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Just-in-time Defect Prediction for Intelligent 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 implementation tools in artificial intelligence (AI)
engineering, and the reliability of the frameworks is the key to Al implementation effectiveness. However, the reliability assurance of
intelligent computing frameworks is challenging. On one hand, the code iteration of frameworks is fast, with difficult code testing. On the
other hand, unlike traditional software, intelligent computing frameworks involve a large number of tensor calculations, and the code
specification lacks the guidance of software engineering theory. To this end, existing research mostly employs fuzzy testing to localize
defects. However, such a method can only accurately discover specific fault types, and it is difficult to guide developers and make them
focus on software quality during the development process. Therefore, this study takes the popular intelligent computing frameworks
(TensorFlow, Baidu PaddlePaddle, etc.) as the research object, selects multiple change features to build datasets, and conducts just-in-time
prediction on the defects of the intelligent computing framework at the code submission level. Additionally, LDA is employed to mine
codes and code submission information as new features, and then the random forest is adopted for prediction. Results show that the

average AUC-ROC is 0.77, and semantic information can slightly improve the prediction performance. Finally, this study leverages an
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explainable machine learning method called SHAP to analyze the influence of each feature on the prediction output of the model. The
findings are as follows. (1) The influence of basic features on the model conforms to traditional software development laws. (2) Code and
semantic features in submitted information are important in the prediction result of the model. (3) The contribution of different features in
different systems to the output of the prediction model varies a lot.

Key words: intelligent computing framework; just-in-time defect prediction; explainable artificial intelligence; empirical software
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TP R AZE AT H B Python 3.7, X F GitHub A (1) 43 7 5K A JF 9% T H PyDriller, LDA &% sklearn [
LatentDirichletAllocation /£, 15 7% [¥] SEHLAH F] Python JFYFAL#S 2% 3 ) scikit-learn, KA 7515 [ SEIUAE ] Python 58
=77 ¢ imbalanced-learn.

AATHREPEA A R SEI0 T A0, ERREER SRR o« S TAh 3 L R ASE TR ) 425 S R0 RE T PPA
3.1 BIE&EXIS

A BRIV ER GBI B PEINAT: 25 ey, 6T 08t S 0 R0 A7 AV 22 S A4l BO%), D oy 28 B et LA I (e, AR 42128
B AIE S m Al S P B, BT DAE S PR Yang 25 POt R ESF B B TR 1 i TR R 36 T ¥, X
TSR IE 52500 i A A B i R A I () SRR, AR5 G R A R BB 4R AS 43 L 4. S A6 n TR nt1 TGS 19
ARADAZ FERTIM n+4 AFD n+5 HAIE AT AR T, 761X UK R A R a1 I v o8 2 AN H, B s
TREZE: (1) KZEIH L2 A FANTFRE; (2) IGREFRTMERAE 2 [WA7ELE 2 S A HI IR, 7] LLGRIEIR H AR 5 6
B 78 43 M T R BT R B (3) 2 AN H IR s 1) 1) [ A CAGRAIE I 2R B8 A A2 6 22 TR B0 FH T N GrAsi Y (4) Al 17
A R BB At 38 AR R AT TN R UE AR 4 R ) ] S
3.2 BURTmALIE

AT PRAE ST AR R IE S5t B 2R 1 m S 1k DL SR 1, 0 T K o3 IR 4R, T B MR AR DG R SR 2k, A
SCAF T —Fh A SRR R 77 1 AutoSpearman®", % iR A P AR Spearman FRAH T vk T A S MR T 19:
AHICPE, 4 F VIF V5 e b 53 22 T 2L 2k . MR Kraemer 25 A PR AR, % T Spearman AHIC A AT ] 0.7 14
(R NRFAEZ 1] (K SR A S, M+ VIF 2 B3RS, (AT 5 4100 B fE.

2 )5, il SMOTE A BEZRAF 4. Sy T R A JIT e BRS04 (1 T v Jo v, AR SC 2 2% S i TAE I, B
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T =PSB PATEOR. (TR JIT S B £ 42 i sl B 48 A8 FH AR SR [ 38 S AR bEORAS 0 11, DR R ACE I 58
i 1R SMOTEP Sk AL B A4, SMOTE #0447 LA B 8R: ¥ 58, SMOTE tH5— 41/ B0 k IL48; X5,
SMOTE BEHLZEFE4 s I [l S 1X 2640 s A B3 S 5 J, SMOTE K15 i SE9] 5 2 ORI SR A AR GG o, BLZE
IR 2R T S B AR SO SMOTE [IERIA R 5. BT & Bl & 5B I SE IR B, 500 & v BT JIT Spa
T g S AR N B,
3.3 RAEEE

ARSI T 2P0 H I 525488, @RI, PR, BN, 458 RN SR LT, 5 K%
) TAESER A, BT LAA SO BB LARARAE N 23 588, 34h Yang 26 A\ PO@ 36T 6 AN TR H 1 K sz
UERTFT U LR AR b T 4 JR A (R PR R, JR A2 11 23 28 P i L4 R 222, BT DAAS SCASE AN 30 H R I 2 B 2t
N4 Je JIT e pR.
3.4 THREREAR

PEREVEO R AR RE 8 FI BT — I IF IR, BT A SO g R 2 F T A AR RS 44 h 2 B S H ok, Ji T =
IR h T E ML A R R e, % R 2 B FR: F-measure F1 AUC-ROC, Precision F11 Recall &%}
FIE W EE L, — R UL, Precision i), Recall (EAXATAMