable will require a jungloid
stead of returning a value of the requested type, some solutionof size two, because with this value ranking appears to perform
jungloids return a null value or throw an exception. This is be- well empirically. More precise, systematic estimation is left for
cause some API methods require state properties of their argufuture work.

ments that are not expressed by their types, e.g., thatffeeld For a few queries, there are many shortest jungloids,
is non-null. Second, some jungloids return a value of the re- and some are simpler than others. For example, a program-
quested type, but the relation between input and output does notmer who wants to read lines from a file may issue the
satisfy the programmer’s intent. For example, if a programmer query (FileInputStream, BufferedReader), which has
wants to parse code stored in a named file, he might issue the20 shortest jungloids, including the following:

query String, ASTNode), but a solution jungloid may parse

code stored in the string itself. Finally, among jungloids that ~® nev java.io.BufferedReader( ‘

do satisfy the user’s intent, some are simpler, more efficient, new java.io.InputStreamReader(in))

or more concise than others. Ideally, we want to show the pro-
grammer the simplest jungloid that satisfies his intent.

We cannot evaluate how well a jungloid satisfies the user's  Both of these perform as desired, but the first one is the
intent using Java types, so we will show the jungloids to the standard programming idiom, while the second one does more
user and ask him to select one. Unfortunately, some queriesthan what was intended and has software-engineering disad-
have too many jungloids to examine by hand (in the worst vantages. Generalizing from this and other examples, we in-
case, factorially many in the size of the signature graph). This ferred that jungloids that cross many Java package boundaries

® new org.apache.lucene.demo.html.HTMLParser (in)
.getReader ()



getResource() getParent()

IFolder IJavaElement > IResource > IContainer
- . A
getFile(string) widening
JavaCore.c:;eateCIassFﬂeFrom() (ClassFile AST.parseCompilationUnit() widening
IFile CompilationUnit > ASTNode

JavaCore.createCompilationUnitFrom()" | ICompilationUnit [~ AST.parseCompilationUnit()

Figure 1. Part of the signature graph. The jungloid for our parsing example is shown in bold face. Widening edges, such as the one fron
IClassFile to IJavaElement, allow the graph to represent jungloids that use inheritance, sucheasFile.getResource().

are less likely to be useful, and we refined our heuristic so that IDebugView debugger = ...;
it ranks jungloids of equal length according to the number of ~ Viewer viewer = debugger.getViewer();
package boundaries they cross. Isggzturedselec“°n.sel z .

. K . . ructuredSelection) viewer.getSelection();

Another observation we made is that a jungloid that returns ;.2 1nspectExpression expr =

a subclass of the type the user requested may also perform  (javalnspectExpression) sel.getFirstElement();
more than was asked for. For example, say that the programmer
wants a jungloid that returns the active Eclipse visual editor, so
she specifie3EditorPart as the output type. A jungloid that
returns arkMLEditor would be too specific, assuming that if
the programmer wanted an XML editor specifically she would
have asked for it. Therefore, for jungloids of equal length, we

assign a higher rank to the one that returns the more generahot useful to a programmer because they always throw
output type. ClassCastException. Consider clas§bject: Every class

Our heuristic is efficient and easy to implement. It is also 7T is a subclass oﬂbject, so for everyT there is a down-
effective; usually the top-ranked jungloids return a non-null cast elementary jungloidiz. (T') z : Object — T'. Thus, for
value without throwing an exception when inserted into the every methodfoo declared to returtibject, there are jun-
user’s code. A major limitation is that although the heuristic gloids casting the result dfoo to every clasg’, while usually
rules out very long jungloids that would never satisfy the user’'s there are only a few different classes thab can return. These
intent, it ranks shorter, more reasonable jungloids arbitrarily. jungloids are particularly bad because they are short, so they
Consider thegtring, ASTNode) example from the beginning  are favored by the ranking heuristic.
of this section: parsing code from a named file and parsing code  We cannot simply give up on synthesizing jungloids with
in the string are both reasonable. The heuristic favors the lat- gowncasts because downcasts are important in many APIs.
ter because its code happens to be shorter. Fortunately, ther@any existing APIs require downcasts because they use legacy
are usually not too many reasonable jungloids. Experimentally, collections instead of Java 5 Generics. Also, APIs for espe-
we have found that a programmer using the search tool imple- cially complex systems such as Eclipse will continue to require
mented with the signature graph and this heuristic can find use-downcasts, because they use design features (e.g. creating ob-
ful jungloids quickly, usually after examining fewer than five jects dynamically through reflection instead of with a call to

igure 2. A jungloid containing downcasts, which cannot be syn-
thesized from the signature graph.

jungloids (see Section 7). a statically typed constructor) that cannot be described exactly
o ) ) even by Java 5 parameterized types.
4. Refining the signature graph with examples Figure 2 shows an example of a jungloid containing a down-

In this section, we expand our solution to cover jungloids casttaken from Eclipse code. This jungloid gets the watch ex-
with downcasts. First, we discuss why the signature graph Pression currently selected in the GUI of the Java debugger. A
is not effective for finding jungloids with downcasts. Next, Programmer trying to write this jungloid by hand would run
we describe our solution, which is based on jungloid mining. into difficulty right away because the class representing the de-
Finally, we discuss the accuracy and limitations of jungloid bugger,IDebugView, has no methods for getting the selec-

mining. tion. Browsing methods manually, he might find the jungloid
_ o getViewer () .getSelection(), but this jungloid returns
4.1 Jungloids containing downcasts anISelection object, which has no Javadoc documentation

