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oftware systems can be very complex ...
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Major Research contributions

- MSR brings on Software Systems
Mining 2
Software N ” 5
Repositories E ‘/\/ * u a ‘ /\

Bring back the : KARAKARARAR

Human + Do we ask the right questions? ARRAAAANNRAA
udies Do we have the right answers? kﬁﬁ ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ

Machine Learning for Software Engineering

MLA4SE can these multiple perspectives



SE artefacts mix structure and language

Deep Learning vector representations

Defect | 9(2|.8(.2|.8|4].6(.3|.3|.4]|.4]|.8

Homogeneous
multiple types of artefacts

structure

trees graphs



Code: machine and human perspectives

Program analysis Identifiers and comments are
identifiers and code comments for program understanding

1 & t*

e aee e e e o // updating credentials
1272 .1T428(1823); u.setPassword(username);

Merging machine and human perspectives can detect
(e.g., code-comment incoherence)

10



Example: Code Completion



Every programmer uses code completion

alphabeticallySorted
exhaustive

identifier
listWhichlsQuiteLong
manyWhoAre

not

remotelyCloseTo

whatYouWant
shortList
whatYouWant

. define code completion as a task
. still used in practice

2017 Others use Neural Language Models for code completion, but struggle

A successfully apply




Source Code Neural Language Models (NLMs)

public static void main(String [ ] args) {

String commandName = args [0@] ;
String uncommonkFlag = args [1] ;

Fine-tunable closed

code completion vocahulary




Developers create new identifiers at will

foo

Foo

Bar

FooBar

FOO_BAR

al34

al82

a9095

my_taylor_1is_rich

MeinTaylorIstReich

mon-tailleur-est-riche
FooBarManagerController
ArbitrarilyLongAndComplexIdentifierIsAllowed
FooBarManagerControllerRuntimeInstantiationException source code files

unique tokens

New code contains new tokens, leading to a

14



Large vocabulary leads to three issues

Slow training Infrequent tokens Unseen tokens

Are Deep Neural Networks the Best Choice
Only ~100 projects for Modeling Source Code?

Vincent J. Hellendoorn Premkumar Devanbu
Computer Science Dept., UC Davis Computer Science Dept., UC Davis



Exhaustive preprocessing

We went back to pre-processing

No preprocessing
FooBarManagerController

Coding Conventions
Foo Bar Manager Controller

Best standard approach
(Out of a dozen)

16

11.6M 1.0 1. 83% I 79%
1.3M 1.6 .1 81% a1 20%
0.5M 1.9 1 710% . . 90/5

HUGE Many rare Many OOV
vocabulary tokens tokens



We looked further

Exhaustive preprocessing

No preprocessing
FooBarManagerController

Best standard approach
(Out of a dozen)

Byte-Pair Encoding

17

11.6M

0.5M

1.0 1. 83%

1.9 .1 710%

open vocahulary

79%

. 9%




BPE solves all the vocabulary issues

Exhaustive preprocessing

No preprocessing 11.6M 1.0 83% 79%

FooBarManagerController

Best standard approach 0.5M 1.9 70% 9%

(Out of a dozen)

Byte-Pair Encoding (BPE) 10K 14 | 1% 0%

Foo Bar Manager‘Controllerk\ / > >

. . Performs well

http client 11b —~— 1,000 times Few No

Se hr Lan ge Que 11 code Ken nun g smaller Rare tokens 0]0)Y)
(\_— Degrades gracefully

