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Problem Statement

To study the characteristics of Word2Vec vectors called API2VEC or API
embeddings for the API elements within the API sequence in source code.
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A class of Neural Networks Model

For each unique word produces a
vector in a continuous space where
linguistic context of words can be
observed

Encodes the contexts of surrounding
words into vectors
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Training Criteria:
o  I/P to hidden weight matrix and
hidden to O/P weight matrix
results in w = w;
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API2VEC: Research Questions
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relations (i.e.,co-occurring relations among APIs in Example: “check if the current element exists

before retrieval” occurs between

usages)?
Listlterator.hasNext and Listlterator.next
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Motivation: In NLP, the regularity of words is observed as YMLStreamReader-isEndElement and
similar vector offsets between the pairs of words XMLStreamReader next

sharing a particular relation.
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API2VEC: Building API Sequences for API Usage
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API2VEC: Rules to build API Sequences

Syntax T = typeof, RetType = return type

Expression

Literal: 0(E) = T(Lit)

E = Lit e.g., 0("ABC") = String

Identifier O(F) = T(D)#var

E :=1D e.g., O(writer)=FileWriter#var

MethodCall O(F) = 6(e1) ... O(en) RetType(m)ifret O(e)ttrec
E #= T(e).m T(eq)#arg ... T(en )Harg

e.m(eq,...,en)

Discard 6(e;) if e; is ID or Literal

Discard 6(e)#rec if e is a class name

e.g., O(dict.get(vocab)) =

Integer#ret HashMap#rec HashMap.get String#arg

Constructor
E ::= [e.]new
C(e 1seees €n )

O(E) = 6(e1) ... O(en) [6(e)] T(C).new
T(eq ))#arg... T(en )Harg
e.g., O(new FileWriter(“A”))
= FileWriter.new String#arg

Field Access
E:=ef

O(F) = T(f)#ret O(e)#rec T(e).f
Discard 0(e)#rec if e is a class name
e.g., O(reader.lock)=0Object#ret Reader#rec Reader.lock

Variable Decl

E ::= C idi[=€1],

[tdn[=enl]

O(F) = C#var 6(ey) [... Ci#var O(ep)]

e.g., O(FileWriter writer)=FileWriter#var
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API2VEC: API Sequence Example

1 HashMap dict = new HashMap();
2 dict.put("A", 1);

{}‘*Sf;AePiL 3 FileWriter writer = new FileWriter("Vocabulary.txt");

e 4 for (String vocab: dict.keySet())
5  writer.append(vocab + " " + dict.get(vocab)+"\r\n") ;
6 writer .close();
HashMap#var HashMap.new

Corresponding String#ret HashMap#rec HashMap.put String#arg Integer#arg
AP FileWriter#var FileWriter.new String#arg
sequence

for String#var String[[#ret HashMap#rec HashMap.keySet
String#ret HashMap#rec HashMap.get String#arg FileWriter#rec
FileWriter.append String#arg

FileWriter#frec FileWriter.close
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API2VEC: A Training Example

HashMap. keySet

Output W; V-dim
W v/
Hidden N-dim
Input e W N\ W
VXN~ VXN VxN S VxN
Wi-n Wi-1 Wi+1 Wi+n

FileWriter.new HashMap#rec String#ret FileWriter#rec
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API2VEC: Dataset

#projects #Classes #Meths #LOCs Voc size

Java Dataset 14,807 2.1M ™  352M 123K
C# Dataset 7,724 900K 2.3M  292M 130K

Dataset to Build API2Vec Vectors
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API2VEC: Answering Research Questions

A. RQI. Nearby Vectors Represent APls with
Similar Contexts

G1. File.new

G4. List.iterator

System.getProperty
ProcessBuilder.directory
Path.toFile
FileDialog.getFile
JarFile.new

SynchronousQueue.iterator
ArrayList.iterator
ArrayDeque.iterator
Collection.iterator
Vector.iterator

G2. System.currentTimeMillis

GS. String.hashCode

Calendar.getTimeInMillis
ThreadMXBean.getThreadUserTime
Thread.sleep

File.setLastModified
Calendar.setTimeInMillis

Integer.hashCode
Date.hashCode
Class.hashCode
Boolean.hashCode
Long.hashCode

Top-5 Number %
Similar 4632 92.64
surroundings APIs
Dissimilar 368 7.36
surroundings APIs
Reason

APIs have multiple contexts and some
contexts with infrequently used APIs were
not captured with insufficient data

G3. String.compareTo

G6. Map.keySet

Integer.compareTo
Comparable.getClass
Boolean.compareTo
Long.compareTo
Comparable.toString

IdentityHashMap.entrySet
EnumMap.entrySet
AbstractMap.keySet
NavigableMap.keySet
IdentityHashMap.keySet

Examples of APIs sharing similar surrounding APIs
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API2VEC: Answering Research Questions

