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understanding and improving developer collaboration practices. Nowadays, the variety of collaboration
activities which can be found in large software repositories have provided opportunities and challenges for
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software quality.
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Why Choose This Paper?

New: ICSE’22 Paper

Well-known Method: Transformer-based model + BPE(byte pair encoding)

Related Area: a Code Review paper

Open: Replication Package available on GitHub

Compare with a Top-research-conference paper: a shortcut to publish?
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Code Comment/Summarization/Review

What is the difference among code comment, summarization and review comment?

* Code Comment: Explain how your program works, and your intentions behind it

* Code Summarization: Generate a readable summary that describes the functionality of a program
» Code summarization focuses more on the logic and functionality of code
» Code comment is more flexible

* Code Review Comment: Point out the problem (Focus on the changed part)

public class DockerOptions {
for (int i = @; i < maxContainerCount; i++) {
node.add(caps, new DockerSessionFactory(clientFactory, docker, image, caps));
}
- LOG. info(String.format(
+ LOG. finest(String. format(
"Mapping %s to docker image %s %d times", caps, name,

T5: I don't think this change is needed. BLEU:4.93
| CodeTs: Why do we need this change? BLEU:2.97 |
| Codex: I think this is a good example of how to use the docker BLEU:8.83 |
| CodeReviewer: This is an important debugging help and shouldn't be lower than the default visible INFO. BLEU:7.97 |

(a) An example of the review generation task. The Codex output is obtained by Copilot.

(1] = &R 5T BIRLIVEEEA3ER | MSRAS . Bai{L RS L B2 AV 3 https://www.bilibili.com/video/BV1c34y147AQ

Code
(Java)

private void attachPlot (SVGPIlot newplot) {

this.plot = newplot;

if (newplot == null) {
super.setSVGDocument(null);
return;

}

newplot.synchronizeWith(synchronizer);

super.setSVGDocument(
newplot.getDocument());

super.setDisableInteractions(
newplot.getDisablelnteractions());

}

Summ.

Attach to a new plot and display.

Code
(Python)

def get_change lines_in _file for_tag(tag,
change dict):
cleaned_lines = []
data_list = change dict.get("data’, [])
for data_dict in data list:
block = data_dict.get("block’, )
lines = block.split("\ \n")
for line in lines:
index = line.find(tag)
if (index >(-1)):
line = line[index:]
cleaned _lines.append(line)
return cleaned_lines

Summ.

The received change dict is the jsonified version of
the changes to a file in a changeset being pushed to
the Tool Shed from the command line. This method
cleans and returns appropriate lines for inspection.

Table 1: Task samples of code summarization, where
summ. refers to the output summary.



Background

Overview of Code Review Process: Three Automation Tasks

* Taskl: Quality Estimation (binary classification: code pair => accept or reject)

* Task2: Review Comment Generation (code pair => review text)

* Task3: Code Refinement (code pair + review text => refined code)

-import
+import
import
import

+import
import
import

Code diff A

java.sql.statement;
java.sql.Statement;
java.sql.Connection;
java.sql.DriverManager;

Code diftf B
java.util.*;
org.apache.commons.lang3.StringUtils;
org.apache.kylin.common.util.DBUtils;

Revise code Examine the revision v Approve,

Original.java Revised.java . integration

= | Review
—
W 7 i % e
\ no integration

Developer Reviewer Binary result

Figure 1: The process of code review.

Automatic Code Review by Learning the Revision of

Quality <

estimation Source Code (AAAI19)
No review
needed
[
Review gel]eratlon Code refinement
. i g - -import java.util.*;
Need review ]lhlnk,'qnp?rp*' is not UGt v, GETL LY ;
allowed in Kylin's static * +import java.util.Properties;
code analysis. import org.apache.commons.lang3.StringUtils;
import org.apache.kylin.common.util.DBUtils;
4 i he.kyli i1.DBUti1

T

Figure 2: Overview of code review automation tasks.

[1] e R EI 5T FIRLIVESE438A | MSRAFS T Ban{b RAB R ZE IS FRAYFA 3 https://www.bilibili.com/video/BV1c34y147AQ
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Overview of Code Review Process: Three Automation Tasks

* Taskl: Quality Estimation (binary classification: code pair => accept or reject)

* Task2: Review Comment Generation (code pair => review text)

* Task3: Code Refinement (code pair + review text => refined code)
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import
import
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Figure 1: The process of code review.

Where Should | Look at? Recommending Lines that

Reviewers Should Pay Attention To (SANER22)

Review generation

Code refinement

Need review
—_—»|

I think "import *" is not
allowed in Kylin's static

code analysis.

-import java.util.*;

+import java.util.List;

+import java.util.Properties;

import org.apache.commons.lang3.StringUtils;
import org.apache.kylin.common.util.DBUtils;
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Figure 2: Ovg

[1] SANER22. Where Should | Look at? Recommending Lines that Reviewers Should Pay Attention To
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Revise code Examine the revision V Approve,
integration

Related Work: Task1l

Automatic Code Review by Learning the Revision of Source Code i -.

x Reject,
no integration

Developer Reviewer Binary result

* Paper Information: AAAI'19 (from NJU lamda + David Lo)

* Motivation: learning the revision features
. e . Figure 1: The process of code review.
* Task: Binary classification (approve or reject)

e Technique: CNN + BiLSTM + Auto Encoder r Review result

Output
layer T

[ Fully connected layer ]
/ Qualit} Revision T
feature ]