Some APIs require the user to write client code containing and only a single methogetEmpty (). ISelection appears
downcasts. Such code is particularly hard to write manually t0 be a dead end, although a cast, a method call, and another
or to synthesize, because the library signatures do not docu-cast will complete the desired jungloid. _
ment which downcasts are legal. Thus, we excluded downcast Figure 3 shows what happens if we try to represent the jun-
elementary jungloids from the signature graph. gloid in Figure 2 by adding all dovx_/ncast elementary Junglou_JIs
Including downcast elementary jungloids in the signa- to the signature graph. The resulting graph represents our jun-
ture graph is not a practica| way of Syn[hesizing jung|0ids g'OId, but also many Short, USE|ESSJUng|OIdS, such as this one:
with downcasts. The resulting graph would represent all

. . . . . (Javal tE ion)
jungloids with downcasts, but most of these jungloids are e e )

debugger.getViewer () .getInput ()



e P protected IJavaObject getObjectContext() {

e N IWorkbenchPage page= JDIDebugUIPlugin.getActivePage();
e - IWorkbenchPart activePart= page.getActivePart();
S » IDebugView IDebugView view = (IDebugView)

/! e i 0 activePart.getAdapter (IDebugView.class);

J getviewe ISelection s = view.getViewer().getSelection();

' ! A 4 IStructuredSelection sel =

[ e . (IStructuredSelection) s;

‘n /"’ Viewer Object selection = sel.getFirstElement();

\ : g getSelection() JavalnspectExpression var =

N V/ getinput() v (JavaInspectExpression) selection;

\\A = # ..
Object q------~ ISelection }
s . x
. gtFirstElement() : Figure 4. Sample API client code containing a downcast.
1
: LY
1
IStructuredSelection - .
i slicing: for each cast, we take a backward, interprocedural,
! flow-insensitive slice using a conservative approximation of
! the call graph based on the type hierarchy. Then, we follow
y ., @ | aee-- » widening each acyclic data-flow path going backward from the cast un-
JavalnspectExpr | | e » downcast til it reaches a zero-argument expression (such as a constructor

call), collecting the sequence of elementary jungloids as an ex-
Figure 3. Part of the signature graph with all downcast elementary ample jungloid.

jungloids added. This represents many undesired jungloids, suchas Note that call sites in the slice can be interpreted in two
those casting any object iavaInspectExpression. ways. First, a call can be interpreted as an elementary jungloid
connecting its input to its output. Alternatively, a call can be
interpreted as transferring data flow, effectively inlining the

We call such a jungloidhviable, by which we mean thatit  method body at the call site. An example will illustrate this:
always either throws an exception or returns null. A jungloid is

viableif there is at least one environment (i.e., combination of C clientMethodl() { Ban(a) {
global program state and input values) that makes the jungloid g . ZZZ(‘;)() gefu;nagff,tgi)i-
return normally, which means it has the possibility of satisfy- return (C) b } &
ing the programmer’s intent. In order to obtain useful search }

results, we must solve the problem of adding as many viable
jungloids containing downcasts to the graph as possible, while Using the two different interpretations, we extract:

adding only a few inviable jungloids. . .
(C) a2b(new A()) // a2b as elementary jungloid

4.2 Jungloid mining (C) new B(new A().getG()) // inlining a2b

Our solution is based on the observation that jungloids previ- We treat APl methods as elementary jungloids, and if

ously written by programmers in well-tested programs are al- method implementations are available, we inline them as well.
most always viable. This suggests that we can learn a set ofClient methods are always inlined, because they are not ele-
viable jungloids containing casts from a set of example pro- mentary jungloids (only APl methods are).

grams. We call this approaghngloid miningbecause it learns Note that the number of example jungloids extracted for
from acorpusof example programs rather than analyzing the a given cast may be very large. The backward data-flow path
APl implementation directly. branches when it reaches either a variable that is assigned into

. ] ) ] o multiple places or an elementary jungloid with multiple argu-
Extracting Jungloids. The key idea behind extracting jun-  ments. The path also branches when we apply both interpreta-
gloids containing downcasts from a corpus is that there tions to an APl method call. In some client methods, branching
are certain sequences of calls that establish the state incayses extraction to take many hours and generate several gi-
which the downcast will succeed, and the corpus contains gabytes of example jungloids. Our implementation avoids this
examples of these sequences, which we ealimple jun-  py stopping after a defined maximum number of example jun-
gloids For example, mosBbjects cannot be downcast to  gioids is extracted for a given cast expression in the corpus.
JavalnspectExpression, but anObject obtained by the  Fortunately, this happens for only a small fraction of the down-

jungloid in Figure 2 can. Figure 4 shows part of an Eclipse cor- ¢asts in the corpus, and the maximum number is a reasonable
pus method (from production code) containing this jungloid.  sample of examples reaching a cast.

Note that we do not need to extract all jungloids containing
downcasts, only those that end in downcasts. We assume thafdding jungloids to the graph. Once we have extracted a set
an object that is successfully downcast can be used like anyof example jungloids, we transform the signature graph to rep-
other object of the same type, so calls after the downcast canresent the examples, so they can be used in synthesis. For each
be synthesized from the signature graph. example jungloid\z. (U)e : T' — U, we create a new path

Our implementation extracts a superset approximation of connecting existing nodeét and U, but creating fresh nodes
the example jungloids ending in casts that the corpus canfor all intermediate objects in the example jungloid. The new
execute given any input. The algorithm is closely related to nodes represent typestates [12] in which casts or jungloids end-



:_ T _V;IE:I_ T -i > Viewer | | ProjectComponent| | AntXMLContext |
! 1
_______ [——— , etProject() tProject
1JDIDebugUIPlugin getSelection() , ik 2o 0
______ _*_ '_g_et_A_C_tlyePage() \4 Il | Project | | Project | | Block |
1
I IWorkbenchPage i ISelection getTargets() getTargets() statements()
——————— ——————— A A A
| getActivePart() downcast | List | | List | | List |
S A A - \ 4 i get() get() get()
I IWorkbenchPart 1 IStructuredSelection 3 A A
_______ EpSpEp—— | Object | | Object | | Object |
1 getAdapter() getFirstElement()
* v downcast downcast downcast
: _____ (; bj é C_t_ T -i Obj ect v | Target | | Target | | Statement |
! 1
_______ - m
, downcast downcast (@ (b) ()
A 4 v Figure 7. Example jungloids with unneeded prefixes, shown with
IDebugView JavalnspectExpression dashed lines. The list returned Byoject.getTargets() con-
getViewer() tains Target objects, regardless of the methods called to obtain
theProject.

Figure 5. An example jungloid extracted from the code in Fig-
ure 4. Only the part drawn in solid lines is necessary for the fi-
nal downcast to succeed; our generalization algorithm removes the
dashed part. The entire jungloid in Figure 5 is not necessary to make the
downcasts succeed: we need only fhefix jungloidstarting
with IDebugView. The suffix jungloid can be composed with

IDebugView getViewer() any other jungloid that returns dbebugView, SO it represents
getviewer() not only the example_ jungloid, _but _also the set of_JungIc_)lds
v produced by composing the suffix with other_wable JungI0|_ds.
- - Thus, the suffix is more general than the original example jun-
Viewer Viewer-1 gloid, and we will be able to synthesize more viable jungloids
getSelection() getSelection() if we apply a transformation that generalizes our example jun-
4 v gloids.
ISelection ISelection-1 However, we must take care not to overgeneralize to a suffix
7y that represents inviable jungloids. Consider the extreme case of
widening downcast generalizing to a suffix consisting of a single elementary jun-
v gloid, the final downcast: this suffix represents all jungloids
||StructuredSelection| PStructuredSelection-1| containing that downcast, most of which are inviable, as dis-
cussed in Section 4.1. Note that generalization is not the only
getFirstElement() source of inviable jungloids (e.g., one of the original examples
downcast v might be inviable because of a bug in the corpus), but we do

not want generalization to introduce more inviable jungloids.
Thus, we define the goal of generalizing an example jungloid
Figure 6. Part of the jungloid graph, showing the example jungloid .J as finding the shortest suffix that does not represent inviable
from Figure 5. jungloids (other than inviable jungloids represented/By
We have devised an algorithm that approximates general-
ization given a set of examples. The algorithm is based on our
notion that the jungloid before the downcast determines which
downcasts may succeed: thus, we find the shortest suffix that
is sufficient to distinguish an example jungloid from other ex-
ample jungloids that end in different casts. Consider Figure 7.
Since jungloids (b) and (c) end in different casts, we must keep
a long enough suffix to distinguish them. The parts of the jun-
gloids in area Il of the figure match exactly, so we must retain
area Il and everything after it, but we do not need area I.
The rule followed by the algorithm is as follows: If there
are two example jungloid$.a.«.(T") and~y.b.a..(U) where
a # bandT # U, then we must retain.a..(T") andb.o.(U)
(a, b are elementary jungloidsy, 3, v are jungloids, and’, U
are types, and7’) is a downcast elementary jungloid). The
Generalizing example jungloids. As Figure 5 hints, exam-  algorithm finds the shortest suffix that obeys all constraints.
ple jungloids often contain more elementary jungloids than We implement this algorithm in timé&(nk), wheren is the
needed, making them less effective for synthesizing jungloids. number of elementary jungloids in the example set/aigithe

ing with casts will complete without throwing cast exceptions.
The transformed graph, called thengloid graph represents
all jungloids that can be formed by composing jungloids in the
signature graph and any number of example jungloids.

