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Empirical Software Engineering 12 60
IEEE Transactions on Software Engineering 10
Journal of Systems and Software 7
Information and Software Technology 6 50
ACM Transactions on Software Engineering and Methodology 5
Proceedings of the ACM on Programming Languages 3
Journal of Software: Evolution and Process 2 40
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International Conference on Software Engineering 16
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International Conference on Software Quality, Reliability and Security

International Conference on Software Analysis, Evolution, and Reengineering
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International Conference on Learning Representations

Yi Song, Xiaoyuan Xie and Baowen Xu. When Debugging Encounters Artificial Intelligence: State of the Art and Open
Challenges. SCIENCE CHINA Information Sciences, 2023, ISSN 1674-733X, https://doi.org/10.1007/s11432-022-3803-9.
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T LI A R E EIErR

— /7 VAN —]
AIBRENERAH-FR e E (AL SR SE RS 5 FRfE R MAP
K 38%
&R i 1A
Mean average precision (MAFP) The mean of the average precision of all faults [77, 136, 158, 165, 185]
Recall at Top-n The number of faulty pru‘g;rtams that at le.?st. CIT'IE bugey element appears in the MRR
top-n position of the ranking list [157, 158, 239] 21%

Mean reciprocal rank (MRR) The reciprocal of the position of the first buggy element in the ranking list [77, 158, 185] Recall at T
ecall at 10p-n
Acc@in The number of faults localized within top-n elements of the ranking list [140, 161, 165] 23% P
(o}
Top-k
25 \ ASMIAY=—} = 19%
AIBRENFE R B aE 8 sk SEha 7 FRE iR °
2 R 1 1R
Accuracy The percentage of patches that correctly fix faults [234]
Overfitting rate The number of overfitting patches out of the number of total patches generated [257) Accurae
Tob-k The number of correct patches that can be found by considering top-k y
B statements delivered by the employed FL technique [239] 56%

Overfitting Rate
25%
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Table A1l AI4FL tools (material)

Paper Description Website

[229] Symbiosis: A concurrency debugging technique based on  https://github.com/nunomachado/symbiosis
differential schedule projections

[160] FLUCCS: A fault localization technique that learns to https://bitbucket.org/teamcoinse/fluccs
rank program elements based on both existing SBFL tech-
niques and source code metrics

[145] An approach to identifying high-impact bug reports https://github.com/goddding /JCST

[189] PkgRec: A tool to predicting the confidence score of a  http://github.com/tkdsheep/MultiPackage
package being affected by a new bug report

[174] DeepBugs: A learning approach to name-based bug de-  https://github.com/michaelpradel/DeepBugs
tection

[206] NeuralBugLocator: A deep learning-based technique that  https://bitbucket.org/iiscseal /nbl/
can localize bugs without running the program

[218] Tregression: An Eclipse plugin to visualizing the bugs in https://github.com/llmhyy /tregression
Defectsd] repository

[228] FixML: A system for automatically generating feedback  https://github.com/kupl/FixML
on logical errors in functional programming assignments

[147] ChangeLocator: A method to automatically locating https://bitbucket.org/rongxin/changelocator-dataset
crash-inducing changes for a given bucket of crash reports

[69] RepLoc: An automated framework to localizing the prob-  https://reploc.bitbucket.io/
lematic files for unreproducible builds

[1] SCMiner: An online bug diagnosis tool https://github.com/Tarannum-Zaman /Seminer

[134] DeepFL: A deep learning approach to automatically learn- https://github.com/DeepFL/DeepFaultLocalization
ing the most effective existing/latent features for fault lo-
calization

[176] A tool to constructing datasets for evaluating Al-based  https://github.com/yanxiao6/
fault localization techniques BuglLocalization-dataset

[139] CraTer: An automatic approach for predicting whether a  http://cstar.whu.edu.cn/p/crater/
crashing fault resides in stack traces

[151] D&C: A divide-and-conquer approach for IR-based fault  https://github.com/d-and-c/d-and-c

localization

[109] MLDebugger: A method that iteratively finds minimal  https://github.com/raonilourenco/MLDebugger
definitive root causes

[163] CombineFL: An infrastructure for evaluating and combin-  https://damingz.github.io/combinefl /index.html
ing fault localization techniques

