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Human Exchange Knowledge using
Natural Language

« Human beings communicate and exchange knowledge
with each other
—Teaching, reading, speaking, ......, sharing knowledge

» The system of communication and knowledge
exchanging among human beings is natural language
—which is an ordinary, instinctive part of everyday life

* Human being Gain most of the Knowledge via
Learning from Natural Language
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Iﬁ‘é “f%f‘?"-fz--Na’rur'alness of Natural Language led to
Revolution of NLP

» Although natural languages have complex forms of
expressive

—Most human utterances are far simpler and much more
repetitive and predictable

« That leads to the revolution in NLP with rich
resources and advanced techniques

—help to automatically extract knowledge from natural
language documents



Techniques for the NLP

* 60s, Dictionary and grammar-based efforts

» 70s-80s, logic and formal semantics

— That shows: dealing with NLP from the first principles is
too cumbersome to perform practical tasks at scale

 80s, corpus-based statistically rigorous method
* Later, lots of deep techniques .....



B Sxiatural Language Understanding - IBM Cloud

« Use advanced NLP to analyze text and extract meta-
data from content such as concepts, entities,
keywords, categories, sentiment, emotion, relations,
and semantic roles.

« Apply custom annotation models developed using
Watson Knowledge Studio to identify industry/domain
specific entities and relations in unstructured text

with Watson NLU.



Natural Language and Program
Language

* Natural language was invented in human social life and
evolves with the evolution of human social life

—Inherent naturalness
* While, Program languages, artificial languages

— instead of being an act of communication, from one human to
another

— they are ways to tell computers what to do

[l

= Al 12 X 14 52 AKX A. Hindle, E. T. Barr, M. Gabel, Z. Su and P. Devanbu, On the Naturalness of
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Software, Communication of the ACM, 59(5): 122-131, 2016
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Communication with both Human and
Machine

Let us change our traditional attitude ﬂ\ )nt )ﬁ\
to the construction of programs:
Instead of imagining that our main
task is to instruct a computer what
to do, let us concentrate rather on
explaining fo human beings what we
want a computer to do

Exchanging
Knowledge ?
Knuth, D. E. Literate programming, Comput. J. 1984
_I%.l_ A 15 ?F'A_' ‘ffF 7& A. Hindle, E. T. Barr, M. Gabel, Z. Su and P. Devanbu, On the Naturalness of
B SRE R SCE8 % Software, Communication of the ACM, 59(5): 122-131, 2016



ighniques for the NLP Transformed to Program
B Language Process

* Source code in program languages exhibits a good level of
repetitive and predictability

— e.g. “for (int := O, i<n, i++)” occur frequently, name convention, ...

 Code regularities / patterns can also be captured by like
the n-gram statistical language model ?

— at lexical level

— at semantic level in the sense of
* semantic annotations, e.g. date types,
 sematic roles, e.g. variable, operator, keyword, function call, ...
* pairwise association, e.g. begin-end, ......
* efc.
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Motivation of Learning from the Source
Code

’

The problems:

* The code is not easily understandable
* The business strategies are “lost’

* The software is hard to maintain
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¥ The Purpose to Learn from Source Code

@ “——

Code Oomprel/newsuom,

Code Generation
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— Be Inspired by Natural Language, naturalness
* How Machine learns from Source Code

— Code/Program/Software Comprehension
— Find the Features of Source Code

 Learn What

— Learn Task Specific Knowledge and tacit knowledge
— AiXCoder: A programming assistant

* What can Do Next
— Combine with Knowledge Graph
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The Possibilities
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Types of Code Representation Models
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Scenarios of Code Representation Models
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The Challenges and Opportunities to Use
Techniques for NLP in Source Code Learning

* Vocabulary: In natural language, the vocabulary is
usually limited to the most common words, e.g., 30,000
words, and words outside the vocabulary are treated as
unknown words

