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MU.
\utomated API Recommendation, Why?

"® equals(Object anObject) : boolean - String

) length() : int - String

® equalsignoreCase(String anotherString) : boolean - String
) getChars(int srcBegin, int srcEnd, char[] dst, int dstBegin) : void - String
) concat(String str) : String - String

“® substring(int beginindex, int endindex) : String - String

@ charAt(int index) : char - String

chars() : IntStream - String

codePointAt(int index) : int - String

codePointBefore(int index) : int - String
codePointCount(int beginindex, int endindex) : int - String
codePoints() : IntStream - String

compareTo(String anotherString) : int - String
compareTolgnoreCase(String str) : int - String
contains(CharSequence s) : boolean - String
contentEquals(CharSequence cs) : boolean - String
contentEquals(StringBuffer sb) : boolean - String
endsWith(String suffix) : boolean - String

getBytes() : byte[] - String

@ getBytes(Charset charset) : byte[] - String

@ getBytes(String charsetName) : byte[] - String
,G/getBytes(int srcBegin, int srcEnd, byte[] dst, int dstBegin) : void - String
@ getClass() : Class<?> - Object

@ hashCode() : int - String
@ indavOflint ~h) -+ int - Strinn
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MU.

{xisting API Recommendation Methods

Statistical Learning: irrelevant features (noises) and overlapping features

¢ Wing-Kwan Chan, Hong Cheng, and David Lo. 2012. Searching connected API subgraph via text phrases. In Proceedings of the 20th ACM SIGSOFT
International Symposium on the Foundations of Software Engineering. ACM, 10.

*  Muhammad Asaduzzaman, Chanchal K. Roy, Kevin A. Schneider, and Daqin% Hou. 2016. A Simple, Efficient, Context-sensitive Approach for Code
Completion. Journal of Software: Evolution and Process 28, 7 (2016), 512-541.

Code Structure: missing certain semantics of source code

* CollinMcMillan,DenysPoshyvanyk,andMarkGrechanik.2010.Recommending source code examl&les via API call usages and documentation. In Proceedings
of the 2nd International Workshop on Recommendation Systems for Software Engineering. ACM, 21-25.

* Evan Moritz, Mario Linares-Vésquez, Denys Poshyvang{k, Mark Grechanik, Collin McMillan, and Malcom Gethers. 2013. Exsport: Detecting and visualizir
léPI usg gs érsl 1large source code repositories. In Proceedings of the 28th IEEE/ACM International Conference on Automated Software Engineering. IEEE
ress, —651.

g/lining Historical Software Repositories: maintain tremendous amount of historical
ata

*  MarcelBruch,MartinMonperrus,andMiraMezini.2009.Learningfromexamples to imgrove code completion systems. In Proceedings of the 7th ACM
SIGSOFT Symposium on the Foundations of Software Engineering. ACM, 213-222.

* Romain Robbes and Michele Lanza. 2008. How program history can improve code completion. In Proceedings of the 23rd IEEE/ACM International
Conference on Automated Software Engineering. IEEE Computer Society, 317-326.

State-of-the Art

s*Gralan: A.T.Nguyen and T. Nguyen. 2015. “Graph-based statistical language model for code”. In Proceedings o
the 37th IEEE International Conference on Software Engineering. IEEE, 855-868.

*APIREC: A. Nguyen, M. Hilton, M. Codoban, H. A. Nguyen, L. Mast, E. Rademacher, T. Nguyen, and D. Dig.
2016. “API code recommendation using statistical learning from fine-grained changes”. In Proceedings of the 24th
ACM SIGSOFT International Symposium on the Foundations of Software Engineering. ACM, 511-522.
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MU.

low does Gralan Recommend APIs?

blic void readAndWrite() throws I0Exception{
BufferedReader in = new BufferedReader(new FileReader("Input.txt"));
BufferedWriter out = new BufferedWriter(new FileWriter("Output.txt"));

BufferedReader.<init

;

String 1 = null;
char ¢

while((i = in.readLine())!=null){
?

F| leW riter. «:m:r:-)

(B uffered Writer -:mlt::-)

Extract Child Graph,
Parent Graph and

Predict APl wit

- - the highest
candidate APIs probability

Subgraphs
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OW d;)es Gralan Recommend APIs?
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MU.

ow does Gralan Recommend APIs?

(Fikkcudcr.cinil:svj FllcRcadcr <1ml:=

; BufferedReader.<i nil:-)
\ BufferedReader.<init>

(Buf I'crcdRcudcr.rcadLinc)
[Fichrilcr.{inij Bul' feredReader.reac

@uffder ilcr.cinit:)

eWriler.<init> l

red Writer.<in il:::-)

oceeding Context: Extract Child Graph, Predict API wit
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MU.

ow does Gralan Recommend APIs?
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MU.

ow does Gralan Recommend APIs?