[64] HSFL: A historical spectrum-based fault localization  https://github.com/justinwm/HSFL
technigue

[146] ChangeRanker: A fault localization tool with feature se-  https://github.com/Naplues/ChangeRanker
lection technique

[194] Ulysis: A metric to capturing the quality of test suites for  https://github.com/EvoSuite/evosuite/pull /203
diagnosability

[183] OffSide: A technique to identifying mistakes in boundary  https://github.com /SERG-Delft /mldse-offside
conditions

[143] ALBFL: A neural ranking model that combines static and  https://github.com/indigo-99/ALBFL
dynamic features for fault localization

[197] A test case resampling tool for boosting the effectiveness  https://github.com/zhuozhangNUDT/
of deep learning-based fault localization techniques test-case-resampling

[204] RecBi: A reinforcement compiler bug isolation tool https://github.com /haoyang9804/RecBi

[138] JDCallgraph: A tool to generating dynamic call graphs  https://github.com/dkarv/jdcallgraph
for fault localization

[170] A two-phase framework for just-in-time defect identifica-  https://github.com/MengYan1989/JIT-DIL
tion and localization

[168] Grace: A fault localization tool using graph-based repre-  https://github.com/yilinglou/Grace
sentation learning

8] ProbDD: A probabilistic delta debugging algorithm https://github.com/Amocy-Wang/ProbDD

[101] DeepFD: A learning-based fault diagnosis and localization  https://github.com/ArabelaTso/DeepFD

framework
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Yi Song, Xiaoyuan Xie and Baowen Xu. When Debugging
Encounters Artificial Intelligence: State of the Art and Open
Challenges. SCIENCE CHINA Information Sciences, 2023, ISSN
1674-733X, https://doi.org/10.1007/s11432-022-3803-9.

AR TR (8 &2 = o E N SF R

Table A2 AIMAPR tools (material)

Paper Diescription Website

[128] A technique for history-based program repair https://github.com/xuanbachle/bugfixes

[255] A set of anti-patterns that can be used on search-based  htips://anti-patterns.github.io/search-based-repair/
repair tools

[127] Nopol: An approach to automatic repair of buggy condi-  htip://github.com/SpoonLabs/nopol/
tional statements

[129] ACS: A program repair system to generating conditions  htips://github.com/Adobee/ACS
at faulty locations

[252] An approach that heuristically determines the correctness  htips://github.com/Ultimanecat /Defect Repairing
of the generated patches

[225] ARJA: A new GP based repair approach for automated  https://github.com/yyxhdy/arja
repair of Java programs

[259] A semantic program embedding for program repair https://github.com/keowang,

dynamic-program-embedding

[232] Clara: An automated program repair algorithm for intro- https://github.com/iradicek/clara
ductory programming assignments

[237] SimFix: An automatic program repair approach that uti-  https://github.com/xgdsmileboy/SimFix
lizes both existing patches and similar code

[245] CapGen: A context-aware patch generation approach https://github.com/justinwm/CapGen

[239] iFixR: A debugging pipeline incorporating both patch  https://github.com/SerVal-DTF/iFixR
generation and patch validation

[99] SEQUENCER: An end-to-end approach to program re-  https://github.com/kth/SequenceR
pair based on sequence-to-sequence learning

[98] A tool to automatically learning bug-fixes in the wild for  https://sites.google.com/view /learning-fixes
patch generation

[235] DeepRepair: An approach for sorting and transforming  https://sites.google.com/view /deeprepair
program repair ingredients

[260] RLAssist: A deep reinforcement learning-based program  https://bitbucket.org/iiscseal/rlassist
repair technique

[258] DrRepair: A self-supervised learning-based program re-  https://github.com/michiyasunaga/DrRepair
pair technique

[100] CoCoNuT: An ensemble learning-based patch generation  https://github.com/lin-tan/CoCoNut- Artifact
and validation tool

[244] DLFix: A two-tier APR tool based on code transforma-  https://github.com/ICSE-2019-AUTOFIX/
tion learning ICSE-2019-AUTOFIX

[224] SCRepair: A smart contract repair tool https://screpair-apr.github.io/

[226] ARJA-e: An evolutionary repair tool for Java code https://github.com/yyxhdy /arja/tree/arja-e