Figure 6 shows part of the jungloid graph, including the path
for the example jungloid in Figure 5. Notice that if we had not
created the new nodi ject-1, the jungloid graph would rep-
resent jungloids casting ai@p ject to JavalnspectExpression;
most of these jungloids are inviable, and the example does not
suggest that they are viable. Note also that instead of adding
the entire example, we added only the suffix necessary for the
final downcast to succeed; we will explain later in this section
how to identify the necessary suffix.



number of types that appear in casts, by storing examples inthata contains no downcasts), theh is a generalization of
a trie and removing subtries all of whose examples end in the if £ contains all jungloids represented by the signature graph.
same casts. Now, consider the case whetecontains a downcast. Then

In the remainder of this subsection, we formally define « is not contained by the signature graph, so we must try to
the set of jungloids represented by an example jungloid and cover o using other example jungloids. Because our exam-
from this definition deduce the conditions required to guarantee ple jungloids end in downcasts, we break dowras o =
that a suffix truly is a generalization of the original example. «;.(V').cz such thaix, has no casts, se, is represented by
Specifically, we show that if we form the jungloid graph from the signature graphy;.(V') ends in a cast, and our example
the signature graph and some suffix of every example jungloid, jungloid extraction finds jungloids going backward from every
each suffix represents all of the jungloids represented by thecast in the corpus, so our set of example jungloids must contain

example it was derived from and is thus a generalization. a1.(V). Now, we are trying to show thata,.(V).aq € &,
For brevity, we write jungloids as sequences, with variables whered € &, a;.(V) is in our set of example jungloids, and
a, b, c ranging over elementary jungloids, /3,7, d over jun- a is in the signature graph. Thud! is guaranteed to be a

gloids, andS, T', U over classes. A downcast elementary jun- generalization of/ if £ contains the jungloids in the signature
gloid is written (7). The composition that feeds the output of graph and the extracted example jungloids and is closed under
jungloid « to the input of jungloid3 is written .. 3. The input composition, i.e., ify; € &, v2 € &, andout(y1) = in(y2),
type of a jungloida is denotedin(«), and the output type is  theny;.y2 € £.
denotedout(c). This is not quite the condition we want because we gener-
First, we define the set of jungloids represented by an ex- alize all example jungloids, so th&we actually use contains
ample jungloid, which is simply the set of jungloids formed the jungloids in the signature graph and some suffix of every
by composing the example jungloid with another jungloid. To example jungloid, and is closed under composition. However,
make this definition precise, we must specify the set of jun- this& is sufficient as well, because we can show thatfa £
gloids that can be composed with the example. For now, simply for any example jungloid/ = «. by strong induction on the
let the set be an arbitrary s€t and define the set of jungloids number of casts im. In the base casey has no casts, sa

represented by an example jungloidas: is in the signature graph, and thus € £. In the inductive
def case,a hasn + 1 casts. Writeaw = «1.(V).aq, whereas
repe(J) = {8.J |0 € €and out(d) = in(J)} has no casts. Nowy;.(V') was extracted from the corpus as

part of o, and we extract example jungloids from every cast
in the corpus, so our set of examples containg V") as well.
Becausef contains some suffix of this example, we can write
a1.(V) = o} .7.(V) wherey.(V) € £. The number of casts
in o is at mostn, so by the inductive hypothesig;; € £.

As already statedy.(V') € &, andas € £ becausexs has no
casts. Thereforey = o} .y.(V).as € €.

Now can definegeneralization J’ is a generalization of if
repe(J') D repe(J).
Now, we will determine the conditions under which a suffix
J' is a generalization off by trying to show thatepg (J') 2
repe(J) in the process discovering what conditions are re-
quired to finish the argument. Let be an example jungloid
ending in a cast and’ a non-empty suffix ofJ, so that
J = Qﬁ({]) andJ’ :ﬂ(U) Substituting the expressions 4.3 Other applications of jungloid mining
for J andJ" into the definition ofrepz, we have: Downcasts are not the only API feature that cannot be handled
repe(J) = {6.c.f8.(U) |0 € € and out(d) = in(a)} well by the signature graph. In particular, for methods with

N _ input arguments of typ8bject or String, usually not any
repe (J') {0.5.(U) |6 € & and out(9) = in(6)} Object or String is acceptable. For example, some meth-

Consider anyd.a.0.(U) € repg(J). To show that ods in Eclipse take as inpatodel classgswhich are classes

d.a.p.(U) € repg(J’), we must showif out(d.ct) = in(0) that represent data underlying a visual component, such as a
and (i) . € &. For (), observe thatv.3 is a jungloid, so class hierarchy browser. To make the interface more flexible,
out(a) = in(f) and thusout(d.a)) = in(F) as well. If we Eclipse allows model classes to be of any type, so the method

can also showii), thend.a..5.(U) € repe(J), and therefore  parameters are declared@sject. Thus, although the decla-
reps(J') D repe(J). To complete this argument, we need ration suggests that any object may be used as input, we would
only to show {i) . € £. Because we know little about about  like to synthesize only jungloids that use objects of appropriate
a and&, we will need to introduce some additional assump- model classes as input. MaByring method parameters have
tions. similar restrictions, e.g., the string should be a URL. As a re-
We can gain some insight about these assumptions by rea-sult, many jungloids that call methods wilb ject or String
soning at the level of the original jungloid generalization prob- parameters are inviable.
lem: informally, we are simply trying to ensure that there is a We believe that jungloid mining can be used to find viable
jungloid in £ that can be composed witF to form J, so that jungloids that end by calling these methods, although we have
we do not lose any jungloids by using instead. First, con- not tested this application of jungloid mining. The algorithms
sider the simplest case, whefecontains no downcasts other would be the same, with methods havidigject or String
than the one at the end. In this case, we can fdrivy com- parameters playing the role of downcasts.
posingJ’ with a jungloid in the signature graph. We can state
this more generally: assuming tifatontains all jungloids rep-
resented by the signature graphqi{from above) contains no  This section discusses the accuracy of mining-based jungloid
downcasts, thed.a. contains no downcast§,« is represented  synthesis. We have two desired accuracy properties. First, we
by the signature graph, arddny € £. Thus, if we restrict our want jungloid synthesis to be complete, by which we mean that
generalization so thaf’ contains all the downcasts i (so any viable jungloid can be synthesized as a solution jungloid.