110

estimation [ Pairwise AutoEncoder for model revision
. : extraction
Code diff A No review i
-import java.sql.statement; needed L
+import java.sql.Statement; - r
import java.sql.Connection; . .
import java.sql.DriverManager; Context [ LSTM for enrichment ] [ LSTM for enrichment ]
Review generation Code refinenient anrichment I
Code diff B layer [ CNN for each statement ] [ CNN for each statement ]
= . T . @y s . -ii £z BT
+import java.util.*; Need review | I think "import *" is not +i:§§:§ 3::: Etﬂ Dicts -
i i ils; . " . o & ; —
}mpor‘i or‘g.apacEe.Eor{lrrlons,langB.inlgsﬂz}isf — '] allowedin Kylin's static +import java.util.Properties; beddi Embeddi
SHPREE: GrERARACNR, YL CONMON A o code analysis. import org.apache.commons.lang3.StringUtils; Embe Ing moeoding
import org.apache.kylin.common.util.DBUtils; Input
layer

] (@/» &>
K Figure 2: Overy of code review automation tasks. Original file Revised file

Figure 3: The general framework of DACE.

[1] AAAI19. Automatic Code Review by Learning the Revision of Source Code (NJU lamda + David Lo)
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Related Work: Task?2

AUGER: Automatically Generating Review Comments with Pre-training Models

C. Cross Pre-training (3.4)

e Paper Information: By Li Lingwei

* Task: Review comment generation (text generation)

e Technique: T5-based Pretraining Model

-import
+import
import
import

+import
import
import

Code diff A
java.sqgl.statement;
java.sql.Statement;

Quality
estimation

No review
needed

v

java.sgl.Connection;
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Code diff B

java.util.*;

org.apache.commons.lang3.StrifigUtils;
Utils;

org.apache.kylin.common.util.

Review generation

Need review
B —

I think "import *" is not
allowed in Kylin's static
code analysis
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Figure 2: Overview of code review automation tasks.
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Related Work: Task3

On Learning Meaningful Code Changes via Neural Machine Translation

* Paper Information: ICSE’19 from Tufano LT
* Related Task: Bug-Fixes / Code Edit .| z

Lock
mechanism

Conditional
statements

Vvalues

Methods
invocation

stgtamonis n 1y | stotemerts s of |~ pein corch Add null cheek Fodin statement with Chalic Vaiird Hout

try block clause assert statement

.
* Method: LSTM-based NMT + Code abstraction [ || ... |[ A |, | oty || et ] [ coungomans | [ omoramina || Tomee ] P

signature to code
method black or vice versa

synchronized
block

(change parameters| | Change parameter
order in method | | value of invoked
invocation method

* Expression:

Add/Rem ove mf:;:{%;n Change operands
operand from order in if
condition operator(e.g, in||  congition

» From quantitative analysis to qualitative

analysis (empirical study of the ability of
an NMT model)

» Meaningful Code Changes (Reviewed anc

Methods
Interaction

Inheritance Readability Naming Encapsulation

Abstractan
existing method

Forbid overriding: || Invoke overridden
add final to method instead of
method inherited one

Add parameter &
remove variable
from method body

Use ?in generics
as return type

Broad method
visibility

Rename parameter | Rename method || Rename variable

using the visibility
“abstract” keyword

- 5 Replace
M e rge d P R ) ) Addbracestoif | Mersevariable |y pemove  fRemove redundant | REPlace generic fpon o e redundant

3 - A anonymous dlass
statement dethition & “this” qualifier initialization | SPecification with BT o/ vord with lambda
diamond aperator

initialization expression

Narrow method

Merge 2 catch
blocks capturing

both exceptions in
1 catch expression

Other I

Type I

Method
signature

other changes

Triggered by J Replace code izati I Add code

Delete

P T Forbid muTiple dd parameter in
AddfRemove | | Change parameter |\ cyync rotyrn type| | casting in method || casting in methad || Change brpe ofa Replace statement| | Replace imoked cignmants Add condition Add statement || Add invoked maod/
parameter type s gl bl e add final to method constructor
y e variable invocation
Change qualifed || Class & notsttic || Class becomes || Change method
. - Remove parameter
name in response || anymore. Add Static. Delete invocation as Remove if Remove “finally’ Remove invoked
A 3 0 Remove tryfcatch Remoue statement || from the method
toa move class || object instance to [| objectinstance to || resultof a move condition from try/catch methed Inoaion
refactoring__||invokeits its methods method

Fig. 1. Taxonomy of code transformations learned by the NMT model
[1] EMNLP19. Encode, Tag, Realize: High-Precision Text Editing (from Google Research)
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Related Work: Task3

Towards Automating Code Review Activities

* Paper Information: ICSE’21 from Tufano

* Target Task: Code Review Comment Generation + Code Refinement

Towards Automating Code Review Activities

Rosalia Tufano*, Luca Pascarella*, Michele Tufano, Denys Poshyvanyki, Gabriele Bavota*
*SEART @ Software Institute, Universita della Svizzera italiana (USI), Switzerland
TMicrosoft, USA
FSEMERU @ Computer Science Department, William and Mary, USA

¢:D

Rosalia Tufano Luca Pascarella Michele Tufano Denys Poshyvanyk Gabriele Bavota
Universita della Svizzera italiana Universita della Svizzera italiana Microsoft William and Mary Universita della Svizzera italiana
*Al *Software Engineering *Deep Learning *Software Engineering *Software Evolution and
*NLP *Software Engineering *Software Evolution and Maintenance
*Software Evolution and Maintenance *Mining Software
maintenance *Program Comprehension Repositories
*Mining Software eEmpirical Software
Repositories Engineering
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Related Work: Task3