* But for source code, 85% identifiers and
30% tokens will be
Table 1: Statistics for code snippets in our dataset treated as <UNK>, if

using the most

#All # All # Unique | #Unique common 30000

Tokens | Identifiers | Tokens | Identifiers tokens
69,708 8713079 | 2,711,496 234 146




The Challenges and Opportunities to Use
Techniques for NLP in Source Code Learning

» Structure: Source code is strong structured while
natural language text is weakly structured

— Program contains explicit and hierarchical structure

* How to take advantage of rich and unambiguous structure information
of source code to boost effectiveness

— Program contains code blocks of different granularity, e.g.
statements, loops, methods, classes, etc.

* They are nested and composable. The nesting can be very deep,
leading to long dependency

* There are differences in semantics between code blocks

X 1
s

_l;

2
Co&

%m
MY

hSRRE

\|~}



The Challenges and Opportunities to Use
Techniques for NLP in Source Code Learning

* Not only the sequence of the sentences / tokens /
characters, Different Flows imply Semantics:

— e.g. control flow, data flow, these capture the executive
semantics of program, which is closer to the functionalities

* But these flows led to the graphical structure that is
much more difficult to deal with



For machine
learning

from

Natural (1) task oriented: build a
Language model via training for
specific tasks, like
translation, cloze, dialog,
etc.

(2) general purpose:
build a model for
entity/relation
identification to build like
knowledge graph for
human

% The Purpose of Learning from Language

For machine
learning

S slelligesr ) (1) task oriented: build a
. model via training for
etz specific tasks, like code
summarization, code
searching, code clone
detection, code bad smell
detection, etc.

(2) general purpose:
build a model for what ?




Code Comprehension Deep Learning

Paradigm
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Code Generation Deep Learning Paradigm

Dlstributed Dlstributed

Req‘ubremem't R&‘PY&S&V\/’CWCLDW Rﬂ‘PY&SCV\,tatLOV\, Code
Representation Generation
Model @ Model ? ? ?? ?
O Cod
¢ ® o o/0/0/0/e ] “*
O ® 0 o/ 990090
O @ o
e @ o 00000
@ olo/00l0 . . .
O 00 00®e
@ CUOO0




Agenda

 Can Machine Learn from Source Code, and Why
— Be Inspired by Natural Language, naturalness

« How Machine learns from Source Code
— Code/Program/Software Comprehension
— Find the Features of Source Code

 Learn What

— Learn Task Specific Knowledge and tacit knowledge
— AiXCoder: A programming assistant

* What can Do Next
— Combine with Knowledge Graph

NSRS

a0
}



public static void sort(Comparable[]
a){
int n=a.length;
for (inti=1; i <n; i++){
Comparable v=a[i);
int 10=0, hi=i
wh le (lo < hi )( .}

) Javamethod
} wuthout comment

S github-
SOCIAL CODING

Code Summarization:

compared with machine translation

Araining phase

Java Methods

o Comment generation phase

N

Sorts the array in
ascending
order,using the
natural order.

Code
comment

i NMT Model

J
N

:

: thLL

1) Source code is structured,
e.g. AST;, How to sequencialize
the AST tree ?

2) How to deal with the
problem of Out of vocabulary ?
3) Is external knowledge useful
to make improvement ?




a. Data processing

Natural language Y
Annotations

<[>t _ < code snip
Parse = | A (ava methody |
Commented X
Java T
Methods AST

( MethodDeclaration( Modiﬁer)\
Modifier (SimpleType
(SimpleName)SimpleName )
SimpleType

[ Attention ]

(SingleVariableDeclaration

1) Source code is structured;