((FiteReader <inie> )
(

Filcwnlct.-:injb)

l

(B uffered Wr iler,-cinit})

BufferedReader.<i nil:-j

Writer.<init> (Buf feredReader.read Linc)

ed Writer, <inic>

oceeding Context: Extract Child Graph,
enerate APl Usage Parent Graph and
Subgraphs
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MU.

low does Gralan Recommend APIs?

log(Pr(C(g)lg1.92, ... 9n. 9))
irrelevant oc log(Pr(g11C(g))...Pr(gn|C(g))Pr(C(c

feature

(FilcRcudcr.-cinil:-J Read from input text file
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M\gj does Gralan Recommend APIs?

g C(g) Candidate API

eader.<init>, BufferedReader.<init>, FileReader.<init>, ..., BufferedReader.close BufferedReader.close (incorrect) 0.33

eredReader.readlLine, CONTROL.WHILE
FileReader.<init>, ..., CONTROL.WHILE, BufferedWriter.write 0.15
BufferedWriter.write

eredWriter.<init>, CONTROL.WHILE BufferedWriter.<init>, CONTROL.WHILE, BufferedWriter.write 0.25
BufferedWriter.write
BufferedWriter.<init>, CONTROL.WHILE, BufferedReader.close 0.02

BufferedReader.close
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MU.

low does APIREC recommend APIs?

Commit

fa84556

732402d

b277a0d

6492004

59995¢5

b170ced

9db5045

156a5d7

Message

ltaque earum rerum hic tenetur a sapiente delectus, ut aut reiciendis voluptatibus ...

Neque porro qui

Nam libero temp
Neque porro qui
Excepteur sint o
Nemo enim ipsa

Ut enim ad minir

Nam libero temp > cumgue nihil impedit quo ...

Quis autem vel eum iure reprehenderit qui in ea voluptate velit esse quam nihil mol...

or sit amet, consectetur, adi...
> cumque nihil impedit quo ...

or sit amet, consectetur, adi...
culpa qui officia deserunt m...
atur aut odit aut fugit, sed qu...

m ullam corporis suscipit lab...

: APIREC requires a long code change
history of each project, which limits
applicability to scenarios where lon;
change history is unavailable or

: inaccessible.

APIREC uses all changes. BUT some

: them could be specific to a historicz
: project and could therefore incur n

the change patterns.



MU
Jdbjective and Major Contributions

Objective: To improve the top-1 accuracy of API recommendation.

RecRank: a novel discriminative ranking approach to automatically
recommend top-1 APIs based on the top-10 API candidates suggested
by Gralan.

Usage path features: a novel kind of features based on API usage
paths



MU.

Create Training Extract API
Instances Usage Path
Features

Train RecRank
Re-ranker

Re-rank API
Candidates in Test
Set
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MU. D

scriminative Re-Ranking for API Recommendation (RecRe

Create Training Instances Extract APl Usage Path Features

* A sequence of APIs sequentially connected/listed

For each APl recommendation point in the , :
APl usage order with one entry and one exit API.

training set, training instances are created.

e Each usage path contains a candidate APl (one of
10 candidate APIls recommended by Gralan) that

10 API candidates recommended by Gralan. appears either at the end or beginning of the pat

Correct APl labeled as “hit”, incorrect API
labeled as “miss”

* Represent a data/control flow sequence of APIs

 Compared to context APl usage graphs, it is bette
captures the linguistic topic of the program
expressing the intention of the developer withou
including many irrelevant APIs

Each instance is represented using a set of

|

|

|

|

Create one training instance for each of the |
|

|

|

|

usage path features. |
|
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‘ Create Training Instances Extract APl Usage Path Features

forward
File Reader .-ﬁ:nm;!-} USGge path

< feature
“M\‘l

G&tll‘jﬂ[fdl’{ﬁ;ulgl .-'-iinll“;wj

P

BulfercdReader readLine

For each APl recommendation point in the
training set, training instances are created.

Create one training instance for each of the |
10 API candidates recommended by Gralan. i Q-lm-rm-rwm:«)

(HulIL‘l'l:r.l‘-Vt'ild.‘t'.-::ilﬂl::-]

~—— _T_-
s l ?

[FileReader.<init> — BufferedReader.<init> —

BufferedReader.readLine — CONTROL.WHILE —
(candidate API)]

— CONTROL WHILI

. I

Correct APl labeled as “hit”, incorrect API
labeled as “miss”

e

Each instance is represented using a set of
usage path features.
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MU.

|
|
Create Training Instances : Extract APl Usage Path Features
|
. o : backwarc
For each APl recommendation point in the ! [I-’:I-:Ru.nlcl q..,..:,] usage pa
training set, training instances are created. | \ feature
. . . : BufferedReader.<ini>
Create one training instance for each of the ~
10 APl candidates recommended by Gralan. | / \q .
: FileWriter <init= (Hul feredReader.read Line
Correct API labeled as “hit”, incorrect API i \
labeled as “miss” I (n.mL-.-mv.-;-m-;-.{..m}j —— CONTROLWHILE _—— |
| ~ — 5
Each instance is represented using a set of i .
usage path features. | l '
|
|

[(candidate APl) — CONTROL.WHILE]
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MU.

