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Abstract

The increased availability of large, widely used, and open-source software sys-

tems has sparked the interest of researchers from different communities. One
possible use of this data is to build new developments tools. These tools can
help programmers analyse a previously unseen codebase, get familiar with a
new language, or write idiomatic code. However, finding how to infer knowl-
edge from source code is still an active topic of research.

Here, we focus on using pattern mining techniques and the kind of mod-
ifications they require to extract this knowledge in the form of code idioms.
In particular, we explore whether closed tree patterns and tree patterns that
compress the data can successfully be used when mining for idioms in source
code.

This thesis was made in the context of an ongoing research project, whose
goal is to develop a software tool which would assist in legacy software moderni-
sation. We describe our contributions to their development effort of the mining

process as well.
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Chapter 1

Introduction

In the past few years, data mining on large software repositories has become
a research topic of increased interest among the machine learning, program-
ming languages and software engineering communities. Conferences regarding
this specific topic are also organized since many years [27]. This thesis takes
part in this research process and investigates whether frequent pattern min-
ing techniques can be used to gain insight into a previously unseen codebase.
The representation of choice for source code is the abstract syntax tree. Many
different frequent pattern mining algorithms can and have been applied on tree-
shaped data but there is still little research on their usefulness when applied
to source code, a very specific type of data. This thesis investigates whether
closed tree patterns or tree patterns that compress data the most can be useful
when looking for code idioms, syntactic fragments that occur frequently across
software projects and have a single semantic purpose [4].

This thesis was made in the context of an ongoing research project, INTi-
MALS [22], whose ultimate goal is to build an intelligent modernisation assistant
for legacy software systems. This assistant would provide recommendations of
modernisation actions based on insight learned from existing large source code
repositories. The framework aims to work with any kind of programming lan-
guage and follows a pipeline architecture with five separate components: source
code importer, mining preprocessor, pattern miner, pattern matcher and mod-
ernisation assistant. At the start of this thesis, all of the five components were
already partially implemented but their integration was limited [29]. We will
focus here on only one of this component: the pattern miner.

The INTiMALS research project is a university-industry collaboration be-
tween UCLouvain, the Vrije Universiteit Brussel [37] and Raincode [31], a com-
pany which specialises in the maintenance and modernisation of large and com-
plex legacy codebases written in older languages like, for example, COBOL.
The usefulness and advantage of having such an assistant is clear: it helps with

the migration process, provides immediate insight when starting work with a
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new repository for junior and experienced developers alike.

This thesis is structured as follows: in Chapter 2 we present the required
knowledge of frequent pattern mining. We follow with a review of prior research
related to this work and a description of the existing INTiMALS approach,
Chapter 3. Chapter 4 describes mining closed pattern and the limitations of
this approach. In Chapter 5 we discuss the need of parsing the ASTs to learn
a probabilistic context-free grammar (PCFG) and its implications. Chapter 6
describes the approach to mine patterns to compress the data and its results.

Chapter 7 concludes.



Chapter 2
Background

In order to have a better understanding of this thesis, some basic knowledge from
different domains is required. This chapter will focus on concepts and notions
related to frequent pattern mining. When necessary, the following chapters
will start by introducing the additional background needed. Overall, besides
frequent pattern mining, we will also discuss topics such as (statistical) parsing

and the minimum description length principle.

2.1 Frequent pattern mining

A frequent pattern is defined as an itemset, subsequence or structure that occurs
with a frequency above a given threshold in the transactions of a database [13].
In our case, a transaction is the abstract syntax tree (AST) of a single source
code file and the database is a set of those files e.g. a repository. The patterns

we are interested in are subtrees, i.e. snippets of code.

2.1.1 Problem definition

More formally, a database D = {7y, T1,...,Tn} is a set of N transactions where
each transaction is a tree. A transaction and a pattern are both rooted, labelled
trees (V,E,L,r) where V is a set of vertices, E is a set of edges, L is a set of
labels, and r is the root of the tree where r € V. A labelling function [ : V — L
exists and assigns a label to each vertex.

Rooted trees can be ordered or unordered depending on whether there is a
predefined ordering between siblings, i.e. vertices that share the same parent.
Unless specified otherwise, we are considering rooted labelled ordered trees with
a left-to-right ordering. Following this definition, we can define the left and right
siblings of a node as well as the leftmost and rightmost child. By repeatedly
taking the rightmost child, starting from the root, we obtain the rightmost
path.
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We are interested in subtrees, but multiple definitions exist depending on
how the matching between the subtree and the tree is done. The type of subtrees
we are considering are induced subtrees. A tree Y/ = (V' E' L',+") is an
induced subtree of Y = (V, E, L,r) if and only if there is a mapping function
. This function provides a one-to-one mapping between the vertices of V/ and
V' that preserves the vertex labels, the adjacency of each vertex and the root
[13]. We write that 3p: V' - V such that

Vu,v € V' (u,v) € E' < (p(u),p(v)) € F (2.1)

Intuitively, the induced subtree Y/ can be obtained by repeatedly removing leaf
nodes from Y. We say that Y is a supertree of Y’.

A pattern P is a (induced) subtree of T if P C T where T' € D. This
relation allows us to define an indicator function to decide whether a pattern P

occurs in a tree T’
1 ifPCT,
covers(P,T) = (2.2)
0 otherwise.
The number of transactions in which the pattern occurs is given by the size of
the cover:

supportp(P) = {T € D | covers(P,T) = 1}| (2.3)

This way of defining the support makes it an anti-monotonic function. This
property, which is often referred to as the Apriori principle [3], is a useful one as
it allows to prune very large parts of the search space and mine patterns in large
databases [2]. Mining algorithms typically need to generate candidate patterns
by either extending or combining frequent patterns discovered previously. This
property allows to reduce the number of candidates considered as any extension
of an infrequent pattern is also infrequent.

The minimum support threshold minsupp is a parameter such that 1 <
minsupp < N transactions and the goal of frequent ordered tree mining is to
find {P C T | supportp(P) > minsupp}, the set of all subtrees that are more
frequent than given a threshold.

It is clear that the size of this set can potentially be huge and most of the
subtrees in this set will be useless. This is a classic and long known problem
in the data mining community working on pattern mining [2]. Many different
techniques were researched and proposed to find only interesting patterns. The
key issue is that interestingness is, by definition, subjective. There is not a single
general measure of interestingness that we can formalize and that will satisfy

everyone [2]. This thesis explores whether closed patterns and compressing
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patterns can successfully be used when using source code as data.

2.1.2 FreqT

Depending on the type of input data, different types of frequent pattern mining
algorithms were proposed. The most common types of data include itemsets,
sequences, and graphs. Here, we are only interested in one specific algorithm
which mines inside trees, a particular type of graph. Many different algorithms
for mining subtrees exist, but an initial choice has already been made by the
research group and we decided to continue with it.

The FreqT algorithm, proposed in [7], discovers all frequent tree patterns
from a large collection of labeled ordered trees. It is an iterative pattern mining
strategy based on the Apriori principle and a depth-first exploration. The two
key components of this algorithm are its efficient candidate generation and
occurrence storage.

FreqT relies on a rightmost path expansion [7] for the candidate generation
phase. To produce candidates of size k + 1 from frequent patterns of size k, only
extensions of nodes on the rightmost path of the tree are considered. This way
of generating candidates is different from the methods used before, i.e. merging
patterns of size k which have £ — 1 nodes in common. It also allows collecting
extensions from the data efficiently.

The second component, which makes this algorithm efficient memory-wise,
is that it does not need to store the complete occurrence of a pattern. For each
pattern, we only record to which nodes in the database the rightmost node
can be mapped. The reason for this is related to the previous key component:
only the vertices on the rightmost path of each occurrence of a pattern need
to be extended. Those paths can be easily derived from the occurrence of the
rightmost node that we have stored.

The notations and concepts presented in this section should be a sufficient
introduction to frequent tree mining. A more in-depth overview of all the con-
cepts related to frequent pattern mining in general can be found in [2] and

related to only frequent subtree mining in [13].



Chapter 3

Related work

In this chapter, we review some of the existing research related to our problem.
Even though researchers have studied many source code related tasks, only
a couple of recent papers directly approaching the problem of mining code
idioms. We will also review the current INTiMALS approach and, especially,

their pattern miner.

3.1 Existing research

The increase of large, high-quality and open-source repositories has sparked the
interest of researchers from different communities. One of the more popular
research fields is based around using statistical models for source code. Their
use is supported by two interesting observations.

The first observation is that source code corpora have statistical properties
similar to natural language corpora [6]. Researchers applied techniques used in
natural language processing (NLP) with promising results [21]. The success of
statistical models used in NLP to solve difficult tasks like, for example, machine
translation is also a reason why those models were considered and tested on
software corpora.

The second observation is that software contains a lot of redundancies. This
observation may seem intuitive and was actually confirmed empirically in [17]
where 430 million lines of source code where analyzed. With a granularity
level low enough (between one to seven lines), a general lack of uniqueness was
observed.

There are many tasks for which those models can be useful ranging from
auto-completion [5] to generating programs [26]. Other researched topics in-
clude API mining [1] and code clone detection [9, 8]. However, the topic we are

interested in are code idioms.
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3.1.1 Code idioms

Regarding mining code idioms from source code specifically, the paper “Mining
Idioms from Source Code” by Allamanis and Sutton [4] is probably the most
relevant one for our work and, as the title suggests, describes a technique to
mine code idioms from a corpus of software projects.

In their work, the problem of finding code idioms consists in inferring com-
monly reoccurring fragments in ASTs. To do that, they apply a new technique
related to statistical NLP introduced in [14] by Cohn, Blunsom, and Goldwa-
ter. This paper describes a new way of inducing a probabilistic tree substitution
grammar (PTSG). A more formal definition can be found in Chapter 6 but, in-
formally, a tree substitution grammar is simply an extension of a context-free
grammar (CFG) where a production rule can potentially generate a tree struc-
ture at once. The advantage of those tree rules is that they can keep some local
context, something that CFGs cannot do. A probabilistic version of a grammar
also has a probability associated with each production rule.