XI

Code Summarization:
Structure and Out-of-Vocabulary

b. Training the Hybrid-DeepCom Model

c static byte[] bitmapToByte(Bitmap b){

rteArrayOutputStream o = new ByteArrayOutputStream();

compress(Bitmap.CompressFormat.PNG,100,0);
turn o.toByteArray();

te static void addDefaultProfile(SpringApplication app,
SimpleCommandLinePropertySource source){
!source.containsProperty(“spring.profiles.active")
&&!System.getenv().containsKey("SPRING_PR
OFILES_ACTIVE")){
app.setAdditionalProfiles
(Constants.SPRING_PROFILE_DEVELOPMENT);

rlic static void sort(Comparable[] a){
int n=a.length;
for (inti=1;i < n;i++){

Comparable v=ali];

int 1o=0, hi=i;

while (lo< hi) {... }

b

assertisSorted(a);

@
DeepCom: convert Bitmap to byte array
Human-Written: convert Bitmap to byte array

A
DeepCom: If no profile has been configured,g
set by default the “dev” profile.
Human-Written: If no profile has been
configured , set by default the “dev” profile.

DeepCom: Sorts the array in ascending @
order, using the natural order.

Human-written: Rearranges the array in
ascending order, using the natural order.

AA
DeepCom: Returns true if the symbol is emp @
Human-written: Is this symbol table empty?

lic boolean isEmpty/(){
return root == null;

How to sequencialize the AST tree
2) Out of vocabulary: Using "type’
instead of <UNK> token

Code
Comment

’A A
DeepCom: Checks whether the given object is %)
L e el e L contained within the given set.
return rank(key) !'=-1; . . . .
3 Human-written: Is the key in this set of integers?

Xing Hu, Ge Li, Xia Xin, David Lo, Zhi Jin, Deep Code Comment Generation, ICPC 2018 (ACM Distinguish Paper Award)
«= Xing Hu, Ge Li, Xin Xia, David Lo, Zhi Jin, Deep Code Comment Generation with hybrid lexical and syntactical

== information, Empirical Software Engineering, 25(3): 2179-2217 (2020)




1) Traig model that builds the mappings Ode SumePiZOﬁOﬂ:

from APl sequence to its corresponding natural

language description; dge Af‘gumen"'ﬂ"'iOﬂ

2) Transferring the APl knowledge to the code
summarization task

O>0>0>O @ ) API Knowledze '

B ) Summary Extracuo:n> Pairs of AP S egs leaming E
and Summanes '
09~14
@ Code and Summary o»0»0>0 @ TL-CodeSum :
B Extraction ~  Simm f@ Tramnmg
' V" Pams of Code. =g
15~16 API zequence and E
Code Corpora Summanes E
Approaches Precision Recall F-score
CODE-NN 26.21 14.17 18.40
API-Only 30.72 21.14  25.05
Code-Only 38.89 28.81 33.10 .
API+Code 41.06  30.34 3490 \ : Integrating external
TL-CodeSum(fixed) 42.20 3438  37.89 knowledge is beneficial and effective. That makes

Ti-CodaSam(fes umed) 4078 3541 3791 the approach significantly outperforms others.

= 7] ¢ Xing Hu, Ge Li, Xin Xia, David Lo, Shuai Lu, Zhi Jin, Summarizing Source Code with
#1 & § Transferred APl Knowledge, IJCAI 2018




ranslate natural
language
description to
source code
snippet

"'-.‘ "‘a.\ - :
‘ * adding regularization terms in

Code Summarization:
of Code Summarization

the loss function to constrain
the duality between two

Code Snippets

&

Table 4: Ablation study of different settings on CS task. Model (M) 1 is the basic model of

independent training.