[97] A tool to mining fix patterns for FindBugs violations https://github.com/FixPattern/findbugs- violations

[238] CURE: An NMT-based APR tool https://github.com/lin-tan/CURE

[240] Recoder: A syntax-guided APR tool https://github.com/pkuzqh/Recoder

[263] CPR: An APR tool for network control planes https://bitbucket.org/uw-madison-networking-research /
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. e EARE%T, BeifXIEEesE/FH2R
ETKERERIERFEEMAR ArXivETRENA S B 55

Buggy Program

[ | = g e r Autention Mask oty s Model BLEU4 ROUGE L METEOR BERTScore BLEURT NUBIA
r_ T r e —— 'T—m “""'-‘. Topl TopS Topl Top5 Topl TopS5 Topl Top5 Topl Top5 Topl  Top5
\ A \ RoBERTa 444 NA 710 NA 452 NA 8633 NA 2680 NA 1490 NA

|\ N, ][001 A1 | CodeBERT 6.02 NA 4.40 NA 3.37 NA 86.83 NA 28.44 NA 27.89 NA
\ m o \ CCurie 547 1062 803 1631 622 1275 8565 87.13 2720 3723 1530 2546
"f da500aa4f Model Codex 5.53 10.62 8.15 16.23 6.19 13.15 8568 8735 2843 3792 1577 2633
@]ZI ‘ I Davinci 5.54 10.66 8.10 15.96 6.08 1249 8572 87.19 27.15 37.00 1571 2561
Lui:'ﬁ';a ; Davinci-002 6.76 11.66 10.22 13514 8.23 1513 8617 8765 30.19 3896 17.58 2881
[Sinary Crosssntopy tos ey | %gain for Davinci-002 2202 938 2540 1122 3232 1506 052 034 619 274 1148 942
LLMAO (ICSE 24) Empirical Study on LLM4FL (ICSE 23)
\ = ~ == P = 3 /_’ Ll
e — MR AR B PR E AN AR AERIELMECIoud Incidents (—F(AEEE) I AIZET
2% IEZ&EI’\Jbidirectional adapters, HEE XJFine-tuned GPT-3.x#&E!5Encoder-decodert&BY B TRFE

THEFARERIRIERATHE, ELFULAA WRERIBENHIT TR, FERFA, NEEERFEEN DR
E@'f%?%?iIJQTme&Eﬁﬁk ENL Dt AREFRERL: KRR T ELURZIRIERPE.

Yang A Z H, Martins R, Goues C L, et al. Large Language Toufique Ahmed, Supriyo Ghosh, Chetan Bansal, et al. Recommending Root-
Models for Test-Free Fault Localization. 2024 46th Cause and Mitigation Steps for Cloud Incidents Using Large Language Models.
International Conference on Software Engineering (ICSE 2024) 2023 45th International Conference on Software Engineering (ICSE 2023)
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e N ER=SGit, BEXTFERS/REIE105
= j(*;ﬂgﬁgin 1'/&1—' +

Tools / Models 555 higs)  func.  hunk  line

AlphaRepair 67
RewardRepair 48 125M ~ 20B
Recoder 61
TBar 54 =
CURE 52 =k
GPT-Neo 125M 9 6 _ 5 @ generate the entire patch function
GPT-Neo 1.3B 18 7 ; 12 L
GPT-Neo 2.7B 20 10 - 13 o . . ]
GPT-J 28 14 - 16 @ fill in a chunk of code given the prefix and suffix
GPT-NeoX 34 18 - 21 -]
CodeTS 6 - 6 - . o LLMAY
INCODER 1.3B 32 ; 32 ® output a single line fix 354
INCODER 6.7B 37 - 37 - i B
Codex 99 63 62 32 1Et
Total 109 69 74 40

Empirical Study on LLM4APR (ICSE 23) SEHIRE CXRIZES

z 7 = iz 22 e

HRARREEREFBNEEESFRIBNIE Xia C S, Wei Y, Zhang L. Automated program repair in the era of large pre-

trained language models. 2023 45th International Conference on
Software Engineering (ICSE 2023)

AR SHERETR R £ i\ B2 AT £ NDD A'**"F%iﬁ?“@n ¢’