This new technique proposed to learn a TSG is to use non-parametric
Bayesian methods [4, 13]. The reason for using those methods is that they
can automatically infer an appropriate model depending on the size and com-
plexity of the data. To illustrate, let us take clustering as an example. Typically,
one would have to define a prior on how many clusters there are, but it is not
always easy to do as this number is usually unknown and can potentially be
infinite. Non-parametric methods address this by removing the need of defin-
ing the number of parameters beforehand and by growing them depending on
the complexity of the data. The same reasoning can be applied to the TSG
inference problem. It is difficult to decide how many tree rules, which are pa-
rameters in the model, we require. Non-parametric Bayesian models address
this problem by growing this number depending on the size and complexity of
the input ASTs. Once the TSG is learned, the code idioms are the tree rules
that can be produced by this grammar.

3.1.2 Code clones

One of the closest fields of research related to code idiom mining is code clone
detection. Indeed, one could think that such techniques could also be used for
code idiom mining. However, Allamanis and Sutton argue that code clones are
not code idioms. The reason is that code detection tools attempt to find the
largest fragment that is copied but code idioms require a trade-off between size

and the frequency with which programmers would use it in order to appear
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“natural” and be considered useful [4]. Their experiments in which they com-
pare both mined code idioms and code clones seem to confirm this theory. It
remains to be seen whether this is also the case for frequent pattern mining
techniques used to mine code idioms. Indeed, syntactic approaches to find code
clones are also based on ASTs and tree-matching. An overview of the techniques

explored in this research field can be found in [33].

3.2 INTiMALS

Another related research project is that of the INTiMALS group, whose ulti-
mate goal is to build an intelligent modernisation assistant for legacy software
systems. This tool’s knowledge would be based on code idioms mined from
high-quality and idiomatic source code. Currently, the development effort is
focused on the core of the project, mining code idioms. Later on, the miner
should also be capable of mining for procedure calls. This change effectively
requires to consider graphs as input data instead of trees. Another possible
improvement is to consider the versioning history of a repository as additional
input. The assistant tool also has many possible improvements such as provid-
ing recommendations on the fly, finding almost-matches or even missing idioms
in a user’s source code.

This thesis was made alongside this research project but the foundation is
based on their existing work. This section describes the essential parts that
impact our work and which understanding is necessary for later.

As mentioned in the introduction, the framework follows a pipeline archi-
tecture with five separate components: source code importer, mining prepro-
cessor, pattern miner, pattern matcher and modernisation assistant. The first
three components are the ones in which we are interested and require some
description. Figure 3.1 gives a visual representation of the process and data

flow.

3.2.1 Source code importer

The source code importer is the key component in making the framework
language-independent. Given a set of source files, the role of the importer
is to produce their respective ASTs in a specific predefined format. This for-
mat, called the metamodel, defines a standard representation of abstract trees
(in XML) and allows the subsequent components to work on this single format

independently of the input language. Note that each programming language
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Grammars
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FIGURE 3.1: Representation of the architecture. Only the first
three components related to mining code idioms are represented.

requires an importer. Currently, there is an importer for Java based on the
Eclipse compiler [16] and an importer for COBOL based on a proprietary com-
piler developed by Raincode.

3.2.2 Preprocessor

The mining preprocessor takes as input the generated ASTs and applies dif-
ferent kinds of transformations depending on the specified settings. This is
especially useful for the next component, the pattern miner, as depending on
the transformations applied, we can mine different types of patterns without
changing the mining algorithm. Currently, one of the possible transformations
is splitting a single identifier node into multiple subnodes whenever they follow

the camel case convention.

3.2.3 Pattern miner

The pattern miner is based on the FreqT algorithm, which, as explained in
Section 2.1.2, mines for rooted ordered trees. This may seem surprising when
we recall that our input data is source code. Depending on the programming
language used, we can write some parts of code in any order without changing
the semantics (e.g. method declarations in a Java class). Partially-ordered trees
could be considered a more appropriate model for the transactions and some
mining algorithms for those types of trees already exist [23]. However, our goal
is to find techniques to discover interesting ones and simply using another type
of frequent pattern mining algorithm would not work [4].

The unmodified algorithm outputs all the frequent patterns, even those that
an expert would not consider interesting or even a code idiom whatsoever. Also,
the runtime can be quite long depending on the number of files in the repository

and the sizes of the ASTs. The current approach to tackle both phenomena is
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to add some constraints which reduce the output size and the search space

considered.

3.2.3.1 Grammars

Some of those constraints require the grammar of the language in order to be
implemented. This is illustrated in Figure 3.1 as the grammar files next to the
pattern miner component. These are classic XML files but, conceptually, they
represent the context-free grammar of the associated programming language.
The grammar respects a common representation in XML regardless of the pro-
gramming language. The structure follows the structure of ASTs very closely:
an XML node defines the possible children of an AST node. Some children can
be optional and are marked as such in the XML with an optional attribute set
to true. By default, if this attribute is not mentioned, the child is mandatory.
Each child also has at least one of the following XML attributes: simplevalue,
node or nodelist.

A simplevalue indicates a literal in the source code, e.g. an operator, a
number, etc. This is a terminal if we follow the CFG terminology.

A node points to another XML node which defines the structure of this
child. This is the next production rule that will be applied for this child.

A nodelist is similar to the node attribute but can generate an unbounded
list of children. This list can be ordered or unordered e.g. in Java, statements
are ordered but the methods in a class can be declared in any order.

A special attribute called abstract can be set on main XML nodes. This
attribute is useful to express choices. For example, in Java, many things can be
an expression (InfixExpression, ThisExpression, etc.). Whenever a rule re-
quires an expression, we use the Expression which defines a production that can
pick between concrete rules. Another way to interpret this is that Expression
is a supertype of InfixExpression, ThisExpression and others. A concrete
example extracted from the Java grammar can be found in Appendix A.

Even though, in theory, one may think that a grammar is relatively easy to
obtain for programming languages, in practice, this task is much more compli-
cated than anticipated. First of all, depending on the programming language,
the grammar can be complex and hard to write down. Even for Java, the gram-
mar required a lot of additional (often manual) work to have a working version.
Another issue is that programming languages change over time and have dif-
ferent versions/dialects. To solve this issue, we would require different versions
of a grammar and also their maintenance. Finally, the tool is aimed primarily

at legacy code and older languages. Writing a grammar for them may require
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expertise and may not be available as an open-source resource. This happens
to be the case for the COBOL grammar which is not a trivial task to get right.

For this reason, also a different approach was tested. Instead of defining
the grammar, we can learn it from input data. The downside is that some
constraints may prune less than with a fully fledged-out grammar. We also lose
some information about the order as we cannot infer whether a node should be
considered as an ordered list. The upside is that, by dropping the requirement of
having a predefined grammar, we also drop the issues explained above regarding
the difficulties linked with this requirement. Currently, both approaches are
evaluated. We specify whenever necessary which grammar, defined or learned,

we consider.

3.2.3.2 Constraints

We discussed previously that the unmodified FreqT algorithm outputs all the
frequent patterns. However, many of those patterns are not code idioms and
thus not interesting. The FreqT was modified and a set of constraints was
introduced as a possible solution to this problem.

The constraints that were added, in addition to the minimum support con-

straint which is present by default, are:

Minimum size of trees

Patterns should be greater than a given size

Maximum size of trees

Do not expand patterns larger than a given size

Expand to leaf nodes on the left side of the pattern
Every leaf node of a reported pattern should also be a leaf in the AST
(except on the rightmost path)

Maximum repetition of a label in a pattern
Stop expanding if any label appears more than the given amount of

times

Maximum repetition of a label in unordered nodelist
Stop expanding if any label appears more than a given amount of times

as a child of a node

Minimum number of leaves

Patterns should have the given amount of leaf nodes
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Maximum number of leaves

Patterns should not have more leaves than the given amount

Expand mandatory children
Patterns must have expanded all the children that are mandatory, i.e.

children not marked as optional in the grammar

Note that there is a distinction between leaf nodes of patterns and ASTs.
The constraints related to leaves enforce that leaf nodes of a pattern are also
leaf nodes of ASTs, meaning that leaf nodes of the pattern are terminals of our
grammar. Later on, even stronger constraints were added. They slightly differ

from the previous ones as they reduce the search space more explicitly:

Root whitelist

Only start expanding patterns from a given list of root nodes

Children blacklist

Discard the expansion of specific children of a node

While all the constraints mentioned above are indeed reducing the output
size and the search space, defining the optimal values for those parameters is
a hard task. Compared to hyperparameter optimisation, there is not a single
objective function on which we can optimise. Moreover, depending on which
kind of code idioms we are interested in, a different configuration of parameters
may be more appropriate. In the following chapters, we look if techniques, such
as closed or compressing patterns which are more formal and have stronger

foundations, are useful for mining code idioms.
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Chapter 4
Mining closed idioms

In this chapter, we are going to describe our first tested approach. The goal
is to reduce the number of patterns reported by the modified FreqT algorithm
explained in Chapter 3. Indeed, since the algorithm reports all frequent pat-
terns, their number is quite significant. However, we would prefer to reduce
the size of the output to make it more interpretable. We also observed that
many reported patterns are subtrees of some other, larger pattern. This larger
pattern is usually the only one in which we are interested.

To alleviate those two issues, we are going to mine only closed patterns. We
say that a pattern p is closed when no supertree of p has the same support as
p. Mining closed patterns, in all kind of structures ranging from itemsets to
trees, is not something new but, to the best of our knowledge, was not applied
in the context of mining in source code. Also, the approach looks promising
considering the results obtained by the initial algorithm, and we do not lose
information when applying this technique. Indeed, only keeping the set of closed
patterns along with their support can be seen as a form of lossless compression.