' M Probabilistic ~ Attention Java Python
A Language model Duality Duality | BLEU METEOR ROUGE-L | BLEU METEOR ROUGE-L
g for code i i il iy 1 1 - 41.01 23.26 51.64 20.47 10.38 38.77
1 | pftoder l 2 v - 4173 2554 5360 | 21.66  10.81 38.83
| : | | 3 - v 41.96 25.80 53.57 21.57 1091 39.07
| | P(XIY) : : 4 v v 42.39 25.77 53.61 21.80 11.14 3945
|
| : ~ — : h'1 h'2 h's - h'n |
| | P(YIX) i :
| | ? N I | Source Code: public static void closeQuiet(@Nullable Closeable closeable){ ot ot |
: ! \L if(closeable 1= null){ ) B - 5 ]
A try{ closeable.close(); . .
Lo @ Decoder ~ ___ | Laneuage model e rsc .,
e for comments ( } s N N ™
Code € hmarization Model - L Emm e
Human-Written: closes resource without reporting any error. . ]
. Dual Model: quietly closes given closeable without reporting. I= o = I
(a) CS task - =l - - u
Comment: prints an integer to standard output and flushes standard output. FETR ! e ! PR
Human-Written: public static void print(Object x)}{out.print(x); out.flush();} N 7% it 73 § : R E RS %
Dual Model: public static void print(int x){out.print(x); out.flush();} : :
Tra ns I ate Code Comments Code Generation Model (b) CG task (c) Basic model  (d) Dual model
code to N .
Table 2: The overall performance of our CS models compared with baselines Table 3: BLEU scores and percentage of valid code (POV) on CG task
Comments Meth Java Python
ethods BLEU METEOR ROUGE-L | BLEU METEOR ROUGE-L Java Python
CODE-NN 2760 1261 4110 | 1736 9.288 3781 Methods BLEU PoV | BLEU PoV
DeepCom 3975 23.06 5267 | 2078 9979 37.35 o 0
Tree2Seq 37.88 22.55 51.50 20.07 8.957 35.64 SEQZTREE 13.80 22.6% 4.472 22.7%
RL+Hybrid2Seq | 38.22 22.75 5191 19.28 9.752 39.34 .
API+CODE 4131 BB 5225 | 1536 8571 3365 Basic Model | 10.86 19.6% | 1043  41.8%
Basic Model 41.01 23.26 51.64 2047 10.38 38.77 Dual Model 17.17 27.4% 12.09 51.9%
Dual Model 42.39 25.77 53.61 21.80 11.14 39.45

Bolin Wei, Ge Li, Xin Xia, Zhiyi Fu, Zhi Jin, Code Generation as a Dual Task of Code
Summarization, NeurlPS 2019
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Code Completion:

"Self-Attention Architecture with Multi-Task Learning

—— e e o = —— —— o —— —— —— —— —— — — — —— — — — ——

%

Path2root encoder [ hi { h? }_{ h3 J__, I8 -

N\
o (- :

:

BinOp Return body FunctionDef

Task-specific output layers

Partial AST encoder

@)

FunctionDef identifier name[add] body Return BinOp Nameloadla]
Type Value

" () Prediceng nack
[ == | [0 Nodes in path o root

(predicting next type)

2
(o) 0! | -@ee® v

(predicting next value)

v" How to capture the hierarchical structural
information
» the path from the predicting node to the root
node
v" How to deal with very long-term dependency

» Adopt transformer-XL as the base language
model
v" Code completion is not a single task
* need multiple task learning




[ hicts) ] [ ha ] [ hs ] [ h[m\sx]] [ hs J [ himask] ] [ Rn-1 ] [ hn ] [l Prevent from Attending
1 . 00000
( TransfomT\er Layer L ) f E E E E %
7 : 7 = noooo
( Transformer Layer 2 ; ttand o ol tokens
J ¢ : oy JEEEE
/\ Transformer Layer 1 ) E E E = =
1 0ooom
position embeddings Doouon
attend to left context
sl E el Self-attention Masks
token embeddings
L]
fast] [w | (o w0 | () (] [ %

Code Understanding and Generation Pre-trained LM with Shared Parameters

_ , Fang Liu, Ge Li, Yunfei Zhao, Zhi Jin, Multi-task Learning based Pre-trained Language
uﬁéaﬁgfﬂf g g guag

E =k Model for Code Completion, ASE 2020, Accepted.
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Code Completion:
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t

Transformer

(c) Unidirectional LM (ULM)
Figure 2: Overview of CugLM pre-training. The model parameters are shared across the pre-training objectives (i.e., MLM, NCP,

and ULM). We use different self-attention masks to control the access to context for each token.