Towards Automating Code Review Activities

Paper Information: ICSE’21 from Tufano

Target Task: Code Refinement

0~

GitHub Gerrit comment
A Please add parenthesis in if
statement in getid method

Java
revised

Java
submitted

reviews minin

~890k comments’
review

public int gatid)

~234k comments and

idioms
String
0
get src2abs
1
4

comment

Please add parenthesis in if
statement in getid method

method
submitted
extracted

method
revised

extracted abstraction

W:IBNM(
s N

methods extracted

abstract cleaned comment
please add parenthesis if

statement getld method

abstract submitted method 4
public int gatid () {1f (id>0)
return id ; return 07 )

abstract revised method

‘public int getid () {1 (id>0)
{ return id ;) retum 0 ; )

comments and
methods abstracted

1. Mining code review data

[1] EMNLP19. Encode, Tag, Realize: High-Precision Text Editing (from Google Research)

2. Data preprocessing

ﬁa'nsfonnsr 1-encoder

decoder

] encoder
B3
attention
| = .
|

_ Transformer 2-encoders
 encoder '

masked
multi-head
attention

~17k pairs

~17k triplets

3. Automating code review
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Motivation: Limitation of RNN-based Method

On Learning Meaningful Code Changes via Neural Machine Translation (ICSE’19 Tufano)

Limitation 1: Unknown identifiers/literals for the new tokens appearing in the after version.

» New tokens: tokens that did not appear in the before version. (80% methods contain “New tokens”)

> Due to the limitation of code abstraction.

Limitation 2: Suboptimal performance when the sequences become longer.

» RNN has difficulties in remembering long-term dependencies.

Before version Original code

After version

public void onSuccess ( final com.google

createCommentEditor ( suggestRow , column , line, side ) ;

e.gwtjsonrpc.client.VoidResult result )

| 1
'

Original code

public void onSuccess ( final com.google

createCommentEditor ( suggestRow , column , line , sidePanel ) ;

e.gwtjsonrpc.client.VoidResult result )

' Reusable IDs
i public void onSuccess ( final TYPE_1 result ) { METHOD_1 ( VAR.1 , VAR_2 ,
i line, VAR.3 ) ; }

Our Autoimprove (Subword Tokenization + Transformel

;,public void on@@ Success ( final com.gocgle.@@ gwtjsonrpc.@@ client.@@
b ' VoidResult result ) { create@@ Comment@@ Editor ( suggest@®@ Row , col@@ umn ,
+line , side ) ; }

Figure 1: A motivating example for an unknown identifier/literal for the newly-introduced abstracted token (Limitation 1).

Tufang et al. Approach (Code Abstraction +RNN) |

Generated Sequence from RNN

- E) public void onSuccess ( final TYPE_1 result ) { METHOD_1 ( VAR_1 , VAR_2
! , VAR.4 ) ; }
HEP R s o e

, line

{ Byte-Pair-Encoding (BPE) 5

Generated Sequence from Transformer

: public void on@@ Success ( final com.google.@@ gwtjsonrpc.@@ client.@@

VoidResult result ) { create@@ Comment@@ Editor ( suggest@®@ Row

H , col@e@ umn ,
' line , side@@ Panel ) ; }
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Dataset Detail

eval.code_after.txt

E: > AutoTransform > scripts

1

> dataset > with_new_tokens > google >

eval.code_before.txt X

Y

medium > eval.code_before.txt

public com.google.gwtjsonrpc.client.VoidResult run ( final com.google.gerrit.reviewdb.ReviewDb db ) throws com.google.gerrit.httpd.rpc.

account.Failure
get ( groupld )

singleton ( grot E: > AutoTransform

public void onSt
google.gerrit.c:
client.account.!/
AccountSuggestOr
public void test
) ; assertGone
commit = repo.bt
setHostName (
) . setRepositor
"a=commit;p=tesi
public com.goog:
google.gerrit.se
private void lo:
CallbackGroup gt
) , rev.name ( |
> () {@ java.:
info ) ; } @ ja

ream cAanala mutanm ~cTdand NmCvecantian [ £30aT1 fam cAanaTla aannd+ navrbdcadh Aecanim +rrnAiin anain = Al AaccAnn +Crnaine o\

eval.code_after.txt X eval.code_before.txt

> scripts > dataset > with_new_tokens > google > medium > eval.code_after.txt
public com.google.gwtjsonrpc.client.VoidResult run ( final com.google.gerrit.reviewdb.ReviewDb db ) throws com.google.gerrit.httpd.rpc.
account.Failure , com.google.gwtorm.client.OrmException { final com.google.gerrit.reviewdb.AccountGroup group = db.accountGroups ( ) .
get ( groupId ) ; assertAmGroupOwner ( db , group ) ; group.setExternalNameKey ( bindTo ) ; db.accountGroups ( ) . update ( java.util.
Collections.singleton ( group ) ) ; groupCache.evict ( group ) ; return com.google.gwtjsonrpc.client.VoidResult.INSTANCE ; }

2 public void onSuccess ( com.google.gwt.core.client.JsArray < com.google.gerrit.client.info.AccountInfo > in ) { java.util.List < com.
google.gerrit.client.ui.AccountSuggestOracle.AccountSuggestion > r = new java.util.ArraylList ( in.length ( ) ) ; for ( com.google.gerrit.
client.info.AccountInfo p : com.google.gerrit.client.rpc.Natives.asList ( in ) ) { r.add ( new com.google.gerrit.client.ui.
AccountSuggestOracle.AccountSuggestion ( p ) ) ; } cb.onSuggestionsReady ( req , new com.google.gerrit.client.ui.Response ( r ) ) ; }

