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ABSTRACT

We introduce program splicing, a programming methodology that
aims to automate the workflow of copying, pasting, and modifying
code available online. Here, the programmer starts by writing a
“draft” that mixes unfinished code, natural language comments, and
correctness requirements. A program synthesizer that interacts
with a large, searchable database of program snippets is used to
automatically complete the draft into a program that meets the re-
quirements. The synthesis process happens in two stages. First, the
synthesizer identifies a small number of programs in the database
that are relevant to the synthesis task. Next it uses an enumer-
ative search to systematically fill the draft with expressions and
statements from these relevant programs. The resulting program is
returned to the programmer, who can modify it and possibly invoke
additional rounds of synthesis.

We present an implementation of program splicing, called SPLICER,
for the Java programming language. SPLICER uses a corpus of over
3.5 million procedures from an open-source software repository.
Our evaluation uses the system in a suite of everyday programming
tasks, and includes a comparison with a state-of-the-art competing
approach as well as a user study. The results point to the broad scope
and scalability of program splicing and indicate that the approach
can significantly boost programmer productivity.
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1 INTRODUCTION

Copying and pasting from existing code is a coding practice that
refuses to die out in spite of much expert disapproval [24, 28]. The
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approach is vilified for good reason: it is easy to write buggy pro-
grams using blind copy-and-paste. At the same time, the widespread
nature of the practice indicates that programmers often have to
write code that substantially overlaps with existing code, and that
they find it tedious to write this code from scratch.

In spite of its popularity, copying and pasting code is not always
easy. To copy and paste effectively, the programmer has to identify
a piece of code that is relevant to their work. After pasting this
code, they have to modify it to fit the requirements of their task
and the code that they have already written. Many of the bugs
introduced during copying and pasting come from the low-level,
manual nature of the task.

In this paper, we present a programming methodology, called
program splicing, that aims to offer the benefits of copy-and-paste
without some of its pitfalls. Here, the programmer writes code
with the assistance of a program synthesizer [5, 48] that is able to
query a large, searchable database of program snippets extracted
from online open-source repositories. Operationally, the inputs to
synthesis include a “draft” program that is a mix of unfinished code
and natural language comments, as well a correctness requirement,
for example a set of test cases or a constraint on the API calls
the programmer wants to invoke. The synthesizer completes the
“holes” in the draft by instantiating them with code extracted from
the database, such that the resulting program meets its correctness
requirement. The synthesizer is invoked interactively as part of a
larger program development process; initially, the draft fed to the
synthesizer may be close to empty, and the programmer is free to
generate new drafts by adding code and holes to the result of a
round of synthesis.

In more detail, our synthesis algorithm operates as follows. First,
it identifies and retrieves from the database a small number of
program snippets that are relevant to the code in the draft. These
search results are viewed as pieces of knowledge relevant to the
synthesis task at hand, and are used to guide the synthesis algorithm.
Specifically, from each result, the algorithm extracts a set of codelets:
expressions and statements that are conceivably related to the
synthesis task. Next, it systematically enumerates over possible
instantiations of holes in the draft with codelets, using heuristics
to prune the space of instantiations.

The primary distinction between our synthesis algorithm and
existing approaches to synthesis lies in the use of pre-existing code.
A key benefit of our data-driven approach is that it helps with the
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1 int[J[] csvmat(String filename) { 1

) int[J[] mat new int[NJ[NJ; )
/* COMMENT :

Read a matrix from a csv file 4

int[1[] mat
File f
Scanner scanner

4 *

int[]J[] csvmat(String filename) {
new int[NJ[NJ;

new File(filename);

new Scanner(f);

Y. Lu et al.
1 int[1[] read_csv(int[][] m,int r,int c,
String filename) {
File f new File(filename);
Scanner scanner new Scanner(f);
for(int i = 0; ++i) {

i<r;

* REQ: String filename = “‘matrix. for(int i = 0; 1 < r; ++i) { String line = scanner.nextLine();
csv''; 6 String line = scanner.nextLine(); String[] fields = line.split(",");
* int[J[] m = new int[NI[NI; String[] fields = line.split(","); for(int j = 0; j < c; ++3)
* __solution__ 8 for(int j = 0; j < c; ++j) m[il[j] = parselnt(fields[j1);
* return test_matrix(m); =*/ 9 mat[i][j]= parseInt(fields[j1); }
) 2 0 } 10 return m;
0 3} 1} 1}
11 12 12
(a) Draft program (b) Completed draft (c) A database program

Figure 1: Reading from CSV files

problem of underspecification. Because synthesis involves the dis-
covery of programs, the requirements for a synthesis problem may
be incomplete. This means that even if a synthesizer finds a solution
that meets the requirements, this solution may in fact be nonsen-
sical. This problem is especially common in traditional synthesis
tools, which explore a space of candidate programs without signifi-
cant human guidance. In contrast, the codelets in our approach are
sourced from pre-existing code that humans wrote when solving re-
lated programming tasks. This means that our search for programs
is biased towards programs that are human-readable and likely to
follow common-sense constraints that humans assume.

The use of pre-existing code also has a positive effect on scala-
bility. Without codelets, the synthesizer would have to instantiate
holes in the draft with expressions built entirely from scratch. In
contrast, in program splicing, the synthesizer searches the more
limited space of ways in which codelets can be “merged” with a
programmer-written draft.

We present an implementation of program splicing, called SPLICER,
that uses a corpus of approximately 3.5 million methods, extracted
from the SOURCERER [7, 35, 45] source code repository, to perform
synthesis of Java programs. SPLICER uses a known method for code
search to find programs relevant to a draft. The method for merging
codelets with a draft is also based on existing (non-data-driven) ap-
proaches to enumerative synthesis. The key novelty of the system
lies in combining these two components into an effective software
engineering tool.