\
\
1
|

Multi-task Learning based Pre-trained Language Model

Masked bidirectional language

The objective is learning to

predict the masked tokens

based on the bidirectional
context.

Next Code Segment Prediction
understand the relationships
between code segments by
pre-training a binarized next
code segment predicting task

ZEK]

Unidirectional Language

language modeling task
because for the generation

(completion), only leftward
contextual tokens are allowed
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Code Clone Detection:
Graph Neural Network and Flow-Augmented AST

The challenge is Detect the semantic

similarity on the implementation of | Code Fragment | | AST | adding Graoh | B9 (Graph Embedding| oo
. s Parser Edaes ap
functionalities (—_9—:> Matching :{> Clone Label

Network [Graph Embedding|

Explicitly augment the control/data flow Code Fragment -AST
with AST to capture the execution traces [ ] -

protected String downloadURLtoStrinq(URL url) throws(IOException M--------o.o
BufferedReader in = new BufferedReader (new InputStreamReader @ openStreé‘Iﬁ‘(“)‘)\);
StrlngBuffer new StrlngBuffer(lOO * 1024); |

Strlng stry I e N similarity similarity

(hiLe) ((str —- 1=y T
append(str B
} B graph vector

return GB toStrlng 07 cross-graph attention

} Z e
l\
public static String (Strih'g’f'il—;lstring) {
try {
URL url = new URL(urlStrlng) S
BufferedReader reader = new/ BufferedReader (new InputStreamReader (@ openStream())) ; Fig. 7. Basic architecture of the GGNN embedding model (left) and GMN model (l‘ight).
3 String line = null; S
. StrlngBullder builder = new StrlngBullder();
: . (while)((line = 1= null) {
. N K . IfStatement
builder.append ST K WhileStatement ForStatement
‘\\ ‘x‘\. } """""""""""""" S /’\
Tl /Wh”eExeC\ /ForExec\ Condition ===+ » ThenStatement ElseStatement
TeTwET BurIaet . tostring () Condiion g > Body  ForControl g% Body ™ A
} catch (MalformedURLException e) { WhileNext ForNext 0™ T e
} catoh ( e) { CondFalse
e an d seman tl C Fig. 4. Control flow edges for While statements. Fig. 5. Control flow edges for For statements. Fig. 3. Control flow edges for If sttements.

return ""

= A= B4R Wenhan Wang, Ge Li, Bo Ma, Xin Xia, Zhi Jin, Detecting Code Clones with Graph
h% : o4 == Neural Network and Flow-Augmented Abstract Syntax Tree,. (SANER 2020)
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CNN over Tr'ee Structure, AST

(a) //\\ (b)
o N (@ee9) ’IEI /"‘\

e N T e lovecf
/ Y /N \\ N / ,. }
e W\ - d ub j

7 [se9] R Cee9) Eee9) 7 Nheub] AN
S O\ S faan ez Ese9) 1D
_________ ol fem = = = D _\_\3 7/ I \ / 1t AN
s N /_7/ _____ A\_____7/ _____ A\_ N
) 7 [eee] [cee] (eeee) (eeeey [/~ \ A \
s _IEV_e_d_ N _\_\ N Extracted features by Extracted features by
Constituency tree c-TBCNN Dependency tree d-TBCNN

Max pooling
by heuristics

A \=|- -

Hidden Output

Representing hidden
layers as vectors

recurswely
J ( J

Pooling layer

Output layer @
—
I

Extracted I
features by 1

convolutio/n-—-fg%‘rws / w layer layer
o] : (el ' Extracted features
Embeddings [.x.] * I.._...I I.;I.] Word embeddings E?;S:;ittgﬁze by tree-based convolution
(a) CNN (b) RNN (c) TBCNN

Lili Mou, Ge Li, Lu Zhang, Tao Wang, Zhi Jin, Convolutional Neural Networks over Tree Structures for

= 5 Programming Language Processing, AAAI 2016
h% %(E Lili Mou, Zhi Jin, Tree-Based Convolutional Neural Networks: Principles and Applications, Springer 2018.