Create Training Instances

For each APl recommendation point in the
training set, training instances are created.

Create one training instance for each of the
10 API candidates recommended by Gralan.

Correct APl labeled as “hit”, incorrect API

labeled as “miss”

Each instance is represented using a set of

usage path features.

Extract APl Usage Path Features

Q‘l leWriter.<ini l>)
(Hul lered Writer,.< mil.::-]

e

File Beader <inii >

fuzzy usage
path feature

hcdl{undcl .-c:iml‘;bz

\ N

(Hul feredReader.readl mx‘)

o —

—— CONTROLWHILE ——

s

[FileReader.<init> — *— *— CONTROL.WHILE —

(candidate API)]
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criminative Re-Ranking for API Recommendation (NB)

enerative Naive Bayes Classifier

0 investigate how generative model performs compared to discriminative model in API
>commendation.

enerative model assumes that the values of the usage path- based features are conditior
\dependent of each other given the class.

andidate APIs are ranked using their associated probabilities, where higher probabilities
orrespond to higher ranks.
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scriminative Re-Ranking for API Recommendation

3 -.:
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iscriminative Re-Ranking for API Recommendation (SVC

Discriminative SVC

djust feature weights based on their relevance to the recommendation point.
v' The more often the candidate APl co-occurs with the rest of the path in the
training set, the higher the feature value (more relevant features).

e-rank Top-10 candidate APIs based on their distances from the hyperplane

o0 investigate how discriminative classification model performs compared to
scriminative ranking model in APl recommendation



MU.

Train RecRank
Re-ranker

Re-rank API
Candidates in Test
Set

/06/2018

3. Discriminative RecRank

*SVC does not compare candidate APIs.

*Train SVM Ranker: Each ranking problem is

: composed of the 10 training instances
corresponding to the top-10 candidate APIs for t
recommendation point.

*RecRank learns a hyperplane (by adjusting the
i feature weights) to minimize the number of
violations of pairwise ranking in the training set:
v A violation occurs if a training instance
labeled as “hit” is ranked below a training
instance labeled as “miss” by the ranker.

@SMU-CSE



MU.

scriminative Re-Ranking for API Recommendation (RecR

Create Training
Instances

Train RecRank
Re-ranker

RecRank recommends the
candidate API that has the
highest rank.

Re-rank API
Candidates in Test
Set
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MU.

{mpirical Evaluation

@D

* Datasets: Open Source Java Projects from GitHub
“* 1385 Projects (Training)
% 8 Projects (Evaluation)

* Metrics:

#of correct API Recommendations
% Top-1 Accuracy = !

Total # of Recommendation Points
“* Mean Reciprocal Rank (MRR): Partial reward is inversely proportiona
to the rank of the correct API
* Two Baseline Systems

% Gralan: d = 3 for context diagram generation
“* APIREC
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MU

ow Well Does RecRank Perform?

1. How accurate do RecRank, NB, and SVC recommend APIs in comparison to the
) baselines?

70

Overall
50

>

10

3

)

| .

Top-1 Accuracy
B APIREC MD-Gralan WMNB mSVC M RecRank

]

]

]

]

]
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MU

ow Well Does RecRank Perform?

1. How accurate do RecRank, NB, and SVC recommend APIs in comparison to the
) baselines?

80 80 . 80 .
antlr Galaxy Froyo-Email Grid-Sphere
60 60 60
40 40 40
B . -] - Al
0 0 0
Top-1 Accuracy Top-1 Accuracy Top-1 Accuracy Top-1Accuracy
80 o 80 - 80 :
ltext jGit log4] spring
60 60 60
40 40 40
Ill - || . ] . HHN
0 0 0
Top-1 Accuracy Top-1 Accuracy Top-1 Accuracy Top-1 Accuracy

B APIREC mD-Gralan mNB SVC ®RecRank
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MU.

ow Well Does RecRank Perform?

Q2. How effective are usage path features for APl recommendation
mpared with context graphs?

70

Overall Top-1 Accuracy

60
50

40

30
2
| I
.

RecRank SvC D-Gralan
E: APl Usage Path Features ; . C API Context Graph Features
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w Well Does RecRank Perform?

3. How effective are different classes of usage path features for APl recommendat

* Performance drops highly significantly in three cases:
“*when the length 2 forward features are removed
“*when all forward features are removed
“*when all length 2 features are removed

* This by no means implies that features of lengths 3 and 4 are not
useful: these experiments only suggest that the feature group tha

is being removed is not useful in the presence of the remaining
features



—onclusions and Future Work

Compared with Gralan, discriminative re-ranking-based API
recommendation system, RecRank, uses usage path-based features to
significantly improved top-1 accuracy by 28.5%—-50.0% and MRR b
0.32-0.49.

Compared with APIREC, top-1 accuracy is improved by as much as
23.7%.

Extend RecRank to a wider spectrum of API types and additional
project domains.



