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Abstract

The vast amount of code available on the web is increasing on a daily
basis. Open-source hosting sites such as GitHub contain billions of lines
of code. Community question-answering sites provide millions of code
snippets with corresponding text and metadata. The amount of code
available in executable binaries is even greater. Collectively, these in-
creasing amounts of code have been referred to as “Big Code”. In this
monograph, we cover some of the recent research trends on leveraging
“Big Code” for performing various programming tasks that are difficult
to accomplish with traditional techniques.
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1
Introduction

The vast amount of code available on the web is increasing on a daily
basis. Open-source hosting sites such as GitHub contain billions of lines
of code. Community question-answering sites provide millions of code
snippets with corresponding text and metadata. The amount of code
available in executable binaries is even greater. Collectively, these in-
creasing amounts of code have been referred to as “Big Code”. In this
monograph, we cover some of the recent research trends on leveraging
“Big Code” for performing various programming tasks that are difficult
to accomplish with traditional techniques.

Size of “Big Code”.

As of January 2016, the GitHub open-source platform hosts over 30
million public repositories. The popular question-answering site Stack
Overflow contains over 19 million answers, many of them containing
code. Both of these sites, as well as other similar sites, are growing
rapidly. For example, Fig. 1.1 shows the growth rate in the number
of public repositories on GitHub. Looking beyond source code, the
amount of binary executables available for download is also increasing
rapidly (both in desktop applications and in mobile apps).

2
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Figure 1.1: Number of public repositories on GitHub (millions).

The availability of these massive amounts of code and meta-data
have the potential to revolutionize the way software is being developed,
taught, debugged and analyzed. Ideas such as example-centric program-
ming Brandt et al. [2010] or opportunistic programming Brandt et al.
[2009], where the machine assists the programmer in leveraging exist-
ing code repositories are not new. They are based on the insight that
finding, checking, and adapting an existing solution is easier than creat-
ing a solution from scratch. Indeed, various recommendation systems,
and code completion tools Thummalapenta and Xie, Zhong et al., Al-
nusair et al. [2010], Shoham et al. [2007a], Holmes et al., Mandelin
et al. [2005], Gvero et al. [2011], Perelman et al. can improve program-
mer productivity and increase code reuse. While these techniques have
made significant progress, they have limited or no support for reusing
existing codebases.

Big Code vs. Big Data

Learning from “Big Code” inherits all of the challenges associated with
learning from “Big Data” (e.g., images, videos) (see Jagadish et al.
[2014]). However, it introduces an additional set of unique problems
specific to the domain of programs. The reason is that unlike a tradi-
tional data sample (e.g., an image), a data sample in “Big Code” is a
program that can represent an infinite number of behaviors. Further,
it is well known that many seemingly basic questions about programs

Full text available at: http://dx.doi.org/10.1561/2500000028



4 Introduction

are in fact undecidable and thus the exact program semantics (that one
has to learn from) need to be approximated.

Extracting Semantic Information via Static Analysis

Fortunately, in the past decade, automatic tools for reasoning about
programs have advanced to the point where they can be applied to
realistic software. These advances have led to impressive success stories
in program analysis (e.g., ASTREE,Infer,SLAM). In the context of
learning from “Big Code”, static analysis is useful for automatically
extracting semantic properties of a program (e.g., how a program uses a
library, numerical invariants, etc.). This semantic information allows us
to reason about a program more precisely than if we had simply treated
the program as text or a sequence of tokens. The importance of working
with semantic program representations when learning from “Big Code”
is supported experimentally by several recent works Raychev et al.
[2015, 2014a], Mishne et al. [2012].

Capturing Program Commonalities via Statistical Learning

Recent advances in statistical learning algorithms enable their appli-
cation to large amounts of semantic information extracted from (a po-
tentially large number of) programs. Algorithms ranging from simple
classification up to advanced structured prediction with conditional
random fields (CRFs) Sutton and McCallum [2011] can be used to
learn complex facts about programs, e.g., predicting semantic proper-
ties Raychev et al. [2015]. Similarly, techniques from natural language
processing can also be applied to program descriptions. For instance,
sites such as stackoverflow.com provide a valuable correlation be-
tween succinct technical textual descriptions and code snippets. Ana-
lyzing a large number of code snippets (using static analysis) and their
associated textual descriptions (using NLP) can lead to new approaches
for establishing program similarity Zilberstein and Yahav [2016], and
automatic program explanation.

Full text available at: http://dx.doi.org/10.1561/2500000028
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5

Outline

The rest of this manuscript is organized as follows. In Chapter 2, we
discuss several recent applications, describe the dimensions of the prob-
lem, and illustrate how each application and example system fits these
dimensions (we only briefly discuss the technical machinery). Then, in
Chapter 3, we select one of the applications (statistical code comple-
tion) that captures various aspects of the problem of learning from “Big
Code” and illustrate each of these aspects in detail.
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