First, we introduce some notations and related work in mining closed fre-
quent patterns. We continue by describing how this type of mining was inte-
grated into our existing approach. Finally, we talk about the limitations of this

approach which appeared quite quickly.

4.1 Background

The paper written by Chi et al. [12] describes their algorithm, C M TreeMiner,
which mines only closed and maximal frequent subtrees in rooted unordered
trees. The techniques described in their paper serve as a basis for our im-
plementation as it works almost out-of-the-box with only minor modifications

required.
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More formally, we follow the same definitions as they defined in their paper
[12]. We define the blanket of a frequent tree t as the set of trees:

B = {t' | removing a leaf or the root from ' can result in ¢} (4.1)

The blanket B; of ¢ is the set of all supertrees of ¢t that have one more vertex
than ¢. This additional vertex is written as ¢’ \ ¢ and can be distinguished based
on its position in the tree. Additionally, we define the right blanket B as the
subset of B; where '\ ¢ is on the rightmost path of . The left blanket BtL are
all the other vertices left that are not on the rightmost path of ¢'.

BE = {t' € By | '\ t is on the rightmost path of '} (4.2)
BE = B\ B (13)

A frequent subtree t is closed if and only if, for every ¢’ € By, supportp(t') <
supportp(t).

We say t' € B; and t are occurrence-matched if, for each occurrence of t,
there is at least one corresponding occurrence of t'. We also say t' € By and t are
support-matched if, for each transaction s € D such that covers(t,s) = 1, we
have covers(t', s) = 1. The key difference is that, in the first case, we compare
with each occurrence and, in the second, we compare for each transactions.

With these definitions, we can define two subsets of B;:

BPM = (' € By | t' and t are support-matched} (4.4)

BOM — [ € B; | ¢ and t are occurrence-matched} (4.5)

The set BYM is useful to decide whether ¢ is closed. Indeed, t is closed if
and only if BfM = (). The second set, Bto M is useful to prune some candidates
for which we know that they never lead to a closed pattern. Intuitively, if,
for every occurrence of a pattern ¢, we can find an extension t'\ ¢, then, by
definition, this pattern ¢ is not closed because of ¢. If this extension is not
on the rightmost path, it means that we can never generate t’ as a candidate
starting from ¢ because we only generate candidates by adding vertices to the
rightmost path. It also means that we can prune ¢ and all of its candidate

extensions as they are not closed. Using formal notations, a subtree ¢ can be
pruned if 3t': ¢ € BOM at' € BF,ie. BOM N BE £ 0.
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FIGURE 4.1: An example with two transactions where it is im-
portant to consider order as it changes the possible matching
and blanket of the pattern

4.2 Implementation

In order to add this feature to the modified pattern mining algorithm in use,
FreqT, some modifications are needed. Recall that FreqT only keeps the oc-
currences of the rightmost node of the pattern and not its full occurrence. To
compute the blanket, i.e. the set of possible one-vertex extensions, the com-
plete occurrence of the pattern must be known. FreqT can be easily modified
to store all those occurrences. It does not do it because the rightmost path
extension, as explained in Section 2.1.2, does not need this information. Even
if our implementation allows enabling and disabling the closedness check, all
the occurrences would be stored anyway. Also, some patterns are a significant
overhead on memory, e.g. a pattern that tries to match ten method declarations
in a factory class of thirty methods in total. However, an advantage of mining
closed patterns is that we can prune some candidates that do not lead to a
closed pattern and thus reduce the search space.

Another difference to take into consideration is that the algorithm for C'M-
TreeMiner, presented in Section 4.1, works on rooted unordered trees. When
working with ordered trees, as in our case, one must be careful when comput-
ing the blanket and the support of each extension. Indeed, when matching in
an ordered fashion instead of unordered, some transactions may not be in the
support of the pattern anymore. This has a direct impact on whether a pat-
tern can be considered closed. Figure 4.1 illustrates this situation. We find a
database with two transactions, Ty and 77, along with a pattern, Py. At start,
the pattern Py is present in both transactions regardless of order. In other
words, D = {Ty,T1} and supportp(Py) = 2. Now we consider extending P
with the node B and thus producing a new candidate, Pj. If we consider the
transactions as unordered, the supports remains the same at two. The previous
pattern, Py, is thus not closed by definition as P, a supertree of Fy, has the

same support. However, in the ordered case, P} does not cover T} anymore and
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supportp(Py) = 1. In this small example, we know that both Py and P} are
both closed as there are no more possible candidates to extend the patterns.

Another relevant observation can be made using this Figure 4.1. Once again,
let us consider the situation at start and with only Py under consideration. We
are interested in finding the blanket of Fy, i.e. Bp,. In practice, the blanket only
needs to store extensions that lead to a supertree, Pj, of Py. An extension is a
quadruple (iroot, [, iprev, ) Where iroot prev € I U{—1}, the set of node identifiers
given by the preorder traversal of a tree, | € L, the set of labels and b € {0, 1}.
Iroot 1S the position in the preorder traversal of the node we are extending. [
is the label that we will use. ipqe, gives the node identifier of the left sibling if
the extension is added. b indicates whether the extension is in the left or right
blanket with b = 1 <= Pj € Bﬁo. We add -1 to indicate that there is no
sibling.

To illustrate, we consider the example in Figure 4.1. The blanket of Bp, is a
set of two trees which (coincidentally) is the set of trees represented by T and
T1. We can also write this set as a set of two extensions where the extension of
Py given by the tree in Ty is (0,B,2,1). Similarly, the extension given by the
tree in 77 is (0,B,—1,0).

The two last values in our extensions require some explanation. Keeping the
left sibling is needed because we consider ordered trees. We already illustrated
the importance of this in the previous paragraph. In our algorithm, we visit all
the occurrences of a pattern and try to match the extension, but we need to
know precisely at which position among the children of the node located at 7,0t
Keeping track whether the extension is on the rightmost path is also important
when deciding if we can prune the current candidate and all of its descendants.
In this example, we can prune neither Py nor Fj because of the extension in Tj.
If Ty was removed from the database, we would satisfy the conditions to prune
this branch of the search space.

The implementation can be decomposed into four key methods: compute
the blanket of a given pattern, check whether the pattern can be pruned, verify
if it is a closed pattern and prune root candidates of patterns that cannot lead to
a closed pattern. The last method can be seen more as an optimisation because
the output would be the same whether we use it or not but is nonetheless useful
to reduce the search space by not considering some labels as roots of patterns.
It is based around the observation that if, for every occurrence of a node with
a label [;, there is a node with a label [; such that [; is always the label of
the parent of [;, then a pattern starting with /; as root label cannot be closed.

This pruning technique, for which they coined the term “Search space reduction
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using the backward scan”, is explained in [25]. It consists in an initial scan of
the database to check whether possible pattern root label always has another
label as parent. If yes, we can remove this root from the initial set of roots to

be expanded.

Data: P, the currently evaluated pattern
Data: Occp, the list of all occurrences of this pattern
Result: The set of frequent closed tree patterns
Procedure proJecT (P, Occp)
Bp < blanket(Occp);
canPrune < occurrenceMatch(BE);
if canPrune V other constraint violated then
‘ return;
end
isClosed < BpM = {);
if isClosed N other constraints respected then
‘ Add P to output;
end
C « generateCandidates(Occp);
C « prune(C);
foreach candidate (Py,, Occp,) € C do
| ProJECT((P, Occp,))
end
Algorithm 1: Modified FreqT algorithm to mine only closed patterns

The first three key methods of our closedness implementation can be seen
in action in Algorithm 1. Based on all the occurrences of the pattern, we
build the set of possible extensions. From those extensions, we consider only
those in the left blanket and check whether there is one which matches all the
occurrences of the pattern. In that case, we can stop generating candidates
from this pattern and return. Before adding the pattern to the output, we have
to check whether it is closed or not. We follow the definition and check whether
there is a supertree with the same support. If there is, the pattern is not closed
(but also not pruned) and we continue generating candidates from it. We prune
this set of candidates based on our constraints and recursively call the procedure
on those that are left. The constraints expressed in this algorithm are a subset

of those defined in Section 3.2, depending on the configuration given.

4.3 Limitations

We have presented how we integrated mining closed patterns into the existing

FreqT algorithm. However, during the evaluation phase, it appeared to be clear



18 Chapter 4. Mining closed idioms

il
[=)

=

—@— Closec —— Clased
—— FreqThod —&— FreqTMod
30 o400
W =
@ wang
20 [T g
E 5
o :""CI“
= ARt
& 10 =
E,
U
=

=)

10 20 30 40 50 10 20 30 40 50
Minimum support Minimum support

o

TN

*I_.E"u-\.lk *

(=]

& 10k

o

-
=]
[=]
[

Number of fre

10 20 30 40 50

Minimum support

FIGURE 4.2: In this experiment, we compare Closed pattern

mining with the initial implementation of FreqT in Java, FreqT-

Mod, provided by the research group. We use the dataset of one

hundred Java ASTs described here Section 6.6.1 with varying
minimum support.

that this approach is not a promising one. Even though the output size tends
to be smaller and there are fewer redundancies in the reported patterns, many
issues with this solution held us from pursuing further evaluation.

The first drawback is that checking for closedness introduces a lot of over-
head, both in time and memory consumption, as we need to keep the complete
occurrences and compute the blanket for each pattern. We already discussed
this in theory, but the experiments also confirm this. Moreover, the gain due
to the possibility of pruning some of the search space proved to be insufficient
to compensate this increase. We illustrate this in Figure 4.2.