<



T
ANEEETRITRIAR R

N



» AlBHMCTRIEMHERPETE
AIBHR R R IEAIE LR T H

iR P
Bilk
BRI

=g
AR

==
EE

GG iR
kS
A

e H
4 WETE
35843

ZAEHREENX
BEIRMRYESR
FRPETR Bl R T UASSER

AR N R &2 2 EHEN M F AR X

iR P AlER{E =k
EX 377

fivEs

TR

08,7
TS'Z7I<

_IBEF

Bk
BHTHE
AUt

2 SRR
BERESEM EHiELIE
REEARE BB MITTIEFAS

NDD 2LEE &ﬁ‘i‘“ﬁ% ;



» AlBHE TRYERHA-ERPEE
AR Ger 8 TR

____________________________________________________________________

__________________________________________

:/ - \‘I :/ _ \:
Model Type & Wron |
! : Layers . . g :
:\ Properties ¢ j . Tensor Shape gl It

_______________________________________________________________________________________________________________

__________________________________________________________________

:I \'. T _ __________________________________ .
Hyper- - Validation/ N I
| parameters Loss Function Testng

E i (T s, .
. Preprocessing _ Training Data Training ! _ |
. of Training Data SREE Quality Process e ;

__________________________________________________________________
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- EEERLER i: : e l : :
SHARESEIEE T A S (AR, - . — | e : |
270, FIR, FiERE)FHITEL, : R | i ] ! !
BIATSR AT A S e P R T, | g | | | | !

. Imagemn :::::::::

- mos W= e
I'EIQ:I: )|LA|F_ (yDTenSOFFIOW PyTOrCh : ﬁ:m Aud : _’: PyTorch I : RNN (LSTM) |
SchpgRRion, DUGEET 0 0 N e 1 1 eme 1 T

UgoREESREE, 20000 0 emmmm---- i E——
RIAIR TR R TR AT B E
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METHILCE

SD 4 Al

Yi Song, Xiaoyuan Xie and Baowen Xu. When Debugging
Encounters Artificial Intelligence: State of the Art and Open
Challenges. SCIENCE CHINA Information Sciences, 2023, ISSN
1674-733X, https://doi.org/10.1007/s11432-022-3803-9.

AR SRR &R = T 3

AN FRT A

Table A3 SD4AT tools (material)

Paper Description Website
[112] A technique to identifying training points most responsi-  http://bit.ly/gt-influence
ble for a given prediction
[113] KARMA: A causal unlearning system that uses several  https://github.com/CausalUnlearning/KARMA
mechanisms to determine the set of polluted data sample
[131] LDADE: A search-based tool that tunes LDA’s parame-  https://github.com/ai-se/Pits_lda/
ters to fix its systematic errors
[277] An error correction mechanism for NMT https://github.com/StillKeepTry /ECM-NMT
[274] TRADER: A tool for debugging RNN models https://github.com/trader-rnn/TRADER
[268] BugDoc: A framework for finding root causes of errors in  https://github.com/ViDA-NYU /BugDoc
computational pipelines
[278] DEBAR: A static analysis tool for detecting numerical  https://github.com/ForeverZyh/DEBAR
bugs in neural architectures
[270] DeepLocalize: A tool to identifying the root causes for  https://github.com/Wardat-ISU/DeepLocalize
DNN errors
[119] 175 faults gathered from GitHub and StackOverflow https://github.com/ForeverZyh/
TensorFlow- Program-Bugs
[290] 499 faults from 16851 commits in Baidu Apollo and Au-  http://tiny.cc/cps_bug_analysis
toware
[289] 202 TensorFlow bug fixes (with some bug reports) https://github.com /fordataupload /tfbugdata
[34] 667 DNN instances (including bug and repair) for DNN  https://github.com/lab-design/
repair ICSE2020DNNBugRepair
[121] 1981 commits, 1392 issues/pull requests and 2653 posts  https://github.com/dlfaults/d]l_faults
for delivering a taxonomy of real faults in deep learning
systems
[282] 59 deep learning repositories on GitHub for investigating  https://github.com/Hadhemii/DLCodeSmells
the scent of deep learning code
[201] 304 deployment faults gathered from GitHub and Stack-  https://github.com/chenzhenpengl8/icse2021
Overflow
[283] 1149 labeled academic AT repositories (popular or unpop-  https://github.com/YuanruiZJU/academic-ai-repos

ular)
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public double getPct(Object v) {