18



Outcomes

open-vocahulary
10,000+

Java Java Identifiers c Python
MODEL Staic  Dynamic Maintenance  Bugs Dynamic Static  Dynamic Staic  Dynamic
Ent MRR Ent MRR Ent MRR %Ent] R@! R@I0 MRR Ent MRR Ent MRR Ent MRR Ent MRR
Small Train
n-gram 625 5316 554 5621 530 5832 1.81 17.24 3466 2226 651 5520 4.14 5734 530 4363 481 4739
Nested - - 365 6666 294 7143 - 3746 5685 4387 - - 361 6225 - - 405 5402
Cache - - 343 69.09 332 70.23 - 4013  59.52  46.57 - - 219 7509 - - 322 6227
Nested Cache - - 257 7455 223 77.04 - 49.93 7009 56.81 - - 201 7677 - - 289 6597
- Closed NLM 430 6228 307 7101 - - 1.81 3096 49.93 37.20 451 6045 320 72.66 396 8173 334 8402
Heuristic NLM 446 5395 334 6405 - - 1.04 3954 5837 4528 482 5230 3.67 6143 429 6542 356 7135
BPE NLM (512) 477 6375 254 7702 160 78.69 326 4549 6737 5266 432 6278 171 7692 391 8166 272 8628
BPE NLM (512) + cache - - - 7742 - - - 5049 68.16 56.30 - - - - - - - -
BPE NLM (2048) 477 64.27 208 7730 - - 3.60 4822 6979 5537 422 64.50 159 7827 366 8171 269 86.67
BPENLM (2048) + cache - - - 7829 - - - 5244 7002 5830 - - - - - oo -
Large Train

Nested Cache - - 249 7502 217 77.38 - 5220 7237 59.09 - - - 145

BPE NLM (512) 315 7084 172 7994 104 8L16 492 5141 7413 5903 304 8431 214
BPE NLM (512) + cache - - - 8029 - - - 55.68 7430 6194 - - - - - - - -
BPE NLM (2048) 240 7581 123 8241 - - 5.98 57.54 7218 6291 238 80.17 136 8324 209 86.17 190 87.59
BPE NLM (2048) + cache - - - 8327 - - - 6074 7376 6549 - - - - - - - -

of submitted papers\(
(distinguished paper) data, code, models available

Needed expertise in both ML & SE, willingness to revisit assumptions

19



Research Program:
MLASE in Scarce Data Scenarios




Source Code NLMs are getting ... larger

Ours (2020) OpenAl’s Codex (2021) DeepMind’s AlphaCode (2022)
& GitHub Copilot

1.8 GB

715 GB

Trained on 55 Million
GitHub code repositories
Runs only in the cloud
Closed source

21



Are there 55 million repositories of COBOL?

MANTIS?
NCL?
4D?




Legacy systems, in orphan languages

Legacy Systems: old, but critical infrastructure for important institutions

quality issues over decades
Missing for software evolution

Orphan Languages: decades-old proprietary languages with little or no support

Not enough data

23



Two challenges: scientific and practical

Learn with less data In practical settings

For orphan languages Relevant for legacy systems



source code == natural text

Learn with less data, but with more ...

source code != natural text




Learn from less with more structure

public static void main(String [ ] args) { A

A
String commandName = args [0] ; l P l

String uncommonFlag = args [1] ; a
myBar.setFoo(args[2]) '

b,

implicit e

Explicit

large model & lots of data

smaller model, less data

26



Most papers focus on the ML perspective

... data work

|

Everybody wants to do the model work, not the ... l




Practical scenarios require a holistic view

... SCoping

... data work

|

Everybody wants to do the model work, not the ... l

... Integration

... evaluation




Practical scenarios provide feedback...

... which may lead to revisiting decisions




The ideal team for this project is RMoD '~ ©®
RMod ‘

RMoD works with industrial partners to help them support their legacy systems

MR SIEMENS arof/la » Lifeware

include test generation, code migration,
business rule extraction, bug triage, & many others



Integrating with RMoD

Reinforce MSR Human RMoD M1 4SE

RMoD in: Studies seeks:

For me, a practical [FEZCNEN siemens arol/o - Lifeware
perspective:

—aOm
SATToSE
2019 L™

RMod & | have extensive
previous collaborations:

31




mijor SE Lontributions Perspectives on code completion

multiple perspectives

alphabeticallySorted
exhaustive
identifier

listWhichlsQuiteLong
manyWhoAre

not

remotelyCloseTo
whatYouWant

whatYouWant
shortList
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integrates

A O
A research program with two challenges RMoD is the ideal team Q@.

RMod ‘

Its partners have legacy systems & practical problems

m — Ber

MR SIiEMENS aroffa »lifeware

For orphan languages Relevant for legacy systems
My skills & interests are a great match with RMoD

HO A
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