3 public void show ( ) throws java.lang.Exception { assertGone ( com.google.gitiles.GitwebRedirectFilterTest.newRequest ( "a=commit" ) ) ;
assertGone ( com.google.gitiles.GitwebRedirectFilterTest.newRequest ( "a=commit;p=test” ) ) ; org.eclipse.jgit.revwalk.RevCommit commit
= repo.branch ( "refs/heads/master" ) . commit ( ) . create ( ) ; assertRedirectsTo ( com.google.gitiles.GitilesView.revision ( )
setHostName ( com.google.gitiles.TestGitilesUrls.HOST_NAME ) . setServletPath ( com.google.gitiles.FakeHttpServletRequest.SERVLET_PATH )
. setRepositoryName ( "test" ) . setRevision ( commit ) . toUrl ( ) , com.google.gitiles.GitwebRedirectFilterTest.newRequest ( (
"a=commit;p=test&h=" + ( org.eclipse.jgit.lib.ObjectId.toString ( commit ) ) ) ) ) ; }

4 public com.google.gerrit.extensions.common.RevisionInfo addRevisionActions ( @ com.google.gerrit.common.Nullable com.google.gerrit.
extensions.common.ChangeInfo changeInfo , com.google.gerrit.extensions.common.RevisionInfo to , com.google.gerrit.server.change.
RevisionResource rsrc ) throws com.google.gwtorm.server.OrmException { java.util.List < com.google.gerrit.extensions.api.changes.
ActionVisitor > visitors = visitors ( ) ; if ( ! ( visitors.isEmpty ( ) ) ) { if ( changeInfo != null ) { changeInfo = copy ( visitors ,
changelnfo ) ; } else { changelnfo = changeJson ( )
copy ( visitors , to ) ) ; return to ; }

. format ( rsrc ) ; } } to.actions = toActionMap ( rsrc , visitors , changelnfo ,

5 private void loadCommit ( final com.google.gerrit.client.info.ChangeInfo.RevisionInfo rev , com.google.gerrit.client.rpc.CallbackGroup
group ) { if ( rev.isEdit ( ) ) { return ; } com.google.gerrit.client.changes.ChangeApi.commitWithLinks ( changeId.get ( ) , rev.name (
) , group.add ( new com.google.gwt.user.client.rpc.AsyncCallback < com.google.gerrit.client.info.ChangeInfo.CommitInfo > ( ) { @ java.
lang.Override public void onSuccess ( com.google.gerrit.client.info.ChangeInfo.CommitInfo info ) { rev.setCommit ( info ) ; } @ java.
lang.Override public void onFailure ( java.lang.Throwable caught ) { } } ) ) ; }
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Overview

AutoTransform: Automated Code Transformation to Support Modern Code Review Process

Contribution: RNN(LSTM) => Transformer, Code Abstraction => BPE(byte pair encoding)
Task: Buggy Code => Refined Code

Experiment: Ablation study to quantify the contributions of the two components (BPE and Transformer)
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Overview

AutoTransform: Automated Code Transformation to Support Modern Code Review Process

* Contribution: RNN(LSTM) => Transformer, Code Abstraction => BPE(byte pair encoding)
* Target Task: Buggy Code => Refined Code
* Experiment: Ablation study to quantify the contributions of the two components (BPE and Transformer)
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BPE: Byte Pair Encoding
Fiat714> (subword)

F ‘—I
public void onSuccess ( final com.google.gwtjsonrpc.client.VoidResult result ) public void onSuccess ( final com.google.gwtjsonrpc.client.VoidResult result )

\ = { 7 . : - |
u m)ﬁg $ %15] createCommentEditor ( suggestRow , column , line, side ) ; ! createCommentEditor ( suggestRow , column , line , sidePanel ) ;
~ n ){ ] } }

. ERPUTE RS (Rewsable Ds " Generated Sequence from FAIN

i public void onSuccess ( final TYPE_1 result ) { METHOD_1 ( VAR_1 , VAR_Z , =I5 public void onSuccess ( final TYPE_1 result ) { METHOD_1 ( VAR_1 , VAR_2 , line
t line, VARZ3 ) ; } , VARL4 ) ;)

Ahr s —_— doe | e N et S S R R e e R SR o R o o s e e s S e e e ;
% jj Z ‘
1‘ p i J-E EI‘] 1EE )“ﬁ Our Autolmprove (Subword Tokenization + Transformer) 1

o) . . ' .

! Byte-Pair-Encoding g™y ' Generated Sequence from Transformer '

> 11 Ly 7 13 fpublic void on@@ Sudress ( final com.google.@@ gwtjsonrpc.@@ cliegt.@@ la public void on@@ Success ( final com.google.@@ gwtjsonrpc.@@ client.@@ :
by \ b3 VoidResult result ) create@@ Comment@@ Editor ( suggest@2 Row , fcol@@ umn |, I VoidResult result ) { create@@ Comment@@ Editor ( suggest@® Row , col@@ umn , :
iline , side ) ; } i line , side@@ Panel ) ; } i

« FlAYITHRE |

Figure 1: A motivating example for an unknown identifier/literal for the newly-introduced abstracted token (Limitation 1).

[ $%5€‘Tﬁ;ﬁg, B}/ WU 1Al LAIVUULLE (DL L)
= A FHECHJEL, sentencepiece

(N KRB (XAKRBREE) R, F2F 41/54
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BPE: Byte Pair Encoding

F X 4G
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A subword sequence of

iefore Table 2: Vocabulary size for the original, subword tokenized,
and abstracted methods in the training datasets.