- return getCumPct((Comparable<?>) v); Buggy line

+ return getPct((Comparable<?>) v); APR tools' patch v
+ return (double ) v ; PLBART's patch X
+ if (v instanceof Number) CodeGen's patch X
+ return ((Number) v).doubleValue();

4+ else if (v instanceof Boolean)

4+ return ((Boolean) v).booleanValue()? 1.8 : 0.0;

+ else if (v instanceof String)

4 return Double.parseDouble((String) v);

+ else return 0.0;

4+ Number n = (Number) v; InCoder's patch X
+ return n.doublevValue() * 100.0;

Language model

Predictions Completions

final EndTag asEndTag() {..}

asEndTa
iy @ asStart‘%ag

Name 3% @ asComment Name 16% name 50% .Y name
asDoctype =8 toString 6% | normalName
End 0.2% \/ asCharacter _T"ag % @ asEndTag & —E -/ toString

String name = t.as String name = t.asEnd String name = t.asEndTag().|

O Generating infeasible tokens

KiRBUAR

© Hard to generate rare tokens © No explicit consideration of types

IR ER T IERAN T

AR SRR &R = T 3

HANBF T

KRB R4 THIRYE W
o BEEIR (FBERIF)
- SCI Y AERFFRHEARYIOEE
o AR SPromptI RIS HER
o YELAZERGH IR KAV token

+ AENEERREISE

i

Wei Y, Xia C S, Zhang L. Copiloting the Copilots: Fusing Large
Language Models with Completion Engines for Automated Program
Repair. arXiv preprint arXiv:2309.00608, 2023.

Jiang N, Liu K, Lutellier T, et al. Impact of code language models on
automated program repair. arXiv preprint arXiv:2302.05020, 2023.
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B TIERXI RN EEA —— KE20025F/Y=1

BE20025, JonesFHE AFIRHEIER
F' 1tﬁt.'1__l-yuﬂﬁ)dxla ' }Eﬁf‘ )ﬁ@EIJﬁRI%* :Rl«/\
RIBITERBUTHNKRERZE, LALEE
B A ZKFE R RAYTRFARENL

1% TAFEUEERE T1&5ESBFL (BT30S
HITRPEENISAN) FAERNE X _E R IERK
A, FWEIASRIERRRIERIAIA T E
R seE SR BITI AL

|

i u*

Execut ions: 32 f 300 s
s Jones J A, Harrold M J, Stasko J. Visualization of test information to

= assist fault localization[C]//Proceedings of the 24th international

conference on Software engineering. 2002: 467-477.
RS XBSERT TS
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TR IEEM S TEA — 207ZRRFRES5AEHR
e mt I [ et BT
L e ey, T YNt CRAT
o= s ga e F ~-: EISCRE(E
- - ~--: SBFLIEE(IE
| S I - 1 EERRES
L 1 -
FSBFLIMENAG LRGeS SBFLIBIEOMAOES

SBFL (REMMRPEEMITAZ—) NERRZIIERYE, AREFRIEEEAERNEL TERE
ENHER, MESEITSKER, EEZBEIERNELRIER R EIRIRER,

Xiaoyuan Xie, Zicong Liu, Shuo Song, et al. Revisit of automatic debugging via human focus-tracking analysis. 2016
38th International Conference on Software Engineering (ICSE 2016)
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ZIRFEINE (E*’%**EF%‘EP%E ZTRPE)
gl

LIT

I LJ\

SRR T
BINRIUT AN NABRE, ERIEILER.

Yi Song, Xiaoyuan Xie, Quanming Liu, Xihao Zhang and Xi Wu. A
Comprehensive Empirical Investigation on Failure Clustering in Parallel
Debugging. Journal of Systems and Software (JSS), 2022, 193: 111452

X TRPAENDIERARATH

Yi Song, Xiaoyuan Xie, Xihao Zhang, Quanming Liu and Ruizhi Gao. Evolving
Ranking-Based Failure Proximities for Better Clustering in Fault Isolation. 2022 37th
IEEE/ACM International Conference on Automated Software Engineering (ASE 22) Multi-Fault Localization
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TR RAASHRIGEM JENERER, EOET ISR ERE
1373 (BEAXWNXAG) iRERERIEREHRTES, HTSEIR S ERERIMRE.