We evaluate our approach on a suite of Java programming tasks,
including the implementation of scripts useful in everyday comput-
ing, modifications of well-known algorithms, and initial prototypes
of software components such as GUIs, HTML parsers, and HTTP
servers. Our evaluation includes a comparison with uScalpel [9],
a state-of-the-art programming system that can “transplant” code
across programs, as well as a user study with 18 participants. The
evaluation shows our system to outperform pScalpel and indicates
that it can significantly boost overall programmer productivity.

Now we summarize the contributions of the paper:

e We propose program splicing, a methodology where pro-
grammers use a program synthesizer that can query a large
database of existing code, as a more robust proxy for copying
and pasting code.

e We present an implementation, called SPLICER, that repur-
poses existing approaches to code search and synthesis and
is driven by a corpus of 3.5 million Java methods.
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e We present an extensive empirical evaluation of our system
on a range of everyday programming tasks. The evaluation,
which includes a user study, shows that our method outper-
forms a state-of-the-art competing approach and increases
overall programmer productivity.

The rest of the paper is organized as follows. In Section 2, we give
an overview of our method. Section 3 states our synthesis problem;
Section 4 describes the approach of program splicing; Section 5
presents our evaluation. Related work is described in Section 6. We
conclude with some discussion in Section 7.

2 OVERVIEW

In this section, we describe program splicing, as embodied by
SPLICER, using a few motivating examples.

2.1 Reading a Matrix from a CSV File

Consider a programmer who would like to read a matrix from a
comma-separated values (CSV) file into a 2-dimensional array and
then to square the matrix. However, the user does not recall in detail
what API to use and how matrix multiplication is implemented
exactly.

In current practice, the programmer would search the web for
a program that reads from a CSV file and another one that does
matrix multiplication, copy code from the search results, and mod-
ify the programs manually. In contrast, while using SPLICER, he or
she writes a draft program in a notation inspired by the Sketch sys-
tem for program synthesis [47, 48] (Figure 1a). This draft program
declares the 2d-array matrix; however, in place of the code to fill
this array, it has a hole represented by a special symbol “??”. A hole
in a program serves as a placeholder that SPLICER automatically
substitutes with code, using an external snippet. In this example,
the external snippet is a piece of code that reads a matrix from a
CSV file.

The user is required to provide information about relevant exter-
nal snippets using Javadoc style comments containing “COMMENT”
section and “REQ” section above the hole or above the function. If
this information is provided above the hole as showed in Figure 1a,
then the hole itself will be replaced with the external code snippet.

The user describes the forms of external code that are relevant
to the task using natural language comments. In this example, the
comments contain words such as “read”, “matrix” and “csv” in the
“COMMENT” section above the hole suggesting a program that reads
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1 int[J[] csvmat(String filename) {
2 int[J[] mat new int[NI[NJ;
3

4 int[]J[] mat2

new int[N][N];

5 /* COMMENT: square a matrix using matrix multiplication
* REQ: int[1[] m={{1, 2, 33}, ...};
* int[J[] result={{14, 20, 26}, .}
* __solution__

9 * return test_equality(m, result); =*/

??

return mat2;}

Figure 2: Reading CSV: draft for matrix multiplication

1 int[J[] csvmat(String filename) {

int[1[] mat new int[NJ[NJ];

3 File f new File(filename);

4 Scanner scanner new Scanner(f);

for(int i = @; i < N; ++i) {

6 String line scanner.nextLine();
String[] fields = line.split(",");
for(int j = @0; j < N; ++j)
mat[il[jl=Integer.parselInt(fields[j]);}

10 int[1[] mat2 new int[NJ[NJ;

1 for(int i = 0; i < N; ++i)
12 for(int j = @, s Q; j < N; ++j) {
13 for(int k = @ < N; ++k) s+= mat[il[kI*mat[kI[]j];

; k
=55}

mat2[i1[j]
return mat2;}

Figure 3: Reading CSV: Complete Program

from CSV files. The system will use these words as a hint to search
the code database. This is similar to a web search using text, but in
this case it is done in a programming scenario. Finally, to ensure
that the synthesized code is compatible with the code that he has
already written, the programmer needs to provide some correctness
requirements.

The requirements for our example are shown in the “REQ” sec-
tion above the hole. A requirement is simply a piece of code that
executes and returns true or false indicating if the solution is cor-
rect. To test the correctness of a synthesized code snippet solution,
“__solution__" will be replaced with a candidate solution and ev-
erything under “REQ” is run in an independent environment which
has no access to the variables and names in the draft program. For
example, in Figure 1a, “m” is defined for storing the matrix and
“filename” is defined for storing the filename so that the solution
will have access to the filename and be able to check whether the
matrix is read into “m”. “test_matrix” (we omit a detailed defini-
tion of this function) is used to test the content of the matrix. The
advantage of separating the testing environment from the draft
program is that users can write tests in all possible ways without
polluting the draft program and that is also how typical unit tests
are written.

Given the draft, SPLICER issues a query to a searchable database
of code snippets. The code database then returns a set of functions
relevant to the current programming task, including at least one
program that reads from CSV files (such an implementation is
shown in Figure 1c). The system now extracts a set of codelets —
expressions and statements — from these functions, and uses a

340

ICSE 18, May 27-June 3, 2018, Gothenburg, Sweden

new CascadeClassifier(String) Highgui.imread(String) : Mat new MatOfRect()"
O, (2) )

CascadeClassifier.
detectMultiScale(Mat, MatOfRect)

Highgui.imwrite(String, Mat) /é\ Core.rectangle(Mat, Point, Point, Scalar)

o/

Q)

Figure 4: API call sequence constraint for face detection

composition of these codelets to fill in the hole in the draft. The
completed draft is showed in Figure 1b.

After getting the code that reads a matrix from a csv file, the user
now focuses on the second part of the task, which is matrix squaring
using matrix multiplication. The previous code is now extended
into a new draft, which has a hole for the matrix multiplication
code, some comments and requirements. This draft is shown in
Figure 2. SPLICER now searches the code database for snippets that
perform matrix squaring using normal matrix multiplication and
merges these snippets into the existing code, while ensuring that
all requirements are met. The complete program resulting from this
process is shown in Figure 3.