In this experiment, we compare our Closed pattern mining algorithm with
the initial implementation of FreqT in Java, FreqTMod, provided by the re-
search group. We use the dataset of one hundred Java ASTs described here
Section 6.6.1 with varying minimum support. The constraints used are the
same in both cases: we use the mandatory children expansion constraint and
the minimum pattern size of two. Note that we also disabled the leaf constraint

on the left side of the pattern for both. The biggest difference comes thus
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FIGURE 4.3: An example illustrating an issue which can arise
when using the closed and the leaf constraint, i.e. expand to leaf
nodes on the left side of the pattern. In this example, with a
minimum support of two, the pattern Py would not be reported.

from the need of keeping all the occurrences and computing the blanket By,
something not necessary in FreqgtMod. We observe that, indeed, we find fewer
patterns (a subset, to be precise) when using the Closed algorithm. Also, the
memory requirement is higher due to the storage of the complete occurrences.

Finally, note that the FreqT algorithm used here does not follow the original
implementation to the letter. The original one reports every pattern provided it
is frequent [7]. Here, the given implementation in Java only reports in specific
cases depending on the constraints. In this example, the pattern is in the output
if there are no frequent candidates anymore.

Another drawback of this approach is that this closedness constraint does
not combine well with some of the other existing constraints listed in Section 3.2.
Indeed, depending on the configuration of the constraints, it happens that there
are few or even no patterns reported in the output. One may think that this is
an issue with the implementation, but the actual explanation lies in the fact that
some of the existing constraints may prune a branch of the search space which
leads to a closed pattern. Also, most of the currently tested configurations prune
quite a lot of the search space which amplifies this problem. Those issues come
from the fact that the algorithm we use, FreqT, works well with constraints
that are anti-monotonic. One such constraint is the minimum support. Here,
however, we use some constraints that are not anti-monotonic when considering
the complete subtree and not only the rightmost path.

A concrete example of this is depicted in Figure 4.3. In this example, we
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FIGURE 4.4: Another example illustrating an issue between con-

straints. Here, we consider closedness and root whitelist con-

straint. Assume the only root in the whitelist is S. A pattern
such as Py would not reported as it is not closed due to X.

have two transactions and one pattern. Nodes in lowercase represent termi-
nals in ASTs (e.g. operators, strings, null, etc.). They are also leaf nodes (or
terminals) in the pattern. We assume the closedness constraint and leaf con-
straint are used. With a minimum support of two, the pattern Py would not
be reported. First, we consider the pattern without the X node. In this case,
the leaf constraint is respected because a is a terminal in both the pattern and
the AST. The closedness constraint is not respected because we can still add
X to the pattern and keep the same cover, Ty and T7. If we add X, we can-
not respect the leaf constraint anymore: if we add either zg or x1, the pattern
becomes infrequent.

Note that this issue is not only related to this single constraint. Otherwise,
we could just disable the one problematic constraint and call it a day. We also
cannot keep only the closedness constraint as, without the other constraints,
the search space becomes too big to be tractable. The runtime becomes too
significant even when using a small subset of a repository.

Another example of a constraint which requires changes in the implementa-
tion to combine properly with closedness is given in Figure 4.4. In this figure,
we have two transactions and a possible pattern. We assume that the root
whitelist contains only S, i.e. only S can be the root of a pattern and also that
the closedness constraint is applied. A pattern such as Py would not reported
as it is not closed due to X. Indeed, with a minimum support of two, no pattern
will be found as we do not allow to start one from X, the only possible start

for a closed pattern. We show here a trivial example for the root whitelist, but
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it is the same principle for the children blacklist constraint. Some modifica-
tions were added to handle those issues. For example, in this case, we know we
should not reject the pattern because the node which violated the closedness
constraint is not a possible root. The problem is that this constraint requires a
lot of additional computation, as described previously. If we have to reduce its
pruning capabilities, it may just not be worth to include it.

The last and probably the biggest drawback is that this solution does not
address the problem of finding interesting patterns. Indeed, the output size is
reduced, but we still find way too many patterns that are not considered as code
idioms by an expert. The constraints are supposed to help with this problem,
but finding the appropriate combination of constraints and their values is hard.
An overly constrained miner tends to be biased towards very (and often too)
specific patterns. In the following chapter, we take inspiration from techniques
used in statistical NLP such as PCFGs. The goal is to reduce the number of
parameters in our model that are currently set manually and try to infer them

based on our input data.
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Chapter 5

Parsing the ASTs

In the previous chapter, we have seen that the closedness constraint does not
merge well with the existing approach used to mine code idioms, i.e. FreqT with
a set of specific constraints. However, we have also seen that, even without this
new constraint, the approach leaves a lot to be desired. In this and following
chapter, we are interested in finding a new way to mine code idioms. This
solution would be based on two steps: first, building a probabilistic model that
encodes syntactic knowledge inferred from ASTs and second, using this model
to mine interesting patterns. In Chapter 6, we define interesting as patterns
that compress the database. In this chapter, however, we describe the first step:
building our probabilistic model.

We chose to use a simple probabilistic context-free grammar as our model.
We call it “simple” because it is not the best model for source code. Indeed,
if one were to generate programs using a probabilistic context-free grammar
(PCFG), he would observe that they hardly look like written programs. The
context-free nature of the grammar does not capture important aspects of source
code such as the scope of variables. Other models, such as a generalisation of
PCFGs which allow conditioning of a production rule beyond the parent non-
terminal [10], have been investigated in the literature specifically as models for
source code, but we restrict ourselves to a simpler one in this initial attempt.

Before going any further, there is a crucial element that needs to be clear.
Given a corpus of trees, it is easy to extract a CFG and estimate its parameters
to obtain a PCFG [24]. However, this is not what we are interested in (or
at least not in this chapter). Recall that we base ourselves on an existing
research project which assumes that the grammar of the programming language
is given and follows a specific format described in Section 3.2. The problem thus
becomes, given C' a corpus of ASTs, G the grammar of the used programming
language and both C' and G respecting the metamodel format, parse the ASTs
using this grammar in order to estimate the parameters of the PCFG. Indeed,

once the trees are parsed according to the grammar, we can use the relative
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frequency estimation to get the probability associated with each rule. Note that
we are not parsing the source code once again. The ASTs represent this parsing
step and are given by a compiler. However, we can consider our grammar
as a metagrammar, a grammar of the ASTs themselves. If it is correct, one
should be able to parse the ASTs by considering their nodes as terminals in our
metagrammar.

As we will see, if the metamodel format is respected, the grammar has some
useful properties which make that the required parser is relatively simple. This
parsing step is also useful to detect mismatches between the grammar and the
ASTs. Indeed, writing the grammar and producing the ASTs is done in two
steps and this situation leads to inconsistencies between them. By writing two
steps, we mean that the ASTs are not produced using a CFG, but extracted
from their respective compilers. The CFG is then built in another step. In
practice, mismatches occur between the two. This leads to a paradox were a
task such as parsing the ASTs by using the grammar that supposedly generated
them can lead to errors. We also illustrate later on with some concrete examples
of issues that were detected. Here, we also study approaches to work around

such issues.

5.1 Background

The most commonly used probabilistic grammar is the probabilistic context-
free grammar (PCFG). It is an extension of context-free grammars in which
each rule is associated with a probability. Formally, a context-free grammar G
is a quadruple (£,7, R, S), where % is a set of non-terminal symbols, 7" a set
of terminal symbols, R a set of rules/productions in the format A — £ with
AeXand f € Q with Q= (X2UTU{e})*. Note that we suppose a grammar
with e-rules, i.e. rules consuming an empty string.

A PCFG augments the definition of a context-free grammar by changing
R into P, the same set of rules but each one of them now associated with a
probability p which expresses P(8 | A). To estimate those parameters, we
define ¢(A), the number of times the non-terminal A appears and ¢(A — (),

the number of times the rule A — § was used [24]. Formally, we write:

c(A) = %:C(A — f) (5.1)
PA—s g a)= A0 (5.2)

c(A)
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An LL(1) grammar is a specific type of context-free grammar with properties
useful for parsing input strings. LL(1) means that we scan the input from Left
to right, using a Leftmost derivation and looking only one input ahead to decide
which production to apply.

A leftmost derivation consists in always replacing the first non-terminal on
the left. There is a notation specifically for this. Let «, 3,7 be an arbitrary
sequence of any symbol, i.e. «a, 3,7 € Q). If we can derive g from « in zero or
more steps, we write a =* 3. If we can derive v from [ in a single step, we
write § = 7. Consequently, we write o =*

This kind of grammar is interesting because it can build, by definition, a
parsing table that has no multiple entries. A parsing table takes as input a
non-terminal a and a symbol ¢ from the input and returns the unique set of
non-terminals which should rewrite a. More formally, let G' a context-free
grammar, A € £ and o, f € Q with A — a | § and a # 3, we write that G is
LL(1) if and only if:

FIRST () N FIRST(B) = 00 (5.3)
a=*e = FIRST(8) N FOLLOW(A) = (5.4)

FIRST(7) is the set of terminal symbols which can start a string produced
by . If v is a terminal, FIRST(y) is simply the set that contains only this
terminal. If v is a non-terminal, it is the union of the FIRST sets of symbols
(possibly also non-terminals) on its right-hand side. Formally, the set is defined
as FIRST(A) = {t | A — tw} where w is an arbitrary derivation, A is the
non-terminal under consideration and ¢ is a terminal.

The FOLLOW set is the set of terminals that may come after a given non-
terminal. Formally, the set is defined as FOLLOW(A) = {t | S =* aAtw}
where S is the start symbol, o and w are arbitrary derivations, A is the non-
terminal and ¢ is a terminal.

Note that we do not discuss here how to compute those sets. An intuition of
what those sets represent is sufficient for understanding the concepts explained
in this work.

An efficient top-down parser can be built for a LL(1) grammar. A top-down
parser starts with the start symbol and tries to produce the given input. It uses
a stack, initialised with the start symbol on top along with a sentinel value, #,
under it, and rewrites the productions based on the table, the current symbol
on top of the stack and the current input value.