ERFRME
EEST

— TR
ENES2

ER RN

ENESS3

FRE—MERPEfA

FH [E)—MERPEfRA

Fault- Focused Group 1

>Q:>

Fault-Focused Group 2

FE— iR R A

Passed Test Cases

Failed Test Cases
Fault- Focused Group 3
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PRI IR — LIS tRIEREESS 1)
SHRIEREINX R R

LIT

Fingerprinting Function Distance Metric Clustering Algorithm
Failure Proximity (3538UELUE)

SRR T RS, Mrg  IMENCER_RRIENAST R T CEsEs, e
EHTEE. PR RIS g;g*ﬁi%ﬁg; ﬁﬁgﬁl%ﬁﬁm FHTRE, ASIIREIEAIRE?
=) == 11 = !

Yi Song, Xihao Zhang, Xiaoyuan Xie, Quanming Liu, Ruizhi Gao and Chenliang Xing. ReClues: Representing and indexing failures in
parallel debugging with program variables. 2024 46th International Conference on Software Engineering (ICSE 24)
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@ BUTERGUEEG, Er O BRIERWURBINREFEEE
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- "1 l - = _7\;\l
7/’_”_’-’-’l’_"—’-’- TN Program ] Program Si '
@ $| J %SBFL}&* :‘ Faulty Test I II ] Memory | Conl\jtrlllftsiznal ' ){bp\] ?_\ﬁ ):||_ j.
e ‘ Program Suite I I I ] Spectrum | Neural Network ' @ ~ ¥1/E_’ ZAX
mEET=X : ‘ — : : l - | TRIEERPEIRERY
BB, FHR | Poon E3 | | 2R b
! | SBFL 1 1 — Oracle: | . et !
Yy B R ] ;:FU
A 1[%] > =Y & > simiriy STIERES
[ il | = IS @0
| f iwith Breakpoints . — | I | 1
b ! €pth 0 Cl rame '
e ——"""""""— 1 L= — = | o0 oo e e = = ¥
_________ e oo 4 b
| Clustering : o I
@ BEF1EEiH4T |1 Failure Indexing gonthm | 4| Distance < Su:;llailtyl || ER RS gt
ST RERE | Results LA O~D @*JFH*E@.\_N—WEE
RE _ ! | | T
R etk i o AR GIRTE
©RIEETEEREES 1TEE

Yi Song, Xihao Zhang, Xiaoyuan Xie, Songgiang Chen, Quanming Liu and Ruizhi Gao. SURE: A Visualized Failure
Indexing Approach using Program Memory Spectrum. arXiv preprint arXiv:2310.12415, 2023.
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KT f; BRFER M ZRIE Vi e

MI; = {bp; tVibpy 1 Vg, bt VL by Vq‘} 5
m; TOWS - 2 — | Normalization
] To RGB
= = 1
M|, BIEZER. TEEH. KMS=7THE ]
V;:ame = Vnamei & Vname; ®..0 Vnamefi ®..0 Vname; s 1 column = }_7;;;;_'(;7_,,‘ o A PMS image
[\/E] columns
Vt:ai'ue = mi’uei @ Vﬂafue; D..® leue; ®...0 Vﬂai'u.t'q
; ; ; : 18- s HOF{UUE
Vi i = Viepth' @ Viepth', @ - ® Vieptn' ® .. @ Vaepss! T ARRFHRZOEE

BARFERER 0TI ARFEE FPMS
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3164 if (leftoversf)

3165 {

3166 copyset(leftovers, labels[ngrpsl);

3167 copyset(intersect, labels[jil);

3168 - MALLOC(grps[ngrps].elems, position, d->nleaves);
MALLOC(grps[ngrps].elems, position, d->nleaves#-1);

3169 copy(&grps[j], &grpslngrps]);

317 +HNgrps;

31m }

4681 for (ep = text + size - 11 * len;;)

4682 {

4683 while (tp <= ep)