L lterl: BFRERRSAIEBFTINT

Dataset Subword Tokenized
(Method size) | Change Type | Original | BPE2K BPESK | Abs
2, ‘newest</w>":6, 'widest</w>" 3} Android | w/o new tokens 12,052 | 2,702 4,230 | 356
(Small) | w/ new tokens 43,795 7,448 9,247 | 408
— N

; Iter2: &©H == 09E2% 35 Google | w/o new tokens 5012 | 1,719 2,751 | 333
= #ij\zﬂiﬁ EIJ*E?B%TJ j- (Small) | w/ new tokens 13,737 3,417 4,884 | 383
Fa = 5. ' . 1. " Ovirt | w/o new tokens 9,772 1,992 3,575 | 306
2, ‘newest</w>":6, 'wid est </w>": 3} (Small) | w/o new tokens | 30,562 | 4,243 6,042 | 355
LA Tad—N—Yuly A==g- Android | w/o new tokens 22,296 5,165 6,860 | 447
‘ Iter3: EFINERESAIEPFTIRT (Medium) | w/ new tokens 76,264 | 15,585 17,874 | 496
: s . Google | w/o new tokens 9.340 | 2,831 4,046 | 371

4 % s (| f. > B 5
2, ‘newest</w>": 6, 'widest</w>": 3} (Medium) | w/ new tokens | 22,140 | 6,334 8,052 | 422
* éli_kéii%fﬁ Ovirt | w/o new tokens 17,680 | 3,231 4,958 | 353
(Medium) | w/o new tokens 44317 7,528 9,674 | 422

“The w/ and w/o new tokens change types are mutually exclusive sets.
42/54
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Code Abstraction

® Extract the methods from all the Java files

® Represent each method as a stream of tokens:

e Java keywords and punctuation symbols are preserved
e The role of each identifier as well as the type of a literal is discerned

e |dioms are not abstracted
e Comments are removed

raw source code

public PageProperties getProperties() {
if (hasProperties()) {
return properties;

[1] ICSE’21. Towards Automating Code Review Activities (from Tufano)

abstracted code

} else { #
return null;
}

public TYPE_1 METHOD_1 ( ) { if ( METHOD_2 ( ) )
{ return properties ; } else { return null ; } }

23



Experiment: Ablation Study

|:| AutoTransform (BPE2K+Transformer) |:| BPE5K+Transformer |:| BPE2K+RNN |:| BPESK+RNN . Abs+Transformev[. Tufano et al (Abs+RNN)
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Figure 3: The perfect prediction of our AUTOTRANSFORM when a component is varied. The y-axis shows the total number of

perfect predictions of changed methods with and without new tokens. o



Overview

AutoTransform: Automated Code Transformation to Support Modern Code Review Process

* Contribution: RNN(LSTM) => Transformer, Code Abstraction => BPE(byte pair encoding)

* Task: Buggy Code => Refined Code
* Experiment: Ablation study to quantify the contributions of the two components (BPE and Transformer)
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Figure 2: An overview of our AUTOTRANSFORM.
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Transformer

* Seq2Seq: Encoder-Decoder (RNN/LSTM)

* Self Attention

* Layer Normalization(compared to Batch Normalization)
* Masked Multi-Head Attention

* Implementation using Tensor2Tensor

[1] BRI ABRIES IR (X5E) https://www.bilibili.com/video/BV1qy4y1r7M7

[2] &52$%20214]1 8% % 3] Self-Attentionf/| F] https://www.bilibili.com/video/BV1154y1J760?p=9
[3] Transformeri® SXORERFFE [1£3CHEiE] 23K https://www.bilibili.com/video/BV1pu41107BE
[4] ErtE48cs224n word2vec ) 22: https://www.bilibili.com/video/BV1pt411h7aT?p=2

[5] https://github.com/km1994/NLP-Interview-Notes/tree/main/DeepLearningAlgorithm/transformer
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Figure 1: The Transformer - model architecture.
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Transformer

* Seq2Seq: Encoder-Decoder (RNN/LSTM)
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Figure 1: The Transformer - model architecture.
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Transformer

* Seq2Seq + Self-Attention

Decoding time step: 12 3456 QUTPUT

T
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Figure 1: The Transformer - model architecture.
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Why Transformer? Limitation of RNN/LSTM/CNN

Next layer /\

bl b2 b3 b4 bl bZ b3 b4

Previous layer

Using CNN to replace RNN
Hard to parallel (CNN can parallel)



Why Transformer? Limitation of RNN/LSTMM

* RNN/LSTM has difficulties in Next layer /\

remembering long-term bl b2 b3 p4

dependencies (suboptimal for

processing long sequences) ‘ _
* Hard to parallel (Slow) ‘ ; />/>/>/\

xif [X2] [x] X [xs xaf [Xa] X |X [Xs reviots Tayer Using CNN to replace RNN
(a) 2B (b) RFIBFRA%S Hard to parallel (CNN can parallel)




Why Transformer? Limitation of TextCNN

* Could not capture long-term

. . wait e S
dependencies: TextCNN is an P ] |
the =

w“: ” P W —
improved n-gram model video — § T A

.. . . . and |
(limited-size filter & max-pooling) 5 i =N

* Benefit from word2vec (better I,zrft :"__ IIIIIIIIIIII

1t e
I J | I | ‘ l

n x k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

word representation)

h, h, .h‘ h, h; h, }-—-{ll_, ~— hy|=—1h, -—'ih-,; . . .
[ ST AT N ; n N " Figure 1: Model architecture with two channels for an example sentence.
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So, Self-Attention is all you need!