A specific type of LL(1) grammar exists and is called simple LL(1) or SLL(1).
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It is a grammar which satisfies the following requirement: all right-hand sides
of a non-terminal start with a different terminal symbol. With this restriction,
the parsing is guaranteed to be deterministic. The difference with LL(1) is that,
in general, LL(1) also allows non-terminals at the start of the right-hand side
and allows e-transitions.

One more definition is needed and comes from a technique used in NLP.
It is called parent annotation or also wvertical markovization and consists in
annotating the non-terminals with their parent. If we have rules such as A —
aX,B— b X and X — a | b and we know that X always produces the
terminal “a” when starting from A, then we can rewrite it as A — a X A and
similarly for X B. X A is a new non-terminal symbol in our grammar and
we say that X is annotated with its parent A. This is a trivial example but it
showcases that parent annotation allows to keep some context, the parent, to
make a decision before rewriting the non-terminal.

The definitions presented in this section should be sufficient to follow the rest
of this chapter. A more in-depth explanation of other concepts and techniques

related to parsing can be found in [19].

5.2 Possible parser

We are interested in parsing our ASTs using the defined grammar. In this
section, we check what kind of parser is required to do this. For Java, all
the mentioned input files (grammar and ASTS) respect a specific format, the
metamodel, which has some interesting properties.

The key observation here is that the Java grammar defined in this metamodel
format respects the first condition of being LL(1) which means that there is no
overlap between the terminals at the start of any right-hand side. Note, however,
that we specifically did not write that it s LL(1). Indeed, we show that the given
Java grammar is not LL(1) due to some problematic grammar constructions.
Those problems are due to the fact that we allow e-rules, something that is not
possible in a traditional SLL(1) grammar. However, a top-down stack-based
parser can still be made with some small adjustments.

For the given COBOL grammar, this first LL(1) condition does not hold
and either the grammar must change to conform to this requirement or a more
complex parser must be designed.

Before going further, we stress that we discuss the specific Java and COBOL
grammars respecting the metamodel format as defined by the research group

and not Java or COBOL grammars used by the programming languages. The
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difference is that we parse the ASTs and not the source code tokens so the

grammars are different.

5.2.1 Modelisation
5.2.1.1 Definition

A grammar respecting the metamodel format allows a limited set of possible
constructions for its non-terminals. A non-terminal A allows the following for-
mats:

The first one is defined as A — tag, ao, ..., ay where «; is a non-terminal
and t is a terminal. In our grammar, rules in this format define the “structure”
of a node, i.e. its possible children.

The second one is defined as A — ta | . The main difference here is that
we allow the e-transition. This format is useful to express the fact that some
children are optional and might not be present in the parsed AST. Also, a can
be a terminal. If that is the case, we have reached a leaf node in our AST), i.e. a
leaf in the XML. These are terminals in the source code and they correspond to
values such as, for example, true/false, all the operators, method and variable
names etc. This special case of the format parses the simplevalue attribute as
defined in Section 3.2.

The third one is defined as A — « | ... | 5. The non-terminals 7, 5 and all
the other non-terminals in-between are in the first format. This format allows
us to pick between productions. This is the case for nodes that are marked as
abstract: we can pick the appropriate subtype to use based on the input.

The last format is defined as A — vA | ... | SA | € where 7, are also
in the first format. Notice that this is recursive rule as the non-terminal A
appears on the right-hand side. This format is typically used when one needs
to generate an unbounded list of symbols with ¢ marking the end.

To illustrate this, we consider the example in Figure 5.1. We present a gram-
mar which can be used to generate an InfixExpression, given in Appendix A
and rewritten following our formalism. For clarity, the operator is simplified
and only produces a 4+. The same goes for an Expression which can only
produce an InfixExpression or a NumberLiteral. The rule 5.5 is the start-
ing production and follows the third format. The rule 5.6 defines the children
needed to produce an InfixExpression and thus follows the first format. The
three rules that follow describe the children of an InfixExpression and follow
the second format. The non-terminals O and T illustrate the specific case of

the second format where « is a terminal in the source code. Note that this is



5.2. Possible parser 27

Y={S, E, I, L O R, N, T}

T = {infixexpression, leftoperand, operator, rightoperand,

numberliteral, token, +, string}

P={S—1I (5.5)
E—N | I (5.6)
I — infixexpression L O R
L — leftoperand F | ¢
O — operator +
R — rightoperand £ | ¢
N — numberliteral T’

T — token string

Input = infixexpression
— leftoperand

L numberliteral

L token

10

— operator

Lo+

+— rightoperand

L numberliteral

L token

L15

FIGURE 5.1: Simplified InfixExpression defined in the origi-
nal grammar in Appendix A and rewritten to follow the formal-
ism defined in Section 5.2.1

The input below can be parsed using this grammar.



28

Chapter 5. Parsing the AS'Ts

X ={S, C, D, BODY,
STMT, BLOCK
EXC, E}
T = {catchclause, body,
dostatement}
P =
S— C|D
C — catchclause EXC BODY
BODY — body STMT
| body BLOCK | ¢

r={S, C, D,
BODY_C, BODY_ D,
STMT BODY, BLOCK BODY,
EXC_C, E_D}
T = {catchclause, body,
dostatement}
P =A
S— C|D
C — catchclause EXC C BODY C
BODY__C — body BLOCK_BODY | ¢
BODY_D — body STMT BODY

D — dostatement BODY E

} }

D — dostatement BODY D E D

(A) Not annotated (B) Parent annotated

F1GURE 5.2: The two grammars both define rules for the Java

catch and do statements. The left version is the base version

and the right one is parent annotated. The productions in bold
are making the crucial difference.

not the final grammar used for parsing as there is still an issue that needs to
be addressed, but it does not change the format of the rules.

This remaining issue is illustrated in Figure 5.2. We take as example the
rules which generate the nodes CatchClause and DoStatement in our ASTs.
The right-hand sides of the non-terminals STMT, BLOCK, E, EXC' are omitted
but they generate, respectively, a statement, a list of statements, an expression
and the variable declaration for the exception. If we use the grammar on the
left (Figure 5.2a) and start with the token catchclause as our input, the pro-
duction C will be used and the token consumed. Then we parse, via the EXC
production, the type of exception we want to catch. At some point, when we
reach an input token body and we have the production BODY at the end of our
current derivation, we have an issue: how to pick the correct right-hand side. A
CatchClause expects a Block while a DoStatement expects a Statement but
we cannot look ahead more than one token which is body.

We solve this in the right grammar (Figure 5.2b) by parent-annotating the
grammar. We can immediately see that the set of non-terminals X is larger
than before. We also observe that the non-terminal BODY was split into
BODY__C and BODY__D which define, respectively, what is inside the body
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of a CatchClause and DoStatement. This time we would have BODY C at
the end of our derivation and predict body BLOCK BODY. The non-terminal
BODY (' now also respects the second form which was not the case for BODY

in the left grammar.

5.2.1.2 Equivalences

5.2.1.2.1 First condition

Using this formally defined model, we can reason whether our given Java
grammar for ASTs, which respects the metamodel format, is SLL(1), LL(1)
or neither. First, we check whether our grammar respects the first condition
defined in the Equation (5.3). This condition says that, for all possible right-
hand sides of a non-terminal, their FIRST sets cannot intersect. To prove this,
we would have to take a look at the complete grammar, but we can avoid this
and define the conditions based on our model instead.

First, we can remove from consideration the rules in the second format
because, for every rule in this format, there are only two possible right-hand
sides: ta or e. We always have that FIRST(ta) N FIRST(g) = @. We also
made sure that those rules have only two possible right-hand sides by using
the parent annotation as described in Figure 5.2. The condition is thus always
respected for rules in the second format. The rules in the third and fourth
format, by their definition, define a choice between rules in the first format.
For those rules in this first format, the FIRST set is always {t}. In other
words, to respect the first condition of LL(1), we cannot find two non-terminals
A — typar,a0,...,ay and B — tgf1,P2,..., By such that t4 = tg as it
would mean that FIRST(A) NFIRST(B) # 0.

It so happens that this is true for the given Java grammar, but not for
the COBOL one. Another problem identified with the COBOL grammar is
that the second format is sometimes not respected and results in rules such as
A — a | e. Those rules are problematic as we do not have immediately the
FIRST set of A anymore as it depends now on a. We skip examples for COBOL
as the grammar is proprietary and not many readers might be familiar with the
language.

How does this grammar compare to existing definitions 7 A SLL(1) grammar
must have all right-hand sides of a non-terminal start with a different terminal,
i.e. respect the condition in Equation (5.3), and not allow e-transitions. Those
transitions are possible in our formalism so it is trivially not SLL(1). The more

interesting question is whether it is LL(1). If that’s the case, we know that a



30 Chapter 5. Parsing the AS'Ts

> ={JD, TL, T, N, F}

T = {tags, tagelement, tagname, string, fragments}

P={S— JD
JD — tags TL (5.8)
TL > TTL | ¢ (5.9)
T — tagelement N F (5.10)

N — tagname string
F — fragments TL

FIGURE 5.3: The (simplified) rules presented in this grammar
generate a Javadoc tag in our ASTs. This grammar does not
respect the second condition of being LL(1).

simple LL(1) parse can be used. The first condition is satisfied, but what about
the second?

5.2.1.2.2 Second condition

Unfortunately, some possible constructions defined in the Java grammar do
not respect this second condition. We illustrate the problem in Figure 5.3. The
simplified grammar in this example can generate a Javadoc tag in our ASTs.
We simplify, for the sake of readability, by not parent-annotating the rules and
considering only a subset of possible constructions.