As shown in the example, SPLICER can be used in an iterative and
interactive manner. A programmer can start writing code as usual,
and then bring in external resources from the web into the exist-
ing codebase as needed. In this respect our approach is similar to
copying and pasting code. The difference is that SPLICER automates
the process of finding and modifying relevant code, and guarantees
a certain level of reliability by ensuring that the output program
meets all its requirements.

2.2 Face Detection using OpenCV

In previous examples, we relied on input-output tests to verify the
correctness of a solution. Now we consider the use of program
splicing in the implementation of face detection, a computer vision
task in which input-output tests are hard to specify, requiring the
use of an alternative form for correctness requirement. Specifically,
the requirements that we use are constraints on sequences of API
calls that a program makes, given in the form of a finite automaton.

Figure 5 shows a draft program for this task. In this example,
a user wants to use a CascadeClassifier object from OpenCV
to detect faces from an input image called lena. jpg. The output
image named faceDetection.png should have the same picture
with a rectangle drawn above the faces.

The API call constraint for the task is shown in Figure 4. This
requirement describes a sequence of object creation and API invo-
cation actions performed during face detection. To check the API
call requirement, SPLICER runs the candidate solutions under an
environment where necessary functions and variables are defined
to keep track of the program state which is checked against the
requirement. For example in Figure 5, SPLICER loads the require-
ment (line 3), runs a candidate solution and checks internally (line
5) if the solution has created a face detector (_has_detector_), has
loaded an image (_has_image_) and etc., and it ensures things are
completed in order. Predicates like “_has_detector_" are defined
along with the API constraints. In Figure 5 for example, they are
defined inside FaceDetectionTest. java.

While the requirement is more low-level than unit tests, we
note that it frees users from specifying small details such as what
configuration file to be used, the color for drawing rectangles on

>
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COMMENT: Doing face detection using OpenCV

REQ: API_cons("FaceDetectionTest.java");

* __solution__

run_and_test(_has_detector_ && _has_image_ &&
_has_detection_ && _image_written_);

6 public void run() {

7 String input_img = "lena.jpg";

8 String output_img "faceDetection.png";

9 CascadeClassifier detector =new CascadeClassifier(??);

27}

*/

Figure 5: Face Detection: Draft Program

1 public void run() {
String input_image = "lena.png";
String filename "faceDetection.png";
4 CascadeClassifier detector
new CascadeClassifier(getClass().getResource("
lbpcascade_frontalface.xml").getPath());
6 Mat image Highgui.imread(getClass().getResource(
input_image).getPath());
7 MatOfRect faceDetections new MatOfRect();
3 detector.detectMultiScale(image, faceDetections);
9 for (Rect rect : faceDetections.toArray()) {
Core.rectangle(image, new Point(rect.x, rect.y), new
Point(rect.x + rect.width, rect.y + rect.height),
new Scalar(e@, 255, 0));
11 }

Highgui.imwrite(filename,

image); 3}
13

Figure 6: Face Detection: Complete Program

faces and the order of specifying the four corners of rectangles.
SPLICER uses this requirement to filter out many of the candidate
programs that it considers during synthesis. Only a few solutions
satisfy the requirement, and the user could easily pick the correct
one shown in Figure 6.

Note that the external code information in this example is pro-
vided above the function, as shown in Figure 5. In this case, SPLICER
will replace all the holes inside this function with possibly different
external code snippets in a single run using a single set of relevant
programs.

3 PROBLEM FORMULATION

In this section, we define the problem of program splicing.

Language Definition. As mentioned earlier, a draft program in
our setting consists of incomplete code and a set of natural language
comments. We start by specifying the language of code permitted
in our drafts.

Our approach accepts code in a subset L of Java, abstractly
represented by the following grammar. In summary, the grammar
permits standard imperative expressions and statements over base
and array types, as well as a symbol ?? representing holes.

(expr) = id | c | (expr) binop (expr) | unaryop {expr)

| f((expr), ..., (expr)) | id := {expr) | 7?

(stmt) == let id = (expr) | if (expr) (stmt) (stmt)
| while (expr) (stmt) | (stmt) ; (stmt) | ??
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(programy) ::= id ((expr), ..., (expr)) {stmt)

In this grammar, ¢ represents a constant, id represents an iden-
tifier, f represents external functions (API calls), and binop and
unaryop respectively represent binary and unary operators. We
assume that a standard type system is used to assign types to ex-
pressions and statements in this grammar. The actual language
handled by our implementation goes somewhat beyond this gram-
mar, permitting arrays, objects, data structure definitions, a limited
form of recursion, and syntactic sugar such as for-loops.

The special symbol ?? in the grammar represents two kinds of
holes. Expression holes is a placeholder for a missing expression. A
statement hole is a placeholder for a missing statement.

The semantics of a program with holes can be defined as a set of
complete (hole-free) programs obtained by instantiating the holes
with expressions and statements. The semantics of a complete pro-
gram is defined in the standard way. We skip the formal definitions
of these semantics for brevity.

Requirement. Aside from a draft, an input to a program splicing
problem includes a requirement. This requirement is not expected to
be a full correctness specification. Specifically, our implementation
permits two classes of requirements: input-output tests, and finite
automata that constrain the sequences of API calls that a program
can make. We assume a procedure to conservatively check whether
a given complete program satisfies a given set of requirements. For
requirements that are input-output tests, this procedure simply
evaluates the program on the tests. The procedure for automaton
constraints is based on a standard, sound program analysis.

Program Splicing. Let Ps € L be a draft program with one or
more holes. Let DB C L be a database containing programs with
no holes. Our objective is to use the programs from DB to com-
plete holes in Ps. Specifically, we use the expressions (similarly,
statements) from DB to complete the expression holes (similarly,
statement holes) in Ps. Naturally, such an instantiation of the holes
can be performed in many ways. Our goal is to do this instantiation
such that the resulting program passes the requirement.