Transformer Self-attention RS
b* = Zallv"

Considering the whole sequence

,l

Atteniionﬂi-[ N X
T Key '

—J

Q
\
Value
MO0 %
o O @ (@]
ooeo o )
e
==
Ol O] |O O
_llof o] 10 O
BEEF
Ol00 O
saxx(0 O 0O |
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EE

(1] ERAKBERES LI (X)5%) https://www.bilibili.com/video/BV1qy4y1r7M7

[2] Z2%24$%20214]1 882 3] Self-Attention#/|#l https://www.bilibili.com/video/BV1154y1)760?p=9
[3] Transformerif SUREAFE [ 3CHEIE] 23K https://www.bilibili.com/video/BV1pu41107BE
[4] ErtH%Zcs224n word2vecd ) 23: https://www.bilibili.com/video/BV1pt411h7aT?p=2

[5] https://github.com/km1994/NLP-Interview-Notes/tree/main/DeepLearningAlgorithm/transformer
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Transformer

* Seq2Seq + Self-Attention

Decoding time step: 12 3456 QUTPUT
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Figure 1: The Transformer - model architecture.
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Transformer: Summary

* Advantages:
» Solve Long-term dependencies: Distance between any token is 1
» Easy to parallel: fast training

* Disadvantages:
» Fail to capture local features

» Positional Encoding

o F9{+7 CNN F1 RNN FAfFR KRR HciftiaRt?
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= 2
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= 25
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Figure 1: The Transformer - model architecture.
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Overview

AutoTransform: Automated Code Transformation to Support Modern Code Review Process

* Contribution: RNN(LSTM) => Transformer, Code Abstraction => BPE(byte pair encoding)
* Task: Buggy Code => Refined Code

* Experiment: Ablation study to quantify the contributions of the two components (BPE and Transformer)
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Overview

AutoTransform: Automated Code Transformation to Support Modern Code Review Process

* Contribution: RNN(LSTM) => Transformer, Code Abstraction => BPE(byte pair encoding)

* Task: Buggy Code => Refined Code
* Experiment: Ablation study to quantify the contributions of the two components (BPE and Transformer)
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Experiment




Experiment: Ablation Study
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Figure 3: The perfect prediction of our AUTOTRANSFORM when a component is varied. The y-axis shows the total number of

perfect predictions of changed methods with and without new tokens. .



Experiment: Ablation Study
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Experiment: Ablation Study
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Experiment: Source Code Pre-processing

b interh at M

2src2abs

src2abs is a tool that abstracts Java source code.

It transforms this source code:

public static void main(String[] args) {
console.println("Hello, World!");

into this abstract textual representation:

public static void METHOD_1 ( TYPE_1 [ ] VAR_1 ) { VAR 2

This abstract representations contains:

e Java Keywords;
e Code Separators;
e |Ds in place of identifiers and literals;

e |dioms (optionally).

[1] https://github.com/micheletufano/src2abs
[2] https://tufanomichele.com/

METHOD_2 ( STRING_1 ) ; }

Learning Code Transformations via Neural Machine Translation
Michele Tufano
Pre-Prints

P2] Unit Test Case Generation with Transformers
M. Tufano, C in, A

P1] Generating Accurate Assert Statements for Unit Test Cases using Pretrained Transformers
M. Tufano, rain, /

International Journals

6] SEQUENCER: Sequence-to-Sequence Learning for End-to-End Program Repair
hen, nr M. Tufano, L -} k, N
g (TSE 2019)

An Empirical Investigation into Learning Bug-Fixing Patches in the Wild via Neural Machine @ B

Translation
M. Tufano, C. Watso

ST

TOSEM 2019)

1] How Developers Micro-Optimize Android Apps
C. Vendome, M. Tufano, and D. Po
are (JSS 2017)

3] When and Why Your Code Starts to Smell Bad (and Whether the Smells Go Away)

M. Tufano, . Palo Oliveto Di Penta, A. De Lucia, and D. Po anyk
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Evaluation

Table 4: Perfect predictions (#PP) of our AuToTRANSFORM and Tufano et al. approach approach for the small and medium
changed method with and without new tokens in the after version. The percentage value in the parenthesis indicates the
percentage improvement of our AUTOTRANSFORM.

Beam width = 1 Beam width = 5 Beam width = 10
Dataset AUTOTRANSFORM Tufano ef al. | AuToTRANSFORM Tufano et al. | AUTOTRANSFORM Tufano et al.
(Method Size) = Change Type #Test #PP #PP #PP #PP #PP #PP
Android w/o new tokens 443 84 53 125 83 130 107
(Small)  w/ new tokens 2,064 108 0 206 0 233 0
Google w/o new tokens 228 11 14 22 36 29 42
(Small)  w/ new tokens 907 40 0 81 0 97 0
Ovirt w/o new tokens 473 73 86 132 173 145 200
(Small)  w/ new tokens 2,328 352 0 618 0 715 0
Android w/o new tokens 459 58 32 85 67 89 78
(Medium)  w/ new tokens 2,454 124 0 247 0 289 0
Google w/o new tokens 283 16 9 28 18 33 22
(Medium)  w/ new tokens 1,162 18 0 46 0 63 0
Ovirt w/o new tokens 622 111] 18 179 49 199 62
(Medium)  w/ new tokens 3,327 415 0 833 0 992 0
Total w/onew tokens 2,508 353 212 571 426 625 511
w/ new tokens 12,242 1,060 0 2:031 0 2,389 0
Both 14,750 1,413 (+567%) 212 2,602 (+511%) 426 3,014 (+490%) 511

1413/14750=9.58% 2602/14750=17.64% 3014/14750=20.43%

43



Evaluation

Compare to ICSE’21?