A Javadoc tag is a list of TagElement tags. This is expressed by the rules
Rule 5.8 and Rule 5.9 where this last rule follows the fourth format in our
formalism and thus generates a list. A TagElement has a name (e.g. @return)
and a list of fragments. Fragments usually are the strings of documentation,
but, more interestingly for us, also can be other TagElement tags. This is
the only possible construction we consider in rule F. An example of nested
tag elements would be: @return {@code <Object>}. In an AST, the XML
tag TagElement named @code would be nested inside the fragments of the tag
TagElement named Qreturn.

The problem with this grammar is that it does not respect the second con-
dition of LL(1). To show this, we compute the FIRST and FOLLOW set of
the production TL in Rule 5.9. We find that FIRST(TL) = {tagelement, ¢}
and FOLLOW(TL) = {#,tagelement} where # marks the end of the input.
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This means that FIRST(TL) N FOLLOW(TL) = {tagelement} and the second
condition in Equation (5.4) is not respected.

More intuitively, let us consider parsing the AST generated by the nested
tags @return {@code <Object>} as a sequence of string tags. We can do this
without problems up until we encounter the input token tagelement which
starts the nested tag. At this point, however, we do not know if the TagElement
named @code should be considered as a nested tag or as a second tag in our
original javadoc. Indeed, both are acceptable by the grammar in Figure 5.3.
The original javadoc grammar (the one used to parse the source code and not
ASTS) requires braces around nested tags to avoid this issue. A naive parser
could parse this as a nested tag by default, but this does not need to be the
case in the original source code. Instead of being nested, it could be the second
tag of our javadoc. This error affects the PCFG estimation. It would mean
that the parent-annotated production for generating the javadoc tags, TL_JD,
produced only one TagElement when it actually may have been two.

As a final remark, note that our ASTs do not contain Javadoc tags as we do
not mine for patterns in comments. One could imagine that we can ignore this
issue, but there are other rules with the same problem (e.g. InfixExpression
in Appendix A). We explain the Javadoc rule because it is small enough to be
used as a concrete example.

Also, note that some tools such as [20] can do the verification of the first
and second condition of being LL(1) automatically, provided the grammar is in

the required format and is small enough.

5.2.2 Practical application

The research group has at its disposal the Java grammar in the metamodel
format and the ASTs generated from the QUAATLAS corpus [15], a refined
subset of the Qualitas Corpus which is “a curated collection of software systems
intended to be used for empirical studies of code artefacts” [30, 35]. Currently,
we focus on only one repository, the jhotdraw project, which is a 2D drawing
library.

The goal was to parse all its files using the predefined grammar. The imple-
mentation of the parser is similar to a top-down stack-based LL(1) parser, but
with some changes considering our particular setup. Indeed, we keep a stack
with the non-terminals yet to be processed. We read the XML nodes, one-by-
one, in a depth-first fashion as our input. We can either match a terminal, and
consume the input token, or a non-terminal, and replace it with the appropriate

right-hand side. If no match is found, we try to produce an epsilon, and, if it
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is not possible, then the derivation is not possible. To disambiguate between
nested lists, we use the information about the depth of the node to decide if
we continue the list or produce an epsilon. When the parser could not produce
a valid derivation, we would analyse what is the cause of the issue. By doing
this repeatedly until all files were parsed correctly, we discovered the following

types of issues:

Mandatory or optional children
The most common issue was that children marked as mandatory in the
grammar were often optional in the ASTs. This leads to an obvious
error during the parsing step since we expect a specific non-terminal
that isn’t there at this position in the AST.

Missing definition for abstract node
One of the possible abstract nodes, IExtendedModifier, can be ei-
ther a Modifier or an Annotation following its definition in the JDT
Core compiler [16]. In the given grammar, the Annotation option was

missing which led to an error when such a rule was needed in the ASTs.

Inconsistencies
In some cases, the grammar defines a different XML structure than
the one observed in the ASTs. For example, the node NullLiteral
must have a token child. This issue is also present for the Operator
abstract nodes which do not follow the grammar closely and require

workarounds to parse correctly.

Nodes pruning
One of the post-processing of the ASTs consists in pruning empty XML
nodes. We observed that it can have a significant impact on the gram-
mar. For example, the node ThisExpression has an optional child
qualifier. This child will appear in the AST if we write, for example,
MyClass.this. If we write only this, the AST node ThisExpression
which represents this token would be pruned as it is empty. This

impacts children which produce Expression, its supertype.

For example, in Appendix A, the InfixExpression node has optional
left /right operands which produce an Expression. However, in the
JDT Core definition, those two are mandatory. We could not do the
same because ThisExpression nodes would be pruned when they did

not have a child thus removing a mandatory child from the operands.
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Most of those issues were detected thanks to this parsing procedure and
analysis. Required fixes were also proposed and merged by the repository own-
ers. This situation showcases that producing a grammar to use it in the mining
process is not a trivial task, even if we are only focusing on programming lan-

guages.

5.3 Limitations

We have seen that the implemented parser can parse Java ASTs that respect
the metamodel grammar. This parsing allows us to know which productions
were used, how many times, and to estimate the parameters for a PCFG based
on this information. As a bonus, we were able to identify some mismatches
between the grammar and ASTs and fix them.

There is one final but important observation that needs to be discussed. In
this chapter, we modelled the problem as parsing a sequence of tokens as input.
The tokens are string representations of XML tags used in the ASTs (e.g. the
token tagelement for the XML tag <TagElement> defined in Appendix B).

We have seen that we can use an efficient top-down stack-based parser to do
it ¢f the grammar is LL(1). This appeared not to be the case as there are some
constructions that violate the second condition of being LL(1). An example of
this was given in Figure 5.3. To solve this, the astute reader will notice that we
used some information that is not present in a sequence of tokens: the depth
of the token inside the AST tree. This suggests another way to approach this
problem. We can directly consider the input as a sequence of tree nodes. In this
case, the grammar respecting the metamodel format can be used in combination
with a breadth-first traversal in order to compute the counts of the productions
used. If the grammar expects a specific child but this child is not present under
a given AST node, it means it follows the second format and the ¢ right-hand
side was used. It also means that, if the metamodel grammar is correct, this
child is marked as optional using the attribute optional="true" in the XML.
However, this still does not solve the issue with the COBOL grammar as it
does not follow the metamodel nor the formalism defined. The reason not to
immediately model the problem as a sequence of tree nodes is that parsing a
sequence of tokens is a well-studied problem. Using this model first allows us
to reuse the same notations and definitions to have a formal description of the

problem and be able to reason on it as we did it in this chapter.
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Recall that the original goal was to produce a probabilistic model for our
source code. This model can then be used to define a formal criterion of interest-
ingness for patterns. The task of building this model with the assumption that
a grammar is given has proven to be quite time-consuming. In the next chap-
ter, we drop this assumption and, instead, we infer the model and its grammar

directly from the input ASTs.
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Chapter 6
Mining compressing patterns

In this chapter, we describe a new approach for mining code idioms. The current
approach proposed by the research group relies heavily on choosing and setting
an appropriate combination of constraints to find code idioms instead of all
frequent patterns. While doable, it is also hard to define what is the optimal
configuration of the constraints and the appropriate values of the parameters
for those constraints.

Another approach is to define some sort of interestingness score for patterns.
With a formal definition for this score, we would be able to apply optimisation
techniques to find the optimal set of patterns or, at least, an approximation.
We would also rely less on manually-defined constraints. The ones with a high
score would be considered to be code idioms. We start with the assumption
that code idioms are patterns that can compress the database the most. More
precisely, the goal is to find the probabilistic tree substitution grammar (PTSG)
which provides the best compression based on the Minimum Description Length
(MDL) principle [32, 18].

In the previous chapter, we used our predefined grammar to parse the ASTs
to produce a PCFG. This approach, while possible, was time-consuming for
Java due to some inconsistencies between the ASTs and the given grammar.
For COBOL, this approach was not possible altogether due to the grammar not
respecting the predefined format. In this chapter, we drop this requirement of
having a predefined grammar and infer it from the input ASTs instead. The
advantage is that we can skip the parsing step and also apply it on COBOL
ASTs. The disadvantage is that it remains an approximation and is dependent
on the number of input ASTs at our disposal. For older languages, obtaining
them in large quantities may be harder than for more modern languages.

Note that inducing a grammar from a corpus of strings is one of the central
challenges of computational linguistics [14]. Here, however, we have the luxury
of having a treebank corpus, our ASTs, making it a supervised learning problem.

Also, we work with programming languages, which are more restrictive than



36 Chapter 6. Mining compressing patterns

natural language but are also repetitive and predictable [21]. Finally, we are
not using our grammar to parse new ASTs, but as a probabilistic model for
source code. This model allows us to compute the number of bits to encode our
data and model.

We start by introducing some definitions related to information theory and
tree substitution grammars. We continue with an explanation of our model
to compute the value of Equation (6.1). We follow with the details of the

implementation and an evaluation of the results obtained.

6.1 Background

MDL was introduced by Rissanen in [32] as a noise-robust model selection tech-
nique [36]. The main idea is to evaluate the models based on their compression
capabilities. This means that, given a set of models M and a database D, we
find the model M which compresses D the most. Formally, the best model

M € M is the one which minimises:
L(M)+ L(D | M) (6.1)

where

o L(M) is the number of bits required to encode the model

o L(D | M) is the number of bits required to encore the data using this

model

A tree substitution grammar (TSG) is a generalisation of CFGs. The key
difference is that CFGs allow only a sequence of terminals/non-terminals on the
right-hand side of their productions. On the other hand, TSGs, as their name
suggests, allow inserting tree structures, which we call elementary trees. The
internal nodes of those elementary trees are non-terminals from our grammar,
and the leaf nodes can be either a terminal or a non-terminal. Elementary trees
of height one correspond to productions in a context-free grammar [14].