B. An API method call or field access to be 222 Cross Classes Within Class
projected closer to the other APIs of the same L4 r
class than the APIs of different classes ) 1.2 |
T-test Hypothesis § 0‘; L ; ‘ ] { 4
Alternative Hypothesis 2 0.6t
the distances among the vectors of the APIs within a 2 04 -
class are smaller than the distances among the ©
vectors of APIs belong to different classes 0.2 1
0
. Arrays Boolean Date  Integer List Lon Strin
Nllll Hypothes1s ’ Distances of JDK API Vecto%s within and cross Classges :
those distances are equal
t df p-value Confidence interval
Java Class -934.33] | 223.330 | <2.2x10~1° | (-00; -0.5280486)
Java Package | -109.52 67.360 | <2.2x10~ 1% | (-00; -0.0472560)
C# Class -962.47, | 351.961 | <2.2x10=1° | (-00; -0.6252377)
C# Package | -443.71 | 282.878 | <2.2x10~15 | (-o0; -0.1364794)
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API2VEC: Answering Research Questions

Relations

RI1. Check the current element before retrieval Rank

RQ2. Similar Vector Offsets Reflect Similar L iSticsraropasext

Enumeration.hasMoreElements
StringTokenizer.hasMoreTokens

ListIterator.next 1
Enumeration.nextElement 1
StringTokenizer.nextToken 3

|

XMLStreamReader.isEndElement XMLStreamReader.next

Example of vector offset

V(List.add) - V(List#var) =

R2. Obtain property after creating system/stream

Candidate list
Top - 1
Top -5

System#var System.getProperty 1
Properties#var Properties.getProperty 1
V(Map o/ uﬁ - V(Map #VCZV) XMLStreamReader#var XML...Reader.getAttr...Value 1
R3. Add an element to various types of collections
List#var List.add 1
Map#var Map.put 1
Accuracy (%) Hashtable#var Hashtable.put 1
Dictionary#var Dictionary.put 1
741 R4. Parse a string into different types of numbers
Float#var Float.parseFloat 1
Double#var Double.parseDouble |
94.2 Integer#var Integer.parselnt 1
Long#var Long.parseL.ong 1

RS. Avoid adding duplicate element to a collection

Set.contains
Map.containsKey
LinkedList.contains
Hashtable.containsKey

Set.add 1
Map.put 3
LinkedList.add 1
Hashtable.put 3

Example Relations Via Vector Offsets in JDK
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API2API: Motivation
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Distributed Vector Representation reduced to two dimensions using PCA for some APlIs in Java and the corresponding APIs in C#
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API2API: Transformation Matrix

Java Vectors Java to C#
e Transformation
Java y Matrix
Java APIs |—»| Word2Vec >/\ =17

Model TN . N

dq Transformation OOad

. Module dinlnln

‘, C# ‘ e a0

C# APIs —» Word2Vec Iy a—
{ ) Rt d, Xd
Model / ) d < 1
2
C# Vectors
Training for the Transformation Matrix
Transformation
Matrix
n V
o . 2
Loss Function: 111141/11 E I |T X Ji —C | |
1=1

Java
Vector
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100

Accuracy (%)
N A O ®©
O O o o o

API2API: Accuracy Comparison

(Quantitative)
zzzz2 StaMiner = API2VEC
83.4
713 75.8 77.9
65.5 = \
531 51.95 54. 1R 54.9 55.6  ];. 574

Top 1 Top 2 Top 3 Top 4 Top 5 Top 10

Comparison in Top-k API Mapping Mining Accuracy
Parameters: 2*n = 10, N = 300
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API2API: Accuracy Comparison (Qualitative)

1. StaMiner requires a parallel corpus of corresponding usages in two languages
2. Both the tools have out-of vocabulary issue
3. StaMiner has a stronger requirement that the mapped APIs must be in respective pairs in the parallel corpus

4. Using transformation, API2API does not need a parallel corpus with respective API usages but requires a
training dataset of single API pairs

5. API2VEC need high volume of code to build high-quality vectors

API2API: Accuracy Comparison (New API Mappings)

Technique Number of new API Mappings found

StaMiner [11] 25

API2API 52
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API2API: Ablation Study

o

Selecting different packages of API mapping pairs to train the transformation matrix J

100

Accuracy (%)
SO Y. N
- o o o o

~ zzzPackage-based selection E5 Diversified selection
83.4
i 713 75.8 71.9
65:5 - 2 50 gh 65. 7N\
B T\ i \ S\ N AN

3500

Y 7 71 RN

Top 1 Top 2 Top 3 Top 4 Top 5 Top 10

Top-k Accuracy with different Training Data Selection
Package-based selection: Divided in 13 groups, trained and tested in groups

Diversified selection: 10-fold cross validation with random selection from each package
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API2API: Ablation Study

[ 2. Varying Numbers of Dimensions of Vector Spaces ]
—— Top 1 —— Top 2 —+— Top 3 Running Time
Top 4 —8- TopS5 —— Top 10
90 r = 49
80 il 7 e 4 C M 7 60 @
' 3
S ' 1508
560 © o 140 g
=~ ) ~
= 50 - 4 30 o
<40 | 420 2
30 s 1 10 5
20 l—m——0r . 0
10 100 200 300 400 500 600 700 800 900 1000
Dimension