Ichild

‘\Qi‘,’:éModular Tree Network for Source Code Repr

Source code Abstract Syntax Tree

d main() {

rchild

while (a<0)

Parser

if (a==1)

= > STMcase

LSTMcase LSTMcase
stmti stmt2

[

stmtk

structure

AST contains

different types have
different meanings on the

MTN Applications

Output: vector
representation

The idea is different
neural modules for
‘ferent subtrees

.............

..............................

esentation
Learning

» Program Classification

—> Clone Detection

multiple subtree

types: For, While,

If..

Function Parameters
hFum:Def = tanh(WFuncDef[hdecl : hbodu] + bFuncDef) 2d’ +d
hwhite = tanh(Wivhite [hcond : hstme] + bwhite) 2d* +d
hpowhite = tanh(WDoWhlle [hc:ond : hstml] + bpownite) 2d° +d
- WForO[ta"h(WForj [hmn : heond : hnext] + bForl) : hstmt] +bFroro 5d° +2d
If— cond, iftrue hig = tanh(Wi ¢ [heona = hiftrue] + big) ol + d
If— cond, iftrue, iffalse hlf = max(tanh(W,f[hw,,d : hlftrue] + blf)’ tanh(W,f[h,_.o,,d : h[ffalse] + blf))
Switch— cond, stmt hswiten = tanh(Wsyiren [heond : Betme] + bswieen) 2d° +d
Case— expr, stmtl, .., stmtk | hegge = tanh(Wegge [Bexpr 1 LSTMcase (Bsrmets - Bspmer) | + bease) 10d* + 5d
Seq— child1, ..., childk hseq = LSTMseq(hd,”dl, s Renitar) 8d” +4d

Wenhan wang, Ge Li, Sijie Shen, Xin Xia and Zhi Jin, Modular Tree Network
EREE 5 508 %= for Source Code Representation Learning, ACM TOSEM (accepted)
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1
2 import tensorflow as tf
3 import input_data
4 import time
2 — shape, mean: float=0.0, stddev: float=1.0, dtype: DType=dtypes.float32,
7 REEL seed=None, name=None
8 nun shape, dtype, seed: int=0, seed2: int=0, name=None
9
10 def weight_variabletsnape)
11 itial = tf.truncated_normal(shape, 0.1)
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I 1: Project

= 7: Structure

Alibaba Cloud Explorer

@ Web

¥ 2: Favorites

O
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B 9: Git

|
Il _settings
Il travis
i api
g core
» Il settings
v src
v JEVE]
¥ Bade.a
> Bmag
v B
v

v I

vy
3

=Pmq

pom.xml
. docs
Iy extras-keyrc¢
s juggler
I security-pro
ﬂ 1T
& .gitmodules
=
El .release-scrif
AR

m travis.yml

‘8 checkstyle.xr
El embed.sh

i

B LICENSE

£2 lombok.confi

:= 6: TODO

core

38

Alibaba Cloud View

java & de

keystore-management — ToKeyStoreMetadataPersister.java [core]

adorsys '+ keymanagement  core = metadata KeyStoreMetadatal isMetadatakr Add Configuration... - Git:

