A 3R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software, [doi: 10.13328/j.cnki.jos.006874] http://www.jos.org.cn
O (BB 2 Bt B A1t 5 BT ROBLT A Tel: +86-10-62562563

T ) 8 Al A 22 4 B S s o)
B, OREE, ERL EWE ¥R

(GEARBTRY HHENBSS5TRER B 200237)
B EERE, it E-mail: {yhq,gsfan} @ecust.edu.cn; T, E-mail: hzj@mail.ecust.edu.cn

H OB AAIFRIRLGOENTL AT EERLCALS KK 2R R, L THEES FTALFRGA K
FREXRTE ARG ITRT AR R AT AR LA sk bt ,— 7 @, % e T AR R A i KR 3k | «D“Ju’xli]ifz B —F
B, 5 GBHERE,FRTEERSARERETE, AR E 2 S TR LR F AT HRZI— P AAH
0 TAF £ 248 A ALK F BRI 18 A%, 2R i 3K £ 0 ok R AR SR ILAF . R AR SR TG 690 e 7 45 P MEPHT%&J‘F
RAARF I FF A H K EHMARE. B, AW E A s F R a9 % A8 7t HAE 22 (Tensorflow, B B %R 5)1E A #F o5t

% IS YT P A AEM) I HIR R A KD B LR FI AT A T AR 42 B AT BR Bt SR S TN B S R s Ak E4E ] LDA
F A AT KA Fo XA 4R SAF EAF A A 69 4545, ST AL B R ALAR AR HEAT L. 28 R A 3L AUC-ROC -F318 A
0.77, L35 SUAZ & T VAR AR AF 70 PE A% . ﬁif AR BT FABALR 52 3] 77 % SHAP 5 A & 45 4 B 1k 3 A2 A F50) 4y
89 %ok, R L) AR AR AR 3 T AL A 69 % vk 35 O A TF KL (2) R 2D Fo 4R AT & 69 35 X4 FE 3T 4 AL 69 0
MEFHEZZH0,3)T R % %“Féﬁ?ﬁfrﬂ%&iﬂ%*"%ﬁ«mﬂ%m G AR EHES LA K E S

KR AR T AR 42 PP AR 1S TN T REEE A A A SRR S AR

FEESHES: TP31LS

sl A B, BEERRE, VO UtAE, AN VE, B AN T R RE Th S0NE 22 10 BB Bk B T . hitp://www.jos.org.cn/
1000-9825/6874.htm

5| HH#3: Ge J, Yu HQ, Fan GS, Tang JH, Huang ZJ. Just-In-Time Defect Prediction for Intellignet Computing Frameworks.
Ruan Jian Xue Bao/Journal of Software (in Chinese). http://www.jos.org.cn/1000-9825/6874.htm

Just-In-Time Defect Prediction for Intellignet Computing Frameworks

GE Jian, YU Hui-Qun, FAN Gui-Sheng, TANG Jian-Hao, HUANG Zi-Jie

(School of Computer Science and Engineering, East China University of Science and Technology, Shanghai 200237, China)

Abstract: In recent years, Intelligent Computing frameworks have been widely applied as Artificial Intelligence (AI) engineering
implementation tools, and the reliability of Intelligent Computing framework is a key factor to the effectiveness of Al implementation.
However, the reliability assurance of the Intelligent Computing Framework is challenging. On the one hand, the code iteration of
Intelligent Computing Framework is fast, and testing such code is difficult. On the other hand, unlike traditional software, Intelligent
Computing Framework involves a large number of tensor calculations, and its code specification lacks the guidance of software
engineering theory. Existing research mostly employs fuzzy testing to localize defects in order to address this issue. However, such
method can only accurately discover specific types of faults, and it is difficult to guide developers and let them focus on software quality
in the development process. Therefore, this paper predicts the defects of the Intelligent Computing Framework at the code commit level.
We use popular Intelligent Computing frameworks (Tensorflow, Baidu PaddlePaddle, etc.) and build a variety of commit-level features to
construct datasets. Furthermore, we use LDA to mine code and commit semantic information as new features, and then use Random Forest
as a classifier to perform Just-In-Time defect prediction, Results show that the average AUC-ROC performance of 0.77, and introducing
semantic features slightly increases the performance. Finally, we use a machine learning model explanation technique called SHAP to

analyze the influence of each feature on the prediction output of the model. We discover that (1) the influence of basic features on the
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model conforms to the characteristics of traditional software development, (2) code and commit semantic features are important in
Just-In-Time Defect Prediction of Intelligent Computing frameworks, and (3) the contribution of different features in different systems to

the output of the prediction model is also quite different.

Key words: intelligent computing framework; just-in-time defect prediction; explainable artificial intelligence; empirical software

engineering
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