More precisely, consider the set C of all codelets — subexpressions
and statements — that appear in programs from DB. Let # be the
set of complete programs obtained by instantiating the holes of Pg
by appropriately typed codelets in C. Let U : £ — {True, False}
be a function that maps a complete program in £ to a boolean
value indicating whether the input program passes the requirement
accompanying Ps. The splicing problem is to find a program P; €
such that U(P}) = True.

4 METHOD

In this section, we present a specific solution to the splicing problem,
implemented in the SPLICER system. Our synthesis problem has
two key subproblems: code search and hole substitution.

Code Search Given a program Ps € L, search a large corpus
containing thousands of programs for a set of relevant programs
such that the retrieved programs contain the codelets that are
needed to fill holes. The desired property of the code search tech-
nique should be that the retrieved programs should contain the
exact codelet we need within a short period of time.
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Hole Substitution Given multiple database programs S, we
would like to search for the correct codelets to fill the hole. Multiple
programs combined consist of a large number of codelets. The
key challenge here is to prune the search space such that we can
efficiently get the exact codelet we need and ensure the necessary
codelets will not be dropped.

4.1 Searching for programs

In this section, we describe the code search techniques from Kashyap
et al. [25] with a modification employed to query a large database
of programs effectively. This is the first step in our workflow: to
find candidate functionality from the program database to complete
the draft program. Given the word hints below “COMMENT” in the
Javadoc and also the variable names in the draft program, SPLICER
does a code search and returns a set of relevant programs.

An important goal of the code search component is to have a
quick response when searching large amounts of code. To accom-
plish this, various code features are extracted from a large corpus of
open source code. These code features—along with the correspond-
ing source code—are stored in a program database. The program
database is a scalable object-store database that allows for fast
similarity-based queries.

A query issued to the program database includes code features
extracted from the draft program, along with associated weights
indicating the relative importance of the code features. The program
database computes the k nearest neighboring corpus elements to
the query, using the code features stored, associated weights, and
similarity metrics defined on each code feature. The result of the
query is presented as a ranked list of source code corresponding to
the k-nearest neighbors.

Below we describe the features extracted and the associated
similarity metrics.

Natural language terms. For this feature, we extract the func-
tion name, comments, local variable names, and parameter names
of a function. Such extracted natural language (NL) terms are then
subjected to a series of standard NL pre-processing steps, such
as splitting words with underscores or camel-case, removing stop
words (including typical English stop words, and those special-
ized for Java code), stemming, lemmatization, and removing single
character strings. Additionally, we use a greedy algorithm [12] for
splitting terms into multiple words, based on dictionary lookup.
This is to handle the case where programmers combine multiple
words, without separating the words with underscores or camel-
case, when naming functions and variables.

After NL pre-processing, we compute a tf-idf (term frequency-
inverse document frequency) score for each NL term. Each function
is considered as a document, and the tf-idf is computed per project.
We give the function name term an inflated score (5X more than
other terms) because it often provides significant information about
a function’s purpose. The similarity between two functions is mea-
sured by taking the cosine-similarity of their NL terms, together
with their tf-idf values. Below is an example of NL terms features
for the draft showed in figure 1a.

"read":0.10976425998969035, "matrix":0.658585559938142,
"csv":0.10976425998969035,
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Names. Here, we extract all the variable names, the name of
the function, and perform some basic normalization such as split-
ting camel case and underscores. The similarity metric used is the
Jaccard index on sets of names.

The code search method is described extensively in [25] and the
main difference is that our similarity search is primarily driven
by the natural language term features, with variable names and
function names providing additional context around the hole in
the query code. We give more weights to natural language term
features and less weights to variable names and function names.
The reason is that the most important hint in the draft code is the
comment, because users are required to describe the code they want
to synthesize. However, variable names and function names must
not be treated as equally important, because sometimes variable
names and function names might be totally irrelevant to the code
they want to synthesize. For example, users might leave comments
saying that they want the code that reads a matrix from a csv file,
but it is totally possible that the surrounding context is all about
matrix calculation.

4.2 Program completion

After we have retrieved a set of programs from the program data-
base, our next step is to complete the draft by synthesizing codelets.
A codelet here is a sequence of program statements or a set of
expressions from the programs retrieved from the database dur-
ing code search. Note that unlike other traditional synthesis tech-
niques [5, 13-15, 37, 38, 51, 53], our synthesis method does not
generate code from scratch, but instead it uses codelets from a large
code corpus. For each database program paired with the given par-
tial program, we spawn a thread to do the code completion task,
parallelizing the process. A code completion task consists of the
following steps:

4.2.1 Hole substitution. The first step is to use the codelets
from the retrieved program to substitute the holes in the draft.
Procedure 1 shows the algorithm. We start by checking whether
there is any hole in the draft at line 1. If not, we move on to the
merging step. Otherwise, we start injecting codelets into the draft.
For each hole, we iterate all the codelets starting from the smallest
one and check whether the injection is valid using our heuristics at
line 3. If so, we then substitute the hole with the codelet at line 4
and then continue injecting more codelets by recursively calling
itself at line 5 until we finish filling all the holes. When no more
holes exist in the draft program, we then merge the codelets into
the existing codebase, which is explained in detail in later section.
If at some point injecting a codelet is not successful, we backtrack
and try another codelet. Next, we discuss our heuristics used in the
step of hole substitution.