4.4 Accuracy of jungloid mining



Second, we want synthesis to be precise, by which we meanprevents overgeneralization, as shown by these example jun-
that inviable jungloids are not synthesized. Because the synthe-gloids:
sis results depend entirely on the set of jungloids represented
by the jungloid graph, we can restate these properties in terms
of the graph: a complete graph contains all viable jungloids,
and a precise graph contains only viable jungloids. These prop- Assume that example 1 is minimal. If example 2 is present
erties are too strict to satisfy, or even verify. However, the jun- in the corpus, example 1 will not be generalized further, which
gloid graph does in fact approach these properties as the corpuss correct. However, if example 2 is not present, then example
and mining extraction algorithm approach certain ideal condi- 1 will be imprecisely generalized tT) b.getP (). Example
tions. We will first discuss these properties for mining without 2 could fail to be present because of a violation of either
generalization, and then we will extend our analysis to cover condition (a), with the corpus simply not containing example
mining with generalization. 2, or condition (b), with the API disallowing example 2. This

) N . . . . might happen ifT is the sole subclass & (the return type
Without generalization. The jungloid graph is complete if the ¢ getP()) andgetP () returns aT only when called in the

corpus contains all viable jungloids that end in casts. jungloid getB() .getP(). We expect such situations to be
The jungloid graph is as precise as the corpus and the undery 5,

lying jungloid extraction algorithm. That is, inviable jungloids

are added to the jungloid graph only if (a) the corpus may throw

ClassCastException (usually indicating a bug), or (b) the

extraction algorithm finds jungloids that correspond to infeasi-

ble paths. Our extraction algorithm can follow infeasible paths 5. Implementation

becguse it is flow-insensitive and because it conservatively ap-the core of our implementation is a representation of the jun-
prommatertrE)e call grapg. | ith gloid graph and a library for searching the graph and synthe-
As would be expected, a large corpus with many usage ex-gj;ing"code from paths. We have deployed the implementation

amples leads to a complete jungloid graph, and a precise (i.€. iy several environments: a test hamness, an web demonstration,
not buggy) corpus and extraction algorithm lead to a precise 5,4 thePROSPECTORprogramming tool.

jungloid graph. In practice, the corpus may not be large enough — pp o specToritself is an Eclipse plugin that integrates jun-

to closely approximate completeness, necessitating generalizagqiq synthesis results with Eclipse Java content assist. Content
tion. assist is a feature that the user can invoke while typing code to

With generalization. Mining with generalization yields a  getsuggestions for whatto type next. Content assist can also in-
complete jungloid graph if (i) the corpus contains some viable Serta selected suggestion automatically. For example, standard
suffix of every viable jungloid that ends with a cast, and (i) Ccontentassist can comple_te varlaple names or suggest methods
the extracted examples do not contain inviable jungloids (be- that can be called on a given variabRROSPECTORextends
cause of corpus bugs or extraction imprecision) that share acontent assist to suggest jungloids that output a value of type
suffix with a viable jungloid but end with a different cast. The 7out fequired by the code surrounding the point of the cursor,
first condition simply states that all the desired examples are Which we call thecontext _ _ _
present in the corpus. The second condition illustrated by this ~ Our current implementation invokes jungloid synthesis for

1 (T) a.getB().getP() // viable
2 (U) a.getC().getP() // may be viable or inviable

example: two contexts, variable initializersTgpe var = |, where |
indicates cursor position) and the right-hand sides of assign-
1 (T) a.getB().getP() // viable ment statementsér = |). The type of the variable assigned

2 (U) a.getC().getQ() // viable

3 (U) a.g0tD() getP() // inviable is taken as ;. The set of types of variables visible at the cur-