] orlmp Key MetadataPersistenceConfig.java I /StoreMetadat 4 KeyStore.java aiXcoder Welcome o

private static final String = "KEYMETADATA";

private static final Pattern N = Pattern.compile("(.+):([0-9A-F]+)-KEYMETADATAS");

private final MetadataPersistenceConfig persistenceConfig; . A')(COde[

private final SecretKeyGenerator secretKeyGenerator;
ivate final KeyDecoder decoder;
ALAve - ¥ : (IntelliJ plugin for Java)
@Inject I
I Search code examples from billions li
of open source code:
@verride
public boolean isMetadataEntry(String forAlias, KeyStore keyStore) { Open Code Search Engine in Browser...
if (!forAlias.endsWith(METADAT IFFIX)) {
return false;
} Set the balance between response t
and recommended code length:
Matcher matcher = TADAT ’N.matcher(forAlias); v
: 1
if (!matcher.matches()){ Faster Default Longer

return false;
b
String keyAlias = matcher.group(l);
String crc32 = matcher.group(2);

Settings
return crc32.equals(crc32(keyAlias)); Help

I About

@verride
@SneakyThrows

public KeyMetadata extract(String forAlias, KeyStore keyStore) {
if (isMetadataEntry(forAlias, keyStore)) {
return null;

String alias = metadataAliasForKeyAlias(forAlias);

I% Java Enterprise @ Endpoints 4 Spring Terminal

Q Event Log
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aiXcoder Welcome

private static final String
private static final Pattern

private final MetadataPersistenceConfig ; AI)(COde'

private final SecretKeyGenerator
f ) er . 1
private final KeyDecod L (IntelliJ plugin for Java)

Search code examples from billions li
of open source code:

public boolean ry(String forAlias, KeyStore keyStore) { Open Code Search Engine in Browser...

if (!forAlias.endsWith(; )i
return false;

-
®
B3
o
Q
a
*

Set the balance between response t
and recommended code length:
Matcher matcher = } A *(forAlias); ]
if (imatcher.mat Faster Default Longer
return false;

}
String keyAlias = matcher
String crc32 = matcher.g

Settings
return crc32.equal i H Help

About

public KeyMetadata ext (String forAlias, KeyStore keyStore) {
if (isMetadataEntry(forAlias, keyStore)) {

MacBook Pro
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E-mail: support@aixcoder.com
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E0der vs. others

Source Code: https://www.kite.com/

numpy &

(4[sBl £ import numpy as npe

matplotlib.pyplot as plt
L) matplotlib.pyplot as plte

start = -1
stop =1
[

X = np. linspace(start,stop)
2 np. linspace()

Keystrokes

With aiXcoder

import numpy as np
import matplotlib.pyplot as plt

start = -1
stop =1

x = np.linspace|(start, stop))

84 Keystrokes
With TabNine

kite_example_atom.py

numpy np

start = -1
stop =1

X = np. linspace(start, stop)

54 Keystrokes
With Kite

without_kite_example_atom.py

numpy np

start = -1

stop = 1

X = np. linspace(start, |

102 Keystrokes
Without Kite




A{coder=°

IDEs .NET Team Tools Dev Guide

JetBrains Plugins Reposito

aiXcoder|

AiXcoder Code Completer

A){ AiXcoder Code Completer
* Kk kK

aiXcoder

Overview  Versions  Reviews

AiXcoder Code Completer & Code Search Engine

AiXcoder is a powerful code completer & code serach engine based on state-of-the-art deep learning technology. It
has the potential of recommending you a full line of code, which will help you code faster. AiXcoder also provides a
code search engine to help you search for API use cases on GitHub.

.getBeantianesForType(type);

FooConsumerBootstrap {

(String args) 1

AnnotationConfigApplicationContext consumerContext AnnotationConfigApplicationContext();

(ConsumerConfiguration.

(FooServiceConsumer.

MacBook Pro

more...