Synthesizing expressions If we are searching for a substitution
n for an expression hole h, we ensure n and h are of the same type.
In addition, we can also consider the roles of h and n. The intuition
is that we only consider the codelet that serves as the same role by
looking at the parent of n and the parent of h in the parse tree. If
the parents of n and h are not of the same kind, then we discard
n and look for another codelet. Figure 7 illustrates the idea. If we
are looking for a codelet to replace a hole representing the rval
inside an assignment statement, our target codelets are more likely
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Procedure 1 fill
Input: A draft program, Ps € £ and a database program P; € £
Output: A complete program P,

1: if not has_hole(Ps) then return merge(Ps) end if

2: for h « next_hole(Ps), n < next_codelet(P;) do

3: if valid(Ps, h, n) then

4 P} « substitute(Ps, h, n)

5 P, « fill(P{,Py)

6 if P. # null then return P, end if
7 end if

8: end for

9: return null

while(start <= end) {

int mid = [(start + end) / 2 mid—s=q{77]
if (almid] < num) { £ (77) {

start = low = mid + 1;
} else { } else {

end = [mid - 1} high = mid - 1;

Figure 7: Matching for expression codelet

Procedure 2 merge

Input: A completed draft program, Ps € £ and a database program
Pd el

Output: A correct completion P,

1: if no_undefined_refs(Ps) then

2 if is_correct(Ps) then return Ps end if

3 return null

4: end if

5: for u < next_undefined_ref(U), r « next_ref(P;) do

6 if same_type(Ps,u,r) then

7 P} « substitute(Ps, u, r)

8 P, «— merge(P;, Py)

9 if P. # null then return P, end if
end if

end for

return null

10:
11:
12:

to be the rval of other assignment statements. We can then just
consider those codelets as substitutions and ignore other codelets.
The same can be applied if we want to synthesize the code for the
guard of a condition, for example.

Synthesizing statements When we are searching for substi-
tutions for a statement hole h, we need to consider a sequence of
statements from the database program. We define a sliding window
of various lengths and use that to scan the database program to
identify the statement sequence we would like to use to substitute
for h. We also scan the sequences under loops and conditions. We
then use each codelet to fill the hole.

4.2.2 Code merging. One problem with using the codelets from
the database programs is that the naming schemes are different from
the ones in the original draft program. Therefore, after we have
completed the draft program, we search for reference substitution
such that the resulting program refers back to the data defined in
the draft program, which is quite similar to code transplantation [9].
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The algorithm is shown in Procedure 2. The task here is essen-
tially searching for a mapping between the references across two
programs. We first check whether we have undefined references
in the program at line 1. If not, we check the program correctness
against the requirement at line 2. If it is correct, then we have a
solution. If there is still undefined reference in the program, we
then try to rename each undefined reference u to another defined
reference r at line 7. We repeat by recursively calling itself until no
more undefined names exist in the program. We guide the search by
using types. When we are considering renaming u to r, we rename
u only if their types are the same. If at any point the algorithm can-
not rename a reference due to the lack of available target references
in another program, the algorithm will backtrack and try another
renaming for a previous reference. This reference substitution step
is performed every time we complete a draft and thus the whole al-
gorithm suffers from exponential blowup. To ensure the algorithm
terminates, we set a time limit on the entire search process.

4.2.3 Testing. After we have finished renaming all references
in a completed program, we validate the solution against the re-
quirement either in form of a predefined input-output test suite or a
predefined API call sequence constraint given as a finite automaton.
If users provide IO tests, we run the solution on the provided test
suite to validate its correctness. If an API call sequence constraint
is given instead, we encode the constraint into Java source code in
which API calls are captured and new variables are defined to keep
track of the current state in the finite automaton. When the com-
plete program is run, the constraint will be automatically checked
and thus the correctness is determined. We also set a time limit
for program execution to ensure termination. Notice that we could
let the synthesis algorithm produce multiple solutions by letting
it continue the search after a correct completion is found. If there
are multiple correct completions, we will rank them in the order
they appear and return as many solutions as required. On the other
hand, we can also easily add a selection function to choose the best
solution.

5 EVALUATION

Our goal is to evaluate the performance of SPLICER and its ability to
complete a draft program. The experiment consists of completing a
set of draft programs given a code database where a set of relevant
statistics for each run is recorded. In addition, we show the results
of a user study where we test whether our synthesis tool could
increase programming productivity.

5.1 Benchmarks

In this section, we briefly describe our benchmark problems fol-
lowed by the experiments and the results. We evaluate the perfor-
mance of SPLICER and select a set of benchmark problems with
corresponding draft programs to automate the process where users
try to bring external resources from the web and merge them into
the existing codebase.

It is desirable to compare SPLICER with existing synthesis meth-
ods including Sketch [48], syntax-guided synthesis [6], code reuse
tools [21, 29, 43, 52] or other statistical methods [17, 39]. How-
ever, none of these methods are comparable, because (1) traditional
synthesis methods do not search for or use existing source code,
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(2) code reuse methods do not consider programs at the granular-
ity of statements and expressions and (3) some methods such as
SWIM [39] and anyCode [17] only aim to synthesize API-specific
code snippets. Specifically, we fed a standard binary search draft
program with a few expression holes to Sketch and it was not able
to complete the draft within 30 minutes. In contrast, our splicing
system could generate the correct expressions within 5 seconds
after the code search is complete. Moreover, our splicing system
could generate code snippets while Sketch cannot handle statement
synthesis problems.

Code transplantation or pScalpel [9] is the most similar sys-
tem to our work and we will use pScalpel for comparison with
the correct donor programs provided to pScalpel. Notice that we
cannot apply pScalpel to some of our system-related benchmark
problems, because pScalpel targets at C programs instead of Java.
Since systems programs in C and in Java tend to be very different in
terms of number of variables, types and system calls which makes
the comparison unfair. Therefore, we only compare our tool with
uScalpel on some benchmark problems where the differences in
the solutions are not significant.

Our benchmark problems consist of synthesizing components
from online repositories and we include 15 benchmark problems.
These benchmark problems were chosen were chosen to reflect a
diverse set of everyday programming tasks. Accordingly, they com-
prise textbook programming tasks, Stackoverflow questions, and
tutorials of tools like OpenCV. The tasks also meet three criteria:
(a) the problems should come from a diversity of domains, (b) the
tasks should represent common programming problems, and (c)
there should be adequate number of programs relevant to the prob-
lems in the code corpus. The draft program for most benchmark
problem contains one or two statement and expression holes. Each
draft program has its own comments and correctness requirements.
Most benchmark problems use typical input-output tests except for
“Echo Server”, “Face Detection” and “Hello World GUI” where API
call sequence constraints are used to check the correctness. Here,
we highlight two draft programs from the benchmark problems.