sor point is used as a set of, classes. Conceptually, we run
Assume that the jungloidT) b.getP() is also viable, one query perr;, class. The implementation actually runs all
which means we wish to generalize example 1 (D) queries at once by using multiple starting points in its graph
b.getP (), which we will do if the example set contains only  search, which takes approximately the same amount of time as
examples 1 and 2. If the example set contains all three jun- running a single query.
gloids, then generalization will not generalize example 1, in We conclude this section with some performance measure-
order to distinguish its cast from example 3. Condition (i) is ments. All times were recorded on a 2.26 GHz Pentium 4 with
roughly equivalent to requiring that the corpus contain an ex- 1 GB RAM. The graph representation occupies 8 MB of space
ample of each API usage ending in a cast. This condition is on disk and 24 MB when loaded into memory. Loading the
reasonable because a corpus could very well contain all thegraph takes 1.5 seconds. Table 1 gives the time taken to process
short viable suffixes of jungloids that end in casts, and we have a variety of queries. All queries were answered in under 1.1
not observed very long jungloids to be the desired answers for seconds, and 85% of were answered in under 0.5 seconds. It
a user query. Condition (ii) is difficult to characterize, but we should be noted that for these tests we configured the graph
do not expect it to be a major issue. search library to construct all paths of length less than or equal
Mining with generalization is as precise as mining without to m + 1 wherem is the length of the shortest path for the
generalization on the same corpus if (a) the corpus containsquery. We used the same configuration for the experiments de-
some viable suffix of every viable jungloid that ends with a scribed in Section 6. We used this particular setting because we
cast and (b) for every jungloid ending with a downcast.(7T") found it to balance speed and quantity of paths found. Having
that is minimal (i.e., no proper suffix is viable), there is some this particular configuration parameter is a detail of how we
viable jungloidb.a..(U). Condition (a) is the same as for com- implemented thé-shortest-paths search and is not required by
pleteness. Condition (b) is a technical property of the API that our techniques in general.



6. Experiments

We performed two experiments: a tesRNKOSPECTOFRS query o
processing engine, and a study of the performance of develop-
ers usingPROSPECTOR

Query Processing. The query processing test measures
whetherPROSPECTORcan solve programming problems that
can be expressed as jungloid queries. In this test, we collected a ®
set of programming problems, and for each problem, expressed
it as a jungloid query, ran the query, and read the results in or-
der until we found a jungloid that gave the desired solution
to the problem. The desired solution was defined as the most
concise, efficient solution possible as judged by a human pro- e
grammer. This test measures both whethRoSPECTORcan
synthesize the desired answer, and how many jungloids a pro-
grammer needs to read to find the answer. The underlying fac-
tors necessary to achieve good results are query specificity and
accurate ranking.

The main difficulty with this experiment is selecting the set
of test problems. The ideal set would be obtained by distrib-
uting a production-quality implementation and recording what e
queries are run by real developers. We approximated a sam-
ple of this set by collecting 20 problems that we encountered
during our own development, found in the Eclipse FAQs [3] or
on javaalmanac. com, an online Java programming resource,
or were reported to us byrROSPECTORtesters. When we se-
lected the problems, we knew that they could be expressed as
jungloid queries, but we did not know whethBROSPECTOR
could solve them. Note that we cannot say what fraction of pro-
gramming problems can be expressed as jungloid queries, be- °

Here are the problems we assigned for the user study:

Problem 1. In Java 1.2, Enumeration was depre-
cated in favor of Iterator. An old Java API, written be-
fore Java 1.2, has returned @&mumeration. Convert
it to an Iterator. (Can be answered by the query
(Enumeration, Iterator).)

Problem 2. The Java API supports reading URLs as if
they were files. Java also has support for playing sound
files or audio clips. | want to play a sound file at a par-
ticular URL: String url. (Can be answered by the query
(String, AudioClip).)

Problem 3.In Eclipse, the visual representation of editors -
the actual window you see on the screen - are represented by
subclasses dlEditorPart. For example, the Java editor
which edits Java files is callethvaEditor. Often times

in plugins you want to retrieve the currently active editor.
How do | get the editor part that represents the active editor
from IWorkbench (which represents the entire Ul)? (Can
be answered by the quef¥Workbench, EditorPart).)

Problem 4. Often Eclipse plugins use common images,

which are placed in a shared image class, and ex-
posed to other plugins. One example is the menu im-
ages that are shown in Eclipse menus. | want to get
an image from the shared image cache, which is of
type ImageRegistry. (Can be answered by the query

(IWorkbench, ImageRegistry).)

Experimental Results

cause “programming problem” is not a precisely defined con- The results of the query processing accuracy test are shown in
Cept, but we can say that 12 of 16 pr0b|ems that we encoun- Table 1.PrRospPEcTORfound the desired answer to 18 of the

tered when trying to write code in order to reuse a library were 20 queries, and in each case the programmer had to look at

expressible as jungloid queries.

fewer than 5 jungloids to find the correct answer. In 11 cases,

the desired jungloid was first on the list.

User Study. The user study measures whether developers

The query(IWorkspace, IFile), for whichPROSPECTOR

finish programming tasks involving reuse more reliably and did not find the desired answer, reveals a limitation of our tech-

quickly when they us®rosPECTOR To measure this, we de-

nigues. The classes referred to by that jungloid are connected

signed a set of four programming problems that can be solvedby many methods, so there are a large number of similar “par-
by reuse and assigned them to a group of test users. Eaclallel” jungloids, crowding out the desired jungloid from the top

user attempted two problems without usifgospPecTORand

two problems withPRosSPECTOR We assigned the problems
to be solved usingPROsPECTORrandomly to each user. We
recorded the users’ answers and the time spent on each prob-

of the results. Future work may be able to solve this problem
by identifying clusters of similar jungloids and presenting to
the user only one representative of the cluster.

PrRoOsPECTORailed to find the answer for one other query,

lem. We manually classified the answers as being correct based AbstractGraphicalEditPart, ConnectionLayer), be-
on reuse, correct without reuse (i.e., reimplementing), and in- cause the desired jungloid includes a call to a protected method,

correct.

and our current implementation supports only public methods.