Agenda

 Can Machine Learn from Source Code, and Why
— Be Inspired by Natural Language, naturalness

« How Machine learns from Source Code
— Code/Program/Software Comprehension
— Find the Features of Source Code

 Learn What

— Learn Task Specific Knowledge and tacit knowledge
— AiXCoder

 What Left and What are Next



* From finest grain to coarser
and coarser, until be able
to extract entity/concept

Software Automation, Long Way to Go

level tokens

—Character level
—Identifier/keyword token level
—Structure level

—Execution flow level

Code Comprehenston

= __J

Code Ggeneration

public static byte[] bitmapToByte(Bitmap b){

ByteArrayOutputStream o = new ByteArrayOutputStream();

b.compress(Bitmap.CompressFormat.PNG,100,0);
return o.toByteArray();

private static void addDefaultProfile(SpringApplication app,
SimpleCommandLinePropertySource source){
if('source.containsProperty("spring.profiles.active")
&&!System.getenv().containsKey("SPRING_PR
OFILES_ACTIVE")){
app.setAdditionalProfiles
(Constants.SPRING_PROFILE_DEVELOPMENT);
}

}

public static void sort(Comparable[] a){
int n=a.length;
for (inti=1;i<n; i++){
Comparable v=ali];
int lo=0, hi=i;
while (lo<hi) {...}

assertisSorted(a);

}

public boolean isEmpty/(){
return root == null;

}

DeepCom: Returns true if the symbol is empty@
Human-written: Is this symbol table empty?

AA

A4

DeepCom: convert Bitmap to byte array
Human-Written: convert Bitmap to byte array

(AA
DeepCom: If no profile has been configured ;="
set by default the “dev” profile.
Human-Written: If no profile has been
configured , set by default the “dev” profile.

DeepCom: Sorts the array in ascending \:_:/
order, using the natural order.

Human-written: Rearranges the array in
ascending order, using the natural order.

AA

AA
DeepCom: Checks whether the given object is @

public boolean contains(int key){
return rank(key) !=-1;

contained within the given set.

} Human-written: Is the key in this set of integers?



Still in Source

Code Program
Language Domain

public static byte[] bitmapToByte(Bitmap b){
ByteArrayOutputStream o = new ByteArrayOutp®
b.compress(Bitmap.CompressFormat.PNG,100,0);
return o.toByteArray();

}

private static void addDefaultProfile(SpringApplication app,
SimpleC dLineP tyS
if(!source.colrl:‘t:i:s:rz::r:y("l::ri;g‘.)’::o%I::::?i:gr)r et DeepCom: If no profile has been configured;
&&%S.y Ste""ge'e""()‘°°"w'";';f3éss_§'zﬁsgf§( set by defaf.llt the “dev” pr'ofile. ]
app.semitézlr::,tg:zrgglsmG_PROFILE_DEVELOPMENT); Hum.an-ertten: If no profile has been . COdC C(CV\fthDV\/
) configured , set by default the “dev” profile.
! O
put?Iic static void sort(Comparable[] a){ p - 000[8 CWCYﬂti«DV\:
lfr;: r(\;:.il:;\_git:\;w . DeepCom: Sorts the array in ascending a
Comparable v=a[i; order, using the natural order.
int 10=0, hi=i; Human-written: Rearranges the array in
v_v_'_"'e IRl ascending order, using the natural order.
}
assertisSorted(a);
}
AA
P —— Can we across the
publictbooleantisEmp;lty(){ eep! om._ eturns r.ue | e symbpol Is em;)ty :
) return root == null; ¥Human—wr|tten: Is this symbol table empty: boun dary an d bu' l d fhe
AA 0
" DeepCom: Checks whether the given object is real llnk be*ween fhe
public boolean contains(int key){ contained within the given set. o o
t k(key) !=-1; ) . . .
} return rank(key) . Human-written: Is the key in this set of integers? d'g”.al world an d fhe

) business/real world ?
hat are If yes, how ?

missing ?
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W Software Automation, Long Way to Go

Code
Comprebension

From Button to Up
Character level

Code Comprehension
—

Code Ggeneration

Code Generation

Domain Knowledge;

The Combination;
Open Assets: Source Code,

Model, Design, ...... :

From Intent to Code:
Specialization and Decompy

From Code to Infent:
Abstraction and Composition

7. XF
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