LCS Table Building A user calculates the longest common
subsequence of two integer arrays, and she has written a draft
program with the code snippets to extract the subsequence from
the table and display the result. A hole is left for the code that builds
the table for running dynamic programming algorithm.

HTTP Server A user would like to set up an HTTP server that
serves the content of a text file. She wrote a draft program which
has a HTTP request handler, but she does not remember how to
read from a text file and how to set up an HT TP server. Two holes
are left for the code that reads from a text file and the code that
sets up an HTTP server. In addition, she also leaves a hole for the
response status code in the request handler. Figure 8 shows the
draft program.

5.2 Experiments

We implemented program splicing in Scala 2.12.1 based on 64-bit
OpenJDK 8 and we used BeanShell [1] and Nailgun [3] to test all
the completed draft programs. For each benchmark problem, we
ran SPLICER on the draft program we derived. These experiments
were conducted on a 2.2GHz Intel Xeon CPU with 12 cores and
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1 /* COMMENT: Setting up an HTTP server that serves the

2 % content of a local file

3 % REQ:

« x import com.sun.net.httpserver.*x, java.io.OutputStream;
50 % __solution__

6 * HttpServer server = http("http_test.txt", 23456);

7 % test_server(new URL("http://localhost:23456/"));

* server.stop(Q); */
9 public HttpServer http(String filename,
10 String content;
11 // read the content of the file
12 ??

int port) {

13 HttpServer server;
HttpHandler handler = new HttpHandler () {
public void handle(HttpExchange he) {
he.sendResponseHeaders (??, content.length());
OutputStream os = he.getResponseBody();
os.write(content.getBytes()); os.close();
33}

// set up an http server
21 ?2?
return server;}

Figure 8: Setting up an HTTP server that serves the content
of a text file

64GB RAM. For each program, we record the runtime for synthesis
and we stop the synthesis once the time exceeds five minutes. To
roughly have a sense of the search space size, we list the number of
variables and holes in each draft program, the line number and the
number of database programs we use for synthesis. Finally, we list
the LOC of the draft program and its completed version. Our corpus
comes from the Maven 2012 dataset from Sorcerer [7, 35, 45]. We
extracted over 3.5 million methods with features from this corpus.

5.2.1 Synthesis Algorithm Evaluation. Table 1 shows the results
for each benchmark problem with k = 5 where k is the number of
database programs we retrieve. We set k = 5 because empirically
five programs are usually sufficient to ensure that the retrieved
programs contain the target codelet we want to synthesize. In
addition, we put more weight on features that consider comments
and variable names in the k-nearest-neighbor search. The choice
on weight selection is explained in section 4.1.

According the results showed in Table 1, data-driven synthesis
works for all benchmark problems. The time required for most code
searches which is based on k-nearest-neighbor search is approxi-
mately 15 seconds, meaning that the code search is very efficient,
given that we have millions of functions in the database. For most
of the benchmark problems, our method was able to complete the
draft program in under two minutes and the number of tests re-
quired is no more than five, indicating that users of SPLICER do not
have the burden of writing too many tests. In general, a set of tests
is considered sufficient if a complete code coverage is achieved in
the desired target program. Notice that for “Echo Server”, “Face
Detection” and “Hello World GUI”, a letter “C” is used to signal
an API call sequence constraint being used to test the correctness.
We can also see that synthesis takes more time as the number of
holes and the number of variables increase. Having more holes,
more variables and sometimes more lines leads to larger combina-
torial search space for hole substitutions with codelets, and more
variables increase the search space for code merging and renaming.
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Benchmarks Synthesis | No Roles No Types | LOC Var Holes | Test | pScalpel
Time (expr-
stmt)
Echo Server 3.0 4.0 17.1 9-17 1 1-1 C N/A
Sieve Prime 4.6 33.0 8.8 12-17 2 2-1 3 162.1
Collision Detection 4.2 6.3 5.3 10-15 2 2-1 4 N/A
Collecting Files 3.0 6.0 27.0 13-25 2 1-1 2 timeout
Face Detection 8.1 12.2 43.1 21-28 2 1-1 C N/A
Binary Search 15.4 16.0 47.9 12-20 5 1-1 3 timeout
Hello World GUI 16.0 timeout timeout 24-33 4 1-2 C N/A
HTTP Server 411 87.4 timeout 24-45 6 1-2 2 N/A
Prim’s Distance Update | 61.1 66.4 timeout 53-58 11 1-1 4 timeout
Quick Sort 77.2 191.5 217.6 11-18 6 1-1 1 timeout
CSv 88.4 timeout timeout 13-23 4 1-2 2 timeout
Matrix Multiplication | 108.9 151.9 timeout 13-15 8 1-1 1 timeout
Floyd Warshall 110.4 timeout timeout 9-12 7 1-1 7 timeout
HTML Parsing 140.4 timeout timeout 20-34 5 1-2 2 N/A
LCS 161.5 168.8 timeout 29-36 10 0-1 1 timeout

Table 1: Benchmarks. “C” in the “Test” column indicates an API call sequence constraint is used to check the correctness

Impact of type matching and role matching Types ensure
the solution will type check. In addition, role matching eliminates
the expression substitutions where the role of a candidate expres-
sion is different from the role of a hole. To understand their impact,
we record the synthesis time without using types, which is showed
in the “No Types” column of Table 1. The “No Roles” column shows
the runtime without role matching. We can see that using types
and roles can reduce a large amount of search space, although types
seem to be more effective. These heuristics become more and more
important for larger draft programs as the number of variables in-
creases. Without types and role matching, our synthesis algorithm
timed out for some harder benchmark problems. Notice that role
matching is applied when we synthesize expressions, as we cannot
apply role matching when synthesizing statement sequences, and
thus we do not see any difference in the “LCS” benchmark problem.

pScalpel Comparison Code transplantation [9] is very similar
to our work, except that it does not consider using a large code
corpus. However, it is still worthwhile to conduct a series of perfor-
mance comparisons, since pScalpel also extracts code snippets from
external programs, or donor programs. We ran uScalpel on some
of our benchmark problems with correct donors specified. Notice
that pScalpel has an advantage over SPLICER under this setting,
because pScalpel does not need to search for relevant programs
from a code corpus. Nevertheless, even with such an advantage,
most of the runs could not finish within five minutes except for
“Sieve Prime” which is relatively easy. Even though we did not run
uScalpel on all benchmark problems, it is reasonable to believe that
the performance of yScalpel (based on genetic programming) is not
as efficient as SPLICER, which is based on enumerative search.