We provided each user a tutorial briefly explaining when To handle protected methods, we would only need to determine

and how to usdPROsSPECTOR We did not provide a hands-

what protected methods are visible at the point of the cursor

on training session. No other training was provided, and none and allow synthesis to use those methods.

of the users had ever us&RospecTORbefore performing

Figure 8 shows the time taken by each programmer on each

the study. The users were a mixture of undergraduates whoproblem in the user study. In every problem except Problem 4,
had taken at least one course involving Java programming, PROSPECTORUSers on average finished the problem twice
TopCoder Java programmers, and graduate students. as fast as the baseline users. The study is not large enough
The programming problems were designed to somewhatto measure the difference with statistical significance, but the
vague, in order to approximate real programming. For some averages and the distributions shown in the chart suggest that
of the problems, we did not give the users the desired output PROSPECTOROften helps users solve problems faster.
type. The experiment tests whether users are able to identify an In fact, we also found that individual users usually solved
opportunity to usePROSPECTOR identify the desired output  their own problems faster when usiRIROSPECTOR Ideally,
type, understand the query results, and select the best resultwe would like to compare how long a given user takes to
As noted in Section 5, users do not need to specify input types solve the same problem wiPRosPECTORand without, but of
explicitly. course this is impossible. Instead, we simply compared the time



Programming problem Tin Tout Time (s) Rank
Read lines from an input stream (Tester) InputStream BufferedReader 0.32 1
Open a named file for memory-mapped I/O (Al-String MappedByteBuffer 0.17 1
manac

Get takzle widget from an Eclipse view (FAQsS) TableViewer Table 0.04 1
Get the active editor (Eclipse FAQS) IWorkbench IEditorPart 0.16 1
Retrieve canvas from scrolling viewer (Author) ScrollingGraphicalViewer FigureCanvas 0.08 1
Get window for MessageBox (Author) KeyEvent Shell 0.09 1
Convert legacy class (Author) Enumeration Iterator 0.06 1
Get selection from event (Author) SelectionChangedEvent ISelection 0.02 1
Get image handle for lazy image loading ImageRegistry ImageDescriptor 0.08 1
Iterate over map values (Tester) Map Iterator 0.17 1
Add menu bars to a view (Eclipse FAQS) IViewPart MenuManager 0.21 1
Set captions on table columns (Author) TableViewer TableColumn 0.37 2
Track selection changes in another widget (EclipsEEditorSite ISelectionService 0.01 2
FAQs

Regd)lines from a file (Almanac) String BufferedReader 0.17 3
Find out what object is selected (Eclipse FAQS) IWorkbenchPage IStructuredSelection 0.15 3
Manipulate document of visual editor (EclipseIWorkbenchPage IDocumentProvider 1.07 3
FAQs

Convn)ert file handle to file name (Author) IFile String 0.11 4
Get an Eclipse view by name (Eclipse FAQs) IWorkbenchWindow IViewPart 0.61 4
Set graph edge routing algorithm (Author) AbstractGraphicalEditPart ConnectionLayer 0.08 No
Retrieve file from workspace (Author) IWorkspace IFile 0.59 No
Average Time 0.23

Table 1. Query processing experiment results,.( 7...+) iS the query that was run to try to solve the probldime is the time in seconds

taken byPROSPECTORO return the query resultRank is the rank of the desired solution in the results, or “No” if not in the results.

each user spent on his two problems WRkDSPECTORagainst

the time he spent on his two problems with®WROSPECTOR

We found that 10 of the 13 users were faster ustRQ SPEG
TOR, with one user being 8 times as fast. Two users took the
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same amount of time witRRosPECcTORand without. One user
was 1.5 times slower when usifRROSPECTOR that user re-
ported to us that he did not really understand how to use it until
after completing the studyNote also that the three users who
were not faster wittPROSPECTORwere all assigned to solve
Problem 2, the hardest problem, wRrOSPECTORand Prob- 2
lem 1, the easiest, without. The average speedup over all users
was 1.9.

An informal finding was that on Problem 1 (converting
an Enumeration to anIterator), of 8 nONPROSPECTOR
users, only 2 found the expected, concise, efficient solution |
based on reusing a wrapper class, while 3 found a less ef-3 s
ficient solution based on copying the elements into a list,
and the last 3 reimplemented a wrapper class. One program-
mer reimplementedterator incorrectly: callingremove ()
silently fails, while the specification requires the method ei-
ther to remove an element or throw an exception indicating that
remove () is not implemented. While the user’s solution still
passed our test, in a real programming environment some other
programmer might write buggy code by attempt to reuse the
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reimplementation according to the library specification. In con-
trast, all 5SPROsSPECTORuUSers solved the problem with reuse.

On Problem 2, one of the ndPROSPECTORuSers copied Figure 8. Time spent coding in the performance study. Horizontal
a large chunk of code found on the web. Another solved the lines indicate average and one standard deviation intervals.

Problem 1 Problem 2 Problem 3 Problem 4

6 Other users also told us that they thought they understood how to use
PrRosPECTORafter the study. This suggests that solving three or four
problems withPROSPECTORS enough to learn how to use it.



problem with reuse, but wrote much more code than the best
solution required. AlPRosPeEcTORuUsers found the best solu-
tion for this problem.