* Improve by 5%-7%

* No BLEU statistics: BLEU should not be used

to evaluate the code transformation since

the sequences that are similar

Beam  Perfect Predictions BLEU-4 Levenshtein distance
Size # % mean median  st. dev. mean median  st. dev.
1-encoder
1 50 2.91% 0.7706 0.8315 0.1929 0.2383 0.2000 0.1670
3 156 9.07% 0.8468 0.8860 0.1419 0.1726 0.1454 0.1427
5 200 11.63% 0.8644 0.8980 0.1317 0.1554 0.1271 0.1348
\ 10 271 15.76% ) 0.8855 0.9145 0.1166 0.1355 0.1092 0.1247
N —7
2-encoder
1 209 12.16% 0.8164 0.8725 0.1863 0.1849 0.1422 0.1734
3 357 20.77% 0.8762 0.9244 0.1484 0.1321 0.0838 0.1468
5 422 24.55% 0.8921 0.9376 0.1351 0.1173 0.0696 0.1366
10 528 30.72% 0.9142 0.9543 0.1169 0.0953 0.0519 0.1204
ICSE21

Table 4: Perfect predictions (#PP) of our AuToTRANSFORM and Tufano et al. approach approach for the small and medium
changed method with and without new tokens in the after version. The percentage value in the parenthesis indicates the
percentage improvement of our AUTOTRANSFORM.

Beam width = 1

Beam width = 5

Beam width = 10

Dataset AutoTrANSFORM Tufano et al. | AuToTrRaANSFORM Tufano et al. | AuToTRANSFORM  Tufano et al.
(Method Size) ~ Change Type #Test #PP #PP #PP #PP #PP #PP
Android w/o new tokens 443 84 53 125 83 130 107
(Small)  w/ new tokens 2,064 108 0 206 0 233 0
Google w/o new tokens 228 11 14 22 36 29 42
(Small)  w/ new tokens 907 40 0 81 0 97 0
Ovirt  w/o new tokens 473 73 86 132 173 145 200
(Small)  w/ new tokens 2,328 352 0 618 0 715 0
Android w/o new tokens 459 58 32 85 67 89 78
(Medium)  w/ new tokens 2,454 124 0 247 0 289 0
Google w/o new tokens 283 16 9 28 18 33 22
(Medium)  w/ new tokens 1,162 18 0 46 0 63 0
Ovirt w/o new tokens o/18 / 1;@ - 9G N0, / 5:0_ 0,
Total w/o new tokens | 2,508 353 212 571 426 625 511
w/ new tokens f§ 12,242 1,060 0 2,031 0 2,389 0
Both [| 14,750 1,413 (+567%) 212 2,602 (+511%) 426 3,014 (+490%) 511
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Evaluation

Compare to ICSE’21?

* Inferior to 2-encoder Transformer(ICSE21’)

* Because 2-encoder imports NL comments

which could guide the revision

Beam  Perfect Predictions BLEU-4 Levenshtein distance
Size # % mean median  st. dev. mean median  st. dev.
1-encoder
1 50 2.91% 0.7706 0.8315 0.1929 0.2383 0.2000 0.1670
3 156 9.07% 0.8468 0.8860 0.1419 0.1726 0.1454 0.1427
5 200 11.63% 0.8644 0.8980 0.1317 0.1554 0.1271 0.1348
10 271 15.76% 0.8855 0.9145 0.1166 0.1355 0.1092 0.1247
2-encoder
1 209 12.16% ) 0.8164 0.8725 0.1863 0.1849 0.1422 0.1734
3 357 20.77% 0.8762 0.9244 0.1484 0.1321 0.0838 0.1468
5 422 24.55% 0.8921 0.9376 0.1351 0.1173 0.0696 0.1366
10 528 30.72% 0.9142 0.9543 0.1169 0.0953 0.0519 0.1204

Contributor Reviewer

Table 4: Perfect predictions (#PP) of our AuToOTRANSFORM and Tufano et al. approach approach fi
changed method with and without new tokens in the after version. The percentage value in the
percentage improvement of our AUTOTRANSFORM.

Beam width = 1

ﬁl’l’\é‘[}; Transformer 1-encoder

* Transformer 2-encoders

Encoder

Beam width = 5

Dataset AutoTrRANSFORM Tufano et al. | AuToTrRANSFORM Tufano et al. | AuToT n—» Encoder —— Decoder —>B
(Method Size) ~ Change Type #Test #PP #PP #PP #PP
Android w/o new tokens 443 84 53 125 83
(Small)  w/ new tokens 2,064 108 0 206 0
Google w/o new tokens 228 11 14 22 36
(Small)  w/ new tokens 907 40 0 81 0
Ovirt  w/o new tokens 473 73 86 132 173
(Small)  w/new tokens 2,328 352 0 618 0 Training dataset
Android w/o new tokens 459 58 32 85 67
(Medium)  w/ new tokens 2,454 124 0 247 0 7 3
Google w/o new tokens 283 16 9 28 18 n ihtiio code—’B e
(Medium)  w/ new tokens 1,162 18 0 46 0
Ovirt w/o new tokens 18 — OGN0, ~ =
(Medium)  w/ new tokens ’%1)24' 13/14759‘?__9'58% 0 2602/]‘Rl¥750_17hf,44 3%4/14750_20'43%
Total w/o new tokens | 2,508 353 212 571 426 625 511
w/ new tokens f§ 12,242 1,060 0 2,031 0 2,389 0
Both || 14,750 1,413 (+567%) 212 2,602 (+511%) 426 3,014 (+490%) 511

B

Encoder

Training dataset

n Submitted code
B3 s |

BrE==n
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Reflection: Transformer + ?