The advantage of having this kind of productions is that they allow keeping
some local context, something not possible in the basic context-free grammar.
This is especially relevant in our context of mining source code ASTs for code
idioms. Ideally, our learned T'SG would contain only code idioms as elementary
trees.

Formally, a tree substitution grammar G is a quadruple (X,T, R, S), where
2. is a set of non-terminal symbols, T a set of terminal symbols, R a set of
rules/productions in the format A — 7 with A € ¥ and 7 = (V,E, A).
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The set of vertices V is divided into internal nodes V; C X and leaf nodes
Vi € (2UT) such that V; UV, = V. A s also the root of the elementary tree
and A € V].

A probabilistic tree substitution grammar augments the definition of a tree
substitution grammar by changing R into P, the same set of rules but each one

of them now associated with a probability p which expresses P(7 | A).

6.2 Related

The use of PTSGs has been heavily studied in the NLP community. It has
its roots in the Data-Oriented Parsing (DOP) approach. The first innovation
introduced by this approach was to use fragments of corpus directly as a gram-
mar instead of training a predefined one. The previous models started with this
predefined grammar and used a corpus only for estimating the rule probabilities
[11]. The use of a predefined grammar is similar to our approach in Chapter 5.

The other innovation was to use all corpus fragments, of any size, instead
of a small subset [11]. The original approach had some issues which researchers
tried to address later on [14]. This is different from our approach and the
approach proposed in “Mining Idioms from Source Code” [4, 14]. In their work,
they use a non-parametric prior which favours compact grammars [14]. In ours,
favouring compact grammars is built-in the MDL principle. Finally, note that
the DOP model was developed in the context of parsing new sentences using this
learned grammar, something we are not interested in. We are only interested
in the induced TSG.

In the data mining community, the MDL principle also has been used to
find only a subset of all the frequent patterns. One paper from which we
draw inspiration to test the MDL principle is “Krimp: Mining Itemsets That
Compress” [36]. Their KRIMP algorithm defines an approach to find the set of
itemsets that compresses the database the most. The first difference is that we
are interested in tree structures, not itemsets. The other difference is that, in
their approach, they start with a large set of frequent patterns as input from
which they pick their candidates to add to their output set. This is harder to
do in our context as selecting from the set of all frequent subtrees would not be
manageable. In our approach, we build the candidates greedily based on their
compression capability. However, we keep a simplifying assumption that they
also used regarding overlaps: we do not allow overlap between patterns inserted
in our TSG. Their reason to do it is that there is no fast heuristic they can

apply if they allow overlap. Similarly, in our case, we reduce the search space
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thanks to this simplification because we do not have to consider nodes already
covered. The implementation is also more straightforward.

Although all the concepts presented here have already been studied exten-
sively, our contribution is in combining those techniques in the specific context
of mining code idioms, by inducing a TSG using the MDL principle. In the

next section, we describe our approach to inducing a TSG.

6.3 Inducing a TSG

In Chapter 3, we presented the approach used in “Mining Idioms from Source
Code” which uses techniques presented in [14], i.e. inducing a TSG using non-
parametric Bayesian methods. Here, we look at inducing a TSG using the MDL
principle. The main idea is to build a TSG by iteratively adding patterns that
compress the database the most.

The simplest TSG one can build is a TSG with only elementary trees of
height 1. This is our initial TSG, and we denote it with TSGg. To build it,
we traverse the nodes in our ASTs and collect, for each label, the sequence of
children it has into a set. Those are the leaf nodes of elementary trees of height
1. Indeed, each element of this set defines a possible right-hand side. This
TSGy is equivalent to a CFG. An example of this is given in Figure 6.1. At the
top, we find some productions of TSGq that were learned on two transactions,
Ty and Ty. The transactions and their derivations are initially identical and
are depicted under TSGg. The elementary trees of height 1 are indicated with
arrowed lines. An inserted pattern is indicated by coloured lines without arrows.

The first inserted pattern is drawn in blue. We write it, using the bracket
notation, as: [g [a [a]][B]]. This insertion has an impact on the existing
derivations which we need to update. This update is done in two steps. First,
every occurrence of the pattern is now explained by the newly added TSG
production. We can see that, in T, the production was replaced by a new
production, in blue, based on the pattern.

The second step comes from the fact that the pattern does not explain
everything in Ty, i.e. we cannot find a valid derivation for Ty anymore if we
add the pattern to the TSG as-is. To solve this, we add new non-terminals
to the pattern in-between its existing nodes. For the blue pattern, the new
non-terminal is S. Those new non-terminals can be uniquely identified by the
combination of the pattern which created it, the position of their parent in a

preorder traversal, and their position among the siblings.
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Note that we also need to be able to remove an added pattern from the TSG.
We will require this ability for our search procedure later on. However, we make
a simplifying assumption and allow only the removal of the last inserted pattern.
This is easier to implement as it amounts to “reloading” the elementary trees
of height one for the nodes in the added pattern.

The benefit of doing this transformation with new non-terminal nodes in-
between is that we go from a valid derivation to another valid derivation and
avoid any (re-)parsing step. Thus, we are always able to estimate the probabili-
ties for our PTSG. The drawback is that, in the worst case, we have to add, for
each node of the pattern with k£ children, £ + 1 additional children to explain
nodes in-between that were left over (such as C, D, E in our example). However,
we do not add useless nodes such as, for example, additional children before A
or after B as those rules would produce ¢ with probability 1. They would not
participate in the coding length of the data but would increase the size of the
model for no reason. Another issue is that, by adding new non-terminals, the
coding length of the model may penalise adding new patterns too much and no
improvement will be found.

The patterns inserted in this example are not necessarily the best ones for
compression, although the second one is a good candidate. We focus in this
section only on the impact of adding new elementary trees into our TSG, not
on finding which patterns we should add. We describe this process later on.
If we run our algorithm on this example with a minimum support of one, the
most compressing grammar we report is the one with three productions and
two non-terminals: E — e and S — T \ {e} | T1 \ {e}, i.e. the same trees
as T and Ty, but without the terminal e. We go from a total coding length of
84.37 bits to 59.69. In the next section, we describe how do we compute those

two values.

6.4 Model description

To minimise the number of bits required to encode the model and the data
using this model, we still need to define how to compute this value, i.e. the
function L(-).

Based on Shannon’s source coding theorem [34], the number of bits needed
to encode an event with probability p is given by -loga(p). In the rest of this
work, the logarithm is always in base 2.

First, let us consider the coding length of the data. We want to encode the

data, our ASTs, using a model, a tree substitution grammar. If we know the
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derivation which produced the ASTs using this TSG, we can estimate a PTSG
with the maximum likelihood estimator as described in Section 5.1. The length
function for the data D given a model M, a PTSG (X,T, P, S) estimated on

the data, can be computed with:

LD|M)= 3  —log(P(A— 7))
(A—T1)€eP

Computing the coding length of the model is a bit more involved. We
know that we have to encode the productions in P, but we have a choice to
make on how to encode the elementary trees, i.e. the right-hand sides of those
productions.

The value we want to compute is the number of bits needed to encode the

productions in P:

To encode the elementary tree 7, we start by encoding the root of the tree, A.
We use a uniform distribution over the non-terminals to avoid a bias towards
nodes which occur very often. We also observe that those are usually not
interesting as code idioms.

Next, we encode the children of each node as a list of symbols (terminals/non-
terminals). We assume that each child has an independent probability of ap-
pearing. We also encode the length of the list by encoding if we stop or continue
the list after each symbol. We can see this as a geometric distribution where p,
is the probability of ending the list of children of a non-terminal. We estimate
each of those probabilities based on the current state of the derivation.

The last thing we encode is whether a node is internal or a leaf. We use a
simple code of one bit to do it. This is equivalent to the number of nodes in
the tree.

More formally, let 7 = (V, E, A) be an elementary tree. The list of children
of a non-terminal node v € V' is given by children(v) = cg, c1, ..., cn and their

probability of appearing by p(¢;). We can write the following:

L(r) = —log(|21|) + ZVL(V) VI (6.2)
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where
L(v) = - nz—:l(log(p(ci)) +1log(1 —pe)) —log(p(cn)) —log(pe) ¢ € children(v)
i=0

(6.3)

With those definitions, we are now able to compute the total coding length as
defined in Equation (6.1).

6.5 Implementation

Now that we have seen how to compute the coding length, we describe how to
actually build this compressing model. Recall that we know how to build an
initial TSGq, compute its coding length and build TSG;41 from TSG;, but we
still need to define how to choose the pattern which we will add. This is where
frequent pattern mining comes in.

Indeed, we reuse the FreqT implementation in Java provided by the research
group to build the candidate patterns which we can add to our TSG. Be sure
to notice the difference between our candidate patterns, trees that we add to
our TSG, and candidates in FreqT, single node extensions to the current pat-
tern. The algorithm follows the same candidate generation phase as described
in Section 2.1.2, but we add a greedy evaluation of the compressing capability
of a candidate pattern. After producing candidate patterns of size k + 1 from
candidates of size k, we add one into the current TSG;, compute the new cod-
ing length, and remove it before doing the same for the remaining candidate
patterns. The difference between the two coding lengths is its estimated com-
pression capability. Note that the pattern should have a height of at least two
to avoid inserting elementary trees of size one which are the building blocks of
our initial TSG.

Ideally, the coding length with the pattern included is smaller, but this is
not always the case. Indeed, if you recall our model, the cost of adding a new
pattern and additional production rules may be too high due to the additional
non-terminals required. In this situation, we continue expanding the pattern
to hopefully find a better one which reduces the total coding length. However,
there is one exception. If we are currently expanding a pattern which reduces
the coding length, and all of the extensions of this pattern only increase the
coding length, then we add this pattern into the TSG; to produce TSG;4+1. We
then start a new search with the new TSG;4; and all the single node frequent

patterns as candidates once again. The single node which starts a new pattern
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is chosen randomly. This procedure allows us to consider different orders of
insertion of compressing patterns, something especially important since we do
not allow overlap.