5.2.2  User Study. We performed a user study to evaluate the ex-
tent to which SPLICER can help human developers. Now we describe
this study.

Study setup. We recruited 12 graduate students and six profes-
sional programmers and developed four programming problems

/** TODO 1: Use Sieve of Eratosthenes to test primality
* of the given integer. */
3 static boolean sieve(int n) {
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boolean[] primes boolean[100];

return primes[nl;}

new

/** TODO 2: Test the sieve of Eratosthenes you've just
* written. Make sure to test the program with the

* following inputs: n = {1, 2, 3, ..., 73}

* Return true if the program is correct. */

static public boolean test() {return false;}
Figure 9: Sieve of Eratosthenes Skeleton with Tests

(described later in this section). Each participant was asked to com-
plete all four programming problems using a web-based program-
ming environment. Per person, two problems were completed using
program splicing (we subsequently call this a “with” task), and two
without (a “without” task). “With” and “without” tasks were as-
signed to participants randomly.

To simulate an industrial programming setting where an engi-
neer is asked to develop a code meeting a provided specification,
for each task, participants were given a description of the program
they need to implement, and a description of the test cases they
need to write to verify the correctness of the program. Figure 9
shows an example skeleton program for the “without” task on the
Sieve of Eratosthenes programming problem. For the “with” task,
the draft program is almost identical to the sieve function in Fig-
ure 9 except that there is a hole after the array declaration and
participants need to put in comments and requirements.

When completing both “with” and “without” tasks, participants
were encouraged to use relevant code snippets from the Internet.
For the “with” tasks, participants were asked to use SPLICER to pro-
vide at least one candidate solution to the programming problem,
but then they could choose to use that candidate, or not use it. Be-
fore using the web-based programming environment and SPLICER,
they were asked to finish a warm-up problem to be familiar to



Program Splicing

the programming environment and SPLICER to eliminate learning
effects.

To evaluate whether SPLICER could boost programming produc-
tivity, we recorded the durations the participants used to correctly
complete each problem. To determine if there is a statistically sig-
nificant difference in completion time for “with” versus “without”
tasks for the same programming problem, we define the following
null hypothesis:

HéD = “For programming problem P, the expected ‘without’ task
completion time is no greater than the expected ‘with’ task
completion time”

If this hypothesis is rejected at a sufficiently small p-value for
a specific programming problem, it means that it is likely that the
average completion time is smaller for the “with” task than the
“without” task, and hence program splicing likely has some benefit
on the problem. Given the times recorded over each problem and
each task, we use bootstrap[11] to calculate the p-value for each
problem. The bootstrap works by simulating a large number of
data sets from the original data by re-sampling with replacement,
and the p-value is approximated by the fraction of the time when
the null hypothesis holds in the simulated data sets. In addition
to measuring time, we also recorded the number of times that
“with” task participants for each problem asked the program splicing
system for help. Typically the participants would stop using our
system after they have received a useful codelet, and so many
requests may indicate an inability of the system to produce a useful
result.

Programming Problems. Now we describe the four program-
ming problems used in the study.

Sieve of Eratosthenes: Implement the Sieve of Eratosthenes
to test the primality of an integer. This is an interesting problem
because it is purely algorithmic, and further, codes to solve this
problem are ubiquitous on the Internet. We expected SPLICER to
be of little use, because an Internet search should result in many
different Sieve programs which should be trivial to tailor to the
problem. Given this and the fact that test codes are so easy to
write, we expected participants will use the least amount of time to
finish this problem, regardless of whether they are given a “with”
or “without” task.

File Name Collection: Collect all file names under a directory
tree recursively and return the list of file names. We chose this
problem because it represents an easy systems programming prob-
lem. Further, there is no standard solution to this problem, while
it is still quite easy to write tests. Therefore we expected Internet
search to be less useful, whereas program splicing might be quite
helpful.

CSV Matrix Multiplication: Read a matrix from a CSV file,
square the matrix and return it as a 2d-array. This problem includes
a combination of system programming and algorithmic program-
ming. We chose this problem expecting that “with” task program-
mers would need to use SPLICER multiple times in an interactive
manner to generate two independent code snippets. Given this, we
expected that the time gap between the “with” task and “without”
task participants to be smaller.

346

ICSE 18, May 27-June 3, 2018, Gothenburg, Sweden

1750 1 —— Splicing
¥ —— No Splicin
1500 b 3
1250 - o
i
g 1000 A S
= *
g 7501 .
<
500
250
O 4
siéve ﬁlés cs'.v hfml

Figure 10: Time spent on each programming problem, with
and without splicing,.

HTML Parsing: Read and parse an HTML document from a text
file, store all links that contain a given word into a result list and re-
turn the result list. This is the most difficult problem among the four.
Not only would those “with” task participants need to use SPLICER
multiple times, but they are required to write tests for HTML ma-
nipulation since program splicing necessitates that participants
manually provide HTML to build test cases that are used to validate
the correctness of the code for extracting links from the parsed
HTML document. At the same time, the JSoup [2] HTML parsing
library that we asked participants to use has rather comprehensive
and straight-forward documentation. Hence, we expected that time
gap between “with” and “without” task participants would be the
smallest among the four problems.