Michele Tufano

Microsoft
Verified email at email.wm.edu - Homepage

Software Engineering Deep Learning Machine Learning

TITLE

Deep learning code fragments for code clone detection
M White, M Tufano, C Vendome, D Poshyvanyk
2016 31st IEEE/ACM International Conference on Automated Software ...

When and why your code starts to smell bad
M Tufano, F Palomba, G Bavota, R Oliveto, M Di Penta, A De Lucia, ...
2015 IEEE/ACM 37th |IEEE International Conference on Software Engineering 1 ...

When and why your code starts to smell bad (and whether the smells go away)
M Tufano, F Palomba, G Bavota, R Oliveto, M Di Penta, A De Lucia, ...
IEEE Transactions an Software Engineering 43 (11), 1063-1088

SequenceR: Sequence-to-Sequence Learning for End-to-End Program Repair

Z Chen, S Kommrusch, M Tufano, LN Pouchet, D Poshyvanyk, ...
IEEE Transactions on Software Engineering 47 (9), 1943-1959

[1] https://tufanomichele.com/
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Reflection: Transformer + ?

«1 Transformer

Evaluating Representation Learning of Code Changes for Predicting Patch
Correctness in Program Repair Haoye Tian, Kui Liu, Abdoul Kader Kaboreé, Anil
Koyuncu, Li Li, Jacques Klein, Tegawendé F. Bissyande

Empirical Study of Transformers for Source Code Nadezhda Chirkova, Sergey
Troshin

Global Relational Models of Source Code Vincent J. Hellendoorn, Charles Sutton,
Rishab Singh, Petros Maniatis, David Bieber

Self-Supervised Bug Detection and Repair Miltiadis Allamanis, Henry Jackson-
Flux, Marc Brockschmidt

ProtoTransformer: A Meta-Learning Approach to Providing Student Feedback
Mike Wu, Noah D. Goodman, Chris Piech, Chelsea Finn

Retrieval Augmented Code Generation and Summarization Md Rizwan Parvez,
Wasi Uddin Ahmad, Saikat Chakraborty, Baishakhi Ray, Kai-Wei Chang

Show Your Work: Scratchpads for Intermediate Computation with Language

Models Maxwell Nye, Anders Johan Andreassen, Guy Gur-Ari, Henryk
Michalewski, Jacob Austin, David Bieber, David Dohan, Aitor Lewkowycz,
Maarten Bosma, David Luan, Charles Sutton, Augustus Odena

CoTexT: Multi-task Learning with Code-Text Transformer Long Phan, Hieu Tran,
Daniel Le, Hieu Nguyen, James Anibal, Alec Peltekian, Yanfang Ye

Learning Type Annotation: Is Big Data Enough? Kevin Jesse, Premkumar
Devanbu, Toufique Ahmed

e Code to Comment Translation: A Comparative Study on Model Effectiveness &
Errors Junayed Mahmud, Fahim Faisal, Raihan Islam Arnob, Antonios
Anastasopoulos, Kevin Moran

ConTest: A Unit Test Completion Benchmark featuring Context Johannes

Villmow, Jonas Depoix, Adrian Ulges

Toward Less Hidden Cost of Code Completion with Acceptance and Ranking
Models Jingxuan Li, Rui Huang, Wei Li, Kai Yao, Weiguo Tan

ointly Learning to Repair Code and Generate Commit Message Jiaqi Bai, Long

[1] https://ml4code.github.io/tags.html#Transformer

Generating Bug-Fixes Using Pretrained Transformers Dawn Drain, Chen Wu,
Alexey Svyatkovskiy, Neel Sundaresan
Language-Agnostic Representation Learning of Source Code from Structure and
Context Daniel Ziigner, Tobias Kirschstein, Michele Catasta, Jure Leskovec,
Stephan Giinnemann
Distilling Transformers for Neural Cross-Domain Search Colin B. Clement, Chen
Wu, Dawn Drain, Neel Sundaresan
Long-Range Modeling of Source Code Files with eWASH: Extended Window
Access by Syntax Hierarchy Colin B. Clement, Shuai Lu, Xiaoyu Liu, Michele
Tufano, Dawn Drain, Nan Duan, Neel Sundaresan, Alexey Svyatkovskiy
Time-Efficient Code Completion Model for the R Programming Language Artem
Popov, Dmitrii Orekhov, Denis Litvinov, Nikolay Korolev, Gleb Morgachev
What do pre-trained code models know about code? Anjan Karmakar, Romain
Robbes
CodeTrans: Towards Cracking the Language of Silicon's Code Through Self-
Supervised Deep Learning and High Performance Computing Ahmed Elnaggar,
Wei Ding, Llion Jones, Tom Gibbs, Tamas Feher, Christoph Angerer, Silvia
Severini, Florian Matthes, Burkhard Rost
An Empirical Cybersecurity Evaluation of GitHub Copilot's Code Contributions
Hammond Pearce, Baleegh Ahmad, Benjamin Tan, Brendan Dolan-Gavitt,
Ramesh Karri
CodeT5: Identifier-aware Unified Pre-trained Encoder-Decoder Models for Code
Understanding and Generation Yue Wang, Weishi Wang, Shafiqg Joty, Steven C.H.
Hoi
CommitBERT: Commit Message Generation Using Pre-Trained Programming
Language Model Tae Hwan Jung
Improving Code Autocompletion with Transfer Learning Wen Zhou, Seohyun
Kim, Vijayaraghavan Murali, Gareth Ari Aye
DIRECT : ATransformer-based Model for Decompiled Identifier Renaming
ikram Nitin, Anthony Saieva, Baishakhi Ray, Gail Kaiser
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