4684 {

4685 - d = difu(tp[-11)1, tp += d;
+ d =di[Uu (! tp[-11)], tp += d;
4686 d = d1[U(tp[-11)], tp += d;
4687 if (d == @)
4688 goto found;
T48@ compile_stack.stack = TALLOC (INIT_COMPILE_STACK_SIZE, compile_stack_elt_t);
7481 if (compile_stack.stack == HULL)
7482 return REG_ESPACE;
7484 - compile_stack.size = INIT_COMPILE_STACK_SIZE;

+ compile_stack.size = @;
7485 compile_stack.avail = @;

LA—13-bugigiRiz 7 /9
(7N RCUURB IR Rz 3 ERPEFRE])
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{t43,t279}

130x130
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fr79

Al* SR {7

Al* software Devel

X

{t1821t224lt252}

NDD

ﬁig?ﬂﬁgéi;tf

ent Dlgltal stlmmlt



» AIRMU TR R ES AT TE
AR REOSE A AFRESE 7 SURERSRT IR I

Participant Total
No.l | No.2 | No3|[Nod | No.5 Noé | No7 |Nod No9 | No 10 | No. 11 | No. 12 | No. 13 | No. 14 | No. 15
V:;m 2 3 2 3 3 3 3 3 3 2 3 2 1 3 3 39
S ML, 200 | 300 | 200 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 300 | 200 00 | 39.00
s MT 200 | 300 | 200 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 300 | 2.00 0 || 39.00
] Y
PMS S Ml 200 | 300 | 200 | 3.00 | 300 | 300 | 300 | 3.00 | 300 | 200 E?Z\S U REXj‘sE 0 || 38.96 Ea:s U REEI\J%
S ML, 200 | 300 | 200 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 2.00 )ﬂﬂ;}ﬂ“ﬁt }EHWUE’\J,(EE 0 || 3893 ﬁ_E , A%kjé%:z }_%— J|E'|\
Average Time (s) | 541 = 3.08 | 150 | 622 | 117 3.24 | 139 | 342 | 443 | 563 '/f.l-.E A %%E }_‘%_ JIEI\ 3 j: ;:l, ?i' % ﬁ;&B /Fifl B%_%_
T 2 0 3 2 0 1 0 1 2 2 ! 19
equal
T VAwi /7 T 5T (N
S_MF# , 199 | 000 | 300 | 199 | 0.00 | 1.00 | 000 | 099 | 200 | 199 EI:}:WT%HBEI BI% % 0 || 1895 1}%&9 ET_“ Eﬂa:l:%‘ﬁ'
Ranking list S_Mj. 199 | 000 | 300 | 199 | 0.00 | 1.00 | 000 | 098 | 200 | 199 L 0 || 1893 e
S_Mp, 181 | 000 | 300 | 1.62 | 0.00 | 1.00 | 000 | 046 | 200 | 173 1%%59%5& HE* E o | 1717 *Etl:ﬁa:é Bl BEx
S ML, 181 | 000 | 300 | 1.66 | 0.00 | 1.00 | 000 | 040 | 200 | 171 e kY ATy 0 | 17.04 - A
Average Time (s) | 1433 2537 | 1850 | 23.21 | 34.92 21.08 | 27.38 | 44.98 | 13.92 | 13.11 Z'Bia:é HUE&EE;’ L] 633 | U |bE’\JﬁW§E{Eﬁ?
o | 0 [ 2|00 2 e o2 | FEREMEE | ° | ROBIEE
S_Mp,., 000 | 199 | 100 | 1.00 | 1.00 | 0.00 | 200 | 1.99 | 000 | 200 0 || 1896
Coverare S_Mj. 000 | 199 | 100 | 1.00 | 1.00 | 0.00 | 2.00 | 1.99 | 000 | 2.00 il}]]:/?%ﬂ‘l 05.26% o 0 | 1895 84.65 %ﬂ]
& S_Mp, 000 | 172 | 100 | 100 | 1.00 | 0.00 | 200 | 1.72 | 000 | 200 00 || 17.41 85.13%
S_Mgﬂ 000 | 1.66 | 1.00 | 1.00 | 1.00 | 0.00 | 2.00 | 1.72 | 000 | 2.00 166 | 047 3.00 1.87 000 | 17.38 * Oo
Average Time (s) | 12.00 1686 | 38.59 | 20.17 | 14.26 46.63 | 20.33 | 3540 | 3431 | 2472 1478 | 2190 | 333 | 1293 | 1271 | 2193
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