Top-k Accuracy with different Numbers of Dimensions
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API2API: Ablation Study

[ 3. Varying Word2Vec Window’s Sizes: Optimal results for 10 ]
[ 4. Varying Sizes of Training Datasets for Word2Vec ]
—— Top 1 —— Top 2 —+— Top 3 =1 Java API
Top 4 8- TopS5 —— Top 10 ¢ C# API

90 r 1 1100 =

80 41 1000 &

<

~70 F 1 900 —

N ] w

~ 60 - — 800 &

) ; (avi

e 50 | — 700 &

5 | “

340 r ] 600 ©°

<30 4 500 ié

20 r 4 400 2

10 . 300

2% 5% 10% 25% 50% 100%
Training Size (percent of full corpus)

Accuracy with Varied Training Datasets for Word2Vec
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API2API: Ablation Study

Varying number of mapping pairs to train the transformation matrix ]

0]
o O

)

Accuracy (%)

B Y, e
o

o

——Topl —&Top2 —+Top 3 Top4 —=&TopS5S —©—Top 10

86 172 258 344 430 516 602 688 774
Number of training API pairs

Accuracy with various Numbers of Training Mappings
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MIGRATING EQUIVALENT API USAGE SEQUENCES

Single APl Mappings
from Transformation Module

Java | C#
Al | A1
c1 | ! Phrase-based
TRAIN Translation [—
/ Model

Training Data on Pairs

of APl Usage Sequences

Java

C#

A1 A2 A3

B1 B2
C1C2C3

A1A2A3 A4
B'1 B2
Cle2

Training for Phrase-based Translation Model

Phrase Mapping Table

Java C#
A1 A2 A1A2
A3 A3 A4
B1 B'1

B2 B'2

Bl £
€2C3 c2
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Example: MIGRATING EQUIVALENT API USAGE
SEQUE "

for (String vocab: dict.keySet()){
Input source Code : writer .append(vocab + " " + dict.get(vocab)+"\r\n");

in JaVa writer .close();

Translate to C#

HashMap.var

FileWriter.new
String

Extract sequence e
. String.var
of APIs in Java :D flaabiien Neisit

FileWriter.append
String

String
FileWriter.close

Dictionary.var

Str i VAL
Generated tres
£ s
sequence of APIs :> pompech.

. Dictionary.Keys

m (:## int.var
Dictionary.TryGetValue
String
int
StreamWriter.Writeline
String

Streamiriter.Close
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MIGRATING EQUIVALENT API USAGE SEQUENCES

[Dataset: Oracle O 1

Vs

Users partially

migrated a project

Migrate a new
project fully

Project

Within-Project

Cross-Project

Recall  Precision | Recall  Precision e
Antlr 87.8 13:2 90.6 87.2 Precision: LCS / Result }
db4do 83.9 79.4 88.7 798 L
Fpml 89.6 86.1 86.3 83.7
Itext 759 T2 76.5 81.3 ( }
JGit 172 66.4 81:1 67.1 Recall: LCS / Reference
JTS 76.3 76.6 76.3 73.7 N
Lucene 197 TT7 M | 785 LCS: Longest Common subsequence
Neodatis 78.6 70.4 78.8 74.2
POI 76.9 78.3 77.1 78.6

Accuracy (%) In Generating Equivalent API Usage Sequences
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Related Work

1. DeepAPI [2] uses Recurrent Neural Network Enc./Dec. to generate API sequences (translational model
between texts and API sequences)

2. Yeetal [3] used Skip-gram model on API , reference documents and tutorials to create embeddings.
Aimed to quantify relations between words and elements to improve text code retrieval.

3. PAM[4] (parameter-free probabilistic algorithm to mine API patterns)

4. Allamanis et al. [5] suggests methods/classes name using embeddings(statistical coocurrences projected
into continuous space with words from the names

5. Maddison et al.[6] and Anycode[7] use probabilistic CFGs and neuro-probabilistic language models code.
6. Allamanis et al.[8] use bimodel modeling for short texts and source code snippets.

7. API2API s inspired from Mikolov et al.[9] where similar geometric arrangements were observed in
English and Spanish words for numbers and animals.

8. Mou et al.[10] use convolutional neural networks over tree structures which can be replaced inplace of
Word2Vec in API2API

9. StaMiner [11] mines API mappings by maximizing the likelihoods of observing the mappings between
API pairs from a parallel corpus of client code.
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Questions and Discussions

1. Dataset (Lots of it !!)

2. Similar mappings might not be observed on other programming languages pair like python and C++
(Static and Dynamic Compile time languages)

3.  Only works for one to one mapping, what about n-to-1 or 1-to-n mappings. What could be some
potential solutions?

4. Stochastic Gradient Descent suffers from some limitations like local minima and saddle point
problems. Other strategies that can be explored are Adaptive Moment Estimation(ADAM) and Nestrov
Accelerated Gradient.

5. How to generalize the approach. There is a possibility that the approach works well only for the
dataset they consider and do not generalize well as is the case with most machine learning strategies.

6. What can be the probable strategies of handling previously unseen APIs ?
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