We also added some additional heuristics to our search process. First, we
use a tabu list which restricts the set of single node patterns when we restart
our search with a new TSG;4. After adding the best candidate pattern to our
TSG; to create TSG;11, we add its root to the tabu list. Considering that we do
not have a specific value-ordering heuristic for our set of single frequent nodes
and we pick them randomly, we want to prevent expanding patterns with the
same roots too many times. The second heuristic stops expanding the root of
a pattern and picks a new root when no improvement was observed during a
given amount of iterations. This heuristic tries to avoid getting stuck by forcing
an expansion a new pattern from a new root. The tabu tenure and the limit of

not-improving iterations can be chosen similarly to the minimum support.

6.6 Validation

6.6.1 Datasets

To test our algorithm, we use custom datasets extracted from the QUAATLAS
corpus [15]. The research group made available the ASTs of each one of the
seventy-nine repositories available in this corpus. Currently, mining in multiple
repositories is too time-consuming, so we limit ourselves to smaller datasets
extracted from this large corpus.

To build our four Java datasets, we started by randomly picking four soft-
ware systems from the main corpus in addition to our original dataset of choice,
jhotdraw. Then, we sampled some ASTs from them proportionally to their size.
Overall, the selected systems are quartz, webmail, cobertura, velocity, and
jhotdraw [30]. The four datasets contain 50, 100, 250, and 500 files respectively.
Note that we preprocessed the ASTs and removed the nodes containing the data
about the package and imports. Those two nodes usually contain very large
subtrees and, following our observations, are not interesting as code idioms.

The last dataset is composed of ASTs of COBOL programs. The source code
comes from the NIST COBOL 85 compliance test suite [28]. Those files and
the dataset of 40 files that we use were made available by the research group.

Some characteristics of the datasets are represented in Figure 6.2. We ob-
serve that some files have a substantial number of nodes. The maximum is
observed in the dataset of 250 files with an AST with 59634 nodes. We do not
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observe this phenomenon in COBOL dataset, but this dataset may not be rep-
resentative since we picked ASTs from one single project. The fanout per node
is small across all the datasets with an average between one and two nodes.
Some nodes, however, have a large fanout of up to 200 nodes. The maximum
fanout per file is, on average, between 17 and 19 nodes for the Java datasets.
On the other hand, all files in the COBOL dataset contain at least one node

with many children.
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6.6.2 Experiments

To evaluate our compressed pattern miner, we chose the following setup. We
ran our miner for five minutes on each dataset. We set the minimum support
to 20%, the tabu tenure to 100 iterations and the not-improving iterations limit
to 50. The only constraints that are used are the non-overlapping patterns con-
straint, as explained in Section 6.5 and not expanding patterns with duplicate
children labels. The first constraint is forced by our implementation and can-
not be toggled on and off. The second one is required for performance issues.
Recall that some of the nodes can have a very high fanout as seen in Figure 6.2.
Usually, the high fanout nodes have children with many duplicate labels. With-
out a specific way of addressing this issue, all of the tested pattern algorithms
struggled, including the modified FreqT version with constraints.

The final results of our compressed pattern miner are represented in Fig-
ure 6.3. The first observation is that our patterns do not compress by much
considering the total coding length of the dataset. The best reduction of 4.46%
is observed on the Java500 dataset and the worst of 2.15% on the Java50 dataset.

However, compressing is not the goal by itself. We are interested in whether the
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FIGURE 6.4: Examples of patterns found in Java

patterns reducing the coding length can be useful as code idioms or not. We
also observe that the coding lengths for the models are typically larger than the
coding lengths for the data. The Java500 dataset has the largest coding length
for a model. Its coding length is equal to 308296.7 bits.

For Java, out of the 59 patterns found in total, 48 are unique. However, they
typically have a large common subtree and a couple of different nodes attached
to it. Also, we observe that the number of patterns for COBOL is higher than
any Java dataset. This is probably due to the nature of the language which
contains much more redundancies than Java. The memory usage is also higher
for the COBOL dataset. We suspect that this is due to the high number of
nodes on average in this dataset (Section 6.6.1)

Examples of Java patterns found can be seen in Figure 6.4. We observe that
most of the patterns represent typical Java language constructs that are not nec-

essarily interesting as code idioms. For example, the pattern Figure 6.4d tells us
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that the operator in a prefix expression is often a negation, Figure 6.4e indicates
that methods often return the type void, Figure 6.4f shows that there is often
an if in the list of statements. Larger patterns tell us a bit, but not much more.
Figure 6.4a tells us that the left-hand side of an assignment is often the this
keyword, Figure 6.4b shows that the right-hand side of an InfixExpression
is often a null token, Figure 6.4c describes a typical definition of a method in
Java. The same analysis can be made for the COBOL patterns. We can see
some trivial constructs, such as the fact that a COBOL program has a name.
This construct is not a surprise because the language enforces it. Other patterns
are a bit more involved, but still only describe some typical constructs that are
not surprising even to a beginner COBOL developer.

Examples of possible constructs in the Java grammar may be helpful to

interpret the results and can be found in Appendix A and Appendix B.
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Chapter 7

Conclusion and future work

The goal of this work was to investigate whether frequent pattern mining tech-
niques can be used to mine code idioms from the ASTs of source code. We
worked in the context of an ongoing research project, INTIMALS [22], whose
goal is to build an intelligent modernisation assistant for legacy code. Their
current approach to mine code idioms is based on the FreqT algorithm with
additional constraints on the patterns. Some of these constraints also take
advantage of a predefined grammar of the language.

First, we added the closedness constraint to the existing pattern miner.
We were motivated by the observation that too many patterns are reported
and many of them are redundant. Reporting only closed patterns allows us to
keep only a subset of those. We found that the closedness constraint does not
combine well with other constraints already in use and requires to take a hit
performance-wise to be implemented in the existing algorithm.

Next, we decided to use probabilistic models of source code to guide our
pattern miner. We planned to build one using the grammar provided by the
research group, but we have seen that constructing a grammar, even for a
programming language, is not a trivial task. By parsing the ASTs using this
grammar, we found discrepancies between the two. Our proposed fixes were
accepted, but we decided to move away from a predefined grammar and infer it
from the data instead. This simplification also allowed us to work on COBOL
source code immediately.

Finally, we investigate whether compressing patterns can be seen as code
idioms. The goal is to find the probabilistic tree substitution grammar which
provides the best compression based on the Minimum Description Length prin-
ciple. We achieve this by greedily mining for patterns that provide the best
compression and adding them to our TSG. Our evaluation on four Java and
one COBOL datasets shows that the compression provided is limited, but the
patterns found do reflect some typical constructions in the language. How-

ever, those constructions would be considered too typical and too small to be



Chapter 7. Conclusion and future work 51

considered as code idioms.

This leads us to possible improvements to our compressing pattern miner.

Many existing heuristics for local search can be used to help us guide the
search process. We can even reintroduce some of the constraints already pro-
posed by the research group. The goal in our pattern miner was to reduce the
constraints required as much as possible, but it appears that they cannot be
ignored.

The performances of the pattern miner can be improved. The constraint
that prevents us from expanding children with duplicate labels helps a lot but
may make us miss some interesting patterns. We cannot relax this constraint
completely either due to nodes with very large fanouts.

The way we defined the coding length of the model and the data given the
model can also be changed. Our model may penalise too much adding new
patterns. Our miner is thus unable to find suitable candidates to add. We can
also use this second model to make comparisons and get a better understanding

of what would be a good model when one wants to find code idioms.
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Appendix A

Appendix A

<.../>
<MethodDeclaration>
<javadoc optional="true" node="Javadoc"/>
<modifiers optional="true" ordered-nodelist="IExtendedModifier"/>
<constructor simplevalue="boolean"/>
<typeParameters optional="true" unordered-nodelist="TypeParameter"/>
<returnType2 optional="true" node="Type"/>
<name node="SimpleName"/>
<receiverType optional="true" node="Type"/>
<receiverQualifier optional="true" node="SimpleName"/>
<parameters optional="true" ordered-nodelist="SingleVarDeclaration"/>
<extraDimensions2 optional="true" unordered-nodelist="Dimension"/>
<thrownExceptionTypes optional="true" unordered-nodelist="Type"/>
<body optional="true" node="Block"/>
</MethodDeclaration>
<InfixExpression>
<leftOperand optional="true" node="Expression"/>
<operator simplevalue="Operator"/>
<rightOperand optional="true" node="Expression"/>
<extendedOperands optional="true" unordered-nodelist="Expression"/>
</InfixExpression>
<ThisExpression>
<qualifier optional="true" node="Name"/>
</ThisExpression>
<NumberLiteral>
<token simplevalue="String"/>
</NumberLiteral>
<Expression abstract="true">
<ThisExpression/>
</Expression>
<Expression abstract="true">
<InfixExpression/>
</Expression>
<Expression abstract="true">
<NumberLiteral/>
</Expression>
<.../>

LisTING 1: Example of the Java grammar in the metamodel

format. The first rule defines the AST of a method declaration in

a class. The following rules define an infix and this expression.

Notice that both of them are inside a Expression tag declared
as abstract.
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<.../>
<Javadoc>
<tags unordered-nodelist="TagElement"/>
</Javadoc>
<TagElement>
<tagName simplevalue="String"/>
<fragments unordered-nodelist="IDocElement"/>
</TagElement>
<IDocElement abstract="true">
<TagElement/>
</IDocElement>
<IDocElement abstract="true">
<.../>
</IDocElement>
<.../>

LISTING 2: Another example of the Java grammar in the meta-

model format. The rules given here define the representation

of javadoc in an AST. The Javadoc node contains a list of

TagElement. A TagElement can be, for example, @return -

value. Other possible values for IDocElement are omitted for
clarity.
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