All users solved Problem 3 by reuse, but 4 out of 7 non-
ProsPECTORsolutions to question 3 exhibited the same sub-
tle bug, in which the code would throw an exception if the cur-
rently highlighted window in Eclipse was not an editor. In our

There is some related work on the coordination problem.
The Demeter Project [8, 9] designed a programming environ-
ment that allowed the user to writePROSPECTORlike query
as part of the source code and would generate code to traverse
the object schema accordingly. Yellin and Strom [17] show
how to generate adapters to connect components with defined
temporal interfaces that are semantically compatible but syn-

user study setup, users did not have the opportunity to test theirtactically incompatible. These papers and our work both try to
answers to question 3, so in a real situation they may have even-generate code to connect program units, but the kinds of code

tually found the correct solution, but testing could easily miss
this bug. Even if testing would have caught the bug, the users
would have had to spend even more time finding the correct
solution. In contrast, all of th®rRosPEcCTORuUSers found the
correct solution.

On Problem 4, PROSPECTOR users took approxi-
mately the same length of time as nBROSPECTOR
users. Many normPROSPECTOR users found the jungloid
workbench.getSharedImages () .getImage (imgName),
which can be found quickly withoUPROSPECTORbecause it
is short and consists of instance methods with easily under-
stood names. This jungloid did not actually solve the problem
we posed, which asked the users to usdasgeRegistry
object in their solution, but we accepted it as a reasonable
solution to the general problem posed.

8. Related Work

There is a body of work on finding reusable code based on
declarative queries. We list a only a selection of papers in this
area. One major area of this worksiginature matchingwhich

are completely different, and also our work does not rely on
any specifications outside of the source code.

At a higher level, the problem is that reusable components
such as classes are difficult for programmers to configure and
connect, andPROSPECTORsolves this problem by generating
the needed code. Other work solves the same problem by creat-
ing a high-level, declarative, domain-specific language (DSL)
and a compiler that configures and connects components ac-
cording to the program. There has been much work in this area,
such as Amphion [13].

Turning to the technology enablifBROSPECTOR mining
the jungloid graph is related to work on extracting models from
source code. Whaley, Martin, and Lam [15] and Alur et al. [1]
extract temporal interfaces from Java source code by static
analysis rather than mining.

Jungloid mining is related to backward slicing [14, 4, 5] and
program dependence graphs (PDGs), because a jungloid is like
a single data-flow path from a PDG. Also, PDGs have been
used to extract procedures from code [7]. This is related to jun-
gloid extraction, but the extracted procedures contain control
flow, which jungloids do not. Also, the extracted procedure is

finds reusable units such as classes or methods that match a sigised directly, our extracted jungloids are combined with other

nature given by the user. Rittri’s signature matching [10] finds
ML library functions that closely match a signature, allowing
variations in the order of arguments and other minor aspects.
Zaremski and Wing [18] define a more general query language
for ML signature matching consisting of composable operators
and extend matching to cover modules. Stringer-Calvert [11]
applies signature matching to Ada. Ye and Fisher’s CodeBro-
ker [16] finds Java classes and methods using signature match
ing as well as textual similarity of comments. Other areas find
reusable units based on complete specifications [19].

All of the preceding share the common features of a query
language and a system that finds complete units, such as func

sources of information to make other jungloids.

Because PDGs can be general graphs, unlike jungloids,
which have a linear shape, PDGs can represent some data-flow
structures that jungloids cannot, namely converging data-flow
paths as in(T) f(g(a),h(a)), where this is an example of
code using an API that constrains both arguments to come from
the samea. We have found these structures to be uncommon
for the APIs for which we are trying to mine code, so we used
jungloids, which are simpler, and thus easier to represent and
search in a graph.

Finally, authors of this paper have done previous work on
mining temporal specifications for APIs from sample client

tions or classes, that match the query. Our work has a querycode with Strauss [2]. This work includes mining, but there are

language as well that is similar to a function signature. Our re-
sults are different: jungloids are snippets of code, which may
be complete units, extracted examples, or synthesized code
Ko, Myers, and Aung [6] provide a classification of barriers to
learning programming system that helps explain how the prob-
lem we solve is different from that of the preceding work. Sig-
nature matching and related work focus selectionbarriers,
where the user knows what he wants to do but doesn’t know
which unit to select. Our work attacks two other barriers. First,
we help the user get passebarriers, which occur when he has
selected the correct unit but does not know how to use it. In lan-
guages such as Java, once the user passes a selection barrier

substantial differences: Strauss learn temporal specifications
from dynamic slices, whilePRosPECTORIearns jungloids,
which are simpler and hence can be handled more effectively
with simpler algorithms.

9. Conclusion

This paper described jungloids, which often need to be written
in order to reuse code, but are difficult to write. We described
techniques for automatically finding jungloids in response to
user queries. We implemented these techniques in a tool, which
as shown to be effective in experimental tests.

selecting the right class, he often encounters a use barrier be-

cause the class requires special configuration. Second, we help,

with coordinationbarriers, where the user knows what units to
use, but not how to make them work together. These barriers
are common in large systems built from several frameworks
and libraries.
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