Results. Figure 11 shows the p-values for each programming prob-
lem, as well as the number of times code splicing was invoked for
each problem’s “with” task. Figure 10 shows time spent on each
submission with and without splicing, including the average time,
as box plots. We can see that for most programming problems ex-
cept for HTML, the average time used to finish the “with” task is is
significantly lower than the time required to finish the “without”
task. The p-values in Figure 11 are also small enough for us to
reject the null hypotheses (stating that there is no utility to pro-
gram splicing) with over 99% confidence. Note that the average
number of program splicing invocations for most problems (except
HTML Parsing) is very close to one, meaning that program splicing
could return codelets that the participants could use to complete
the problem with only one try. We argue that this also indicates
that SPLICER is rather easy to use, and is indeed able to boost pro-
gramming productivity in many cases. As the level of difficulty of
the problem increases, so does the benefit of using SPLICER.

It is, however, useful to consider the HTML Parsing program-
ming problem, which is the one case where program splicing was
not useful. Why is this? After careful investigation, we believe
that there are two reasons program splicing did not help. First, the
documentation of the HTML parsing library used, JSoup [2], is
very comprehensive and well-done. Hence the problem was easy.
Second, it is very easy to make mistakes when writing tests, which
require developing correct HTML code and inserting it in a test. We
found that participants typically forgot to escape quote characters
within a string when loading a variable containing even very simple
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Problem | p-value | Avg. Number of Invocations
Sieve 0.00008 1.2
CSv 0.0002 1.2
Files 0 1
HTML 0.5 2.45

Figure 11: p-value at which the null hypothesis is rejected,
and the average number of program splicing invocations for
each programming problem.

HTML. The difficulty in writing tests meant that program splicing
was less helpful. That said, writing tests has independent value, and
if the difficulty in writing tests was the key impediment to using
splicing, it may not be a strong argument against the tool.

We close this subsection by asking: When is program splicing
likely most useful for programmers? One surprising case seems to
be programming problems that are deceptively simple, containing
intricate algorithmics (loops and recursion) that programmers tend
to have a difficult time with. Sieve of Eratosthenes falls in this
category. The Sieve appears to be very simple, and so we initially
expected splicing to be of little use. However, due to the perceived
simplicity, we found that “without” participants tended to write
their own solutions without consulting the Internet (even though
we encouraged Internet use)—and this over-confidence resulted in
buggy programs and longer development times. Use of program
splicing protected “with” participants from such difficulties.

We also found splicing to be useful when documentation is lack-
ing and there is not a standard way of doing things. Consider CSV
and Collecting File Names where the official Java documenta-
tion does not provide any code snippets showing how to parse a
CSV files or how to collect file names under a directory subtree.
“Without” participants had to rely on combing through solutions
from StackOverflow [4], where multiple solutions exist, using dif-
ferent libraries, each with various pros and cons. Program splicing
cuts out the need for manual searching and understanding many
different possible solutions—if the splicing succeeds and passes the
provided test cases, the user can be relatively confident that the
provided solution is correct.

5.2.3 Limitations. Finally, we summarize the limitations of our
evaluation:

(1) Our corpus contains over 3.5 million methods with features
which ensured that we always found relevant programs dur-
ing our experiments. However, for more obscure program-
ming problems, it may not always be possible to find helpful
code in such a database.

Like most synthesis algorithms, the time complexity of our
algorithm is exponential, and so it is limited in its ability to
handle very large draft programs.

It is unclear how to ensure that a user-provided test suite
is comprehensive enough to ensure the correctness of the
synthesized program.

@
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6 RELATED WORK

The notion of drafts used in program splicing is inspired by [48, 49]
from the program synthesis field 5, 13-15, 37, 38, 51, 53]. However,
the key difference is that our method reuses existing source code
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from the web instead of generating programs from scratch. Gilli-
gan [20] and other genetic programming methods [9, 18, 22, 30, 36]
are very similar to our work. However, they do not considering
searching a large code corpus and suffer from efficiency concerns.
CodePhage [46] transplants arbitrary code snippets across differ-
ent applications, but the transplantaions are done exclusively for
binary programs. Code reuse tools [21, 29, 43, 52] usually consider
programs at the granularity of functions. On the other hand, our
method provides a Sketch-like interface where programmers can
leave holes. Our method allows reuse at the level of statements and
expressions, making it more likely that reuse is applicable.

Statistical methods [8, 19, 32, 34, 40-42] have been shown to be
quite effective in inferring program properties and code completion.
Our work, however, does not depend heavily on statistical methods.
Web search combined with natural language queries are used for
code search [17, 39], but they do not consider draft programs that
offer a context with which new programs must be merged. The
problem of copy-and-paste is considered in [33], but only in the
context of merging similar programs.

Our code search technique is explained extensively in [25]. Much
of the related work on finding similar code has focused on clone de-
tection: finding syntactically exact or nearly-exact copies of source
code fragments. See [44] for a relatively recent survey of these tech-
niques. Syntax elements have been shown to be effective in code
search [23, 27], but our code search mainly relies on natural lan-
guage with minor syntax elements. Code search has been performed
in various other settings, using different code features [10, 16, 31].
Refer to Table 3 in [31] for a comprehensive comparison of vari-
ous code search engines: most of these are targeted towards cre-
ating user-facing code search engines that can find relevant code
based on a user-specified query. SMT solvers and semantic code
search [26, 50] have also been used for semantic code search and
program repair.

7 CONCLUSION

In this paper, we introduce program splicing, a synthesis-based
approach to programming that can serve as a principled and auto-
mated substitute for copying and pasting code from the Internet.
The main technology is a program synthesizer that can query a
database containing a large number of code snippets mined from
open-source repositories. Our experiments show that it is possible
to synthesize missing code by combining such database queries
with a combinatorial exploration of a space of expressions and
statements. We also conducted a user study and the results show
that our method could indeed boost programming productivity.

One important piece of future work is to ensure the high quality
of the database programs, because the effect of code quality on the
quality of the synthesized code could be very significant. We could
develop better features and similarity metrics to increase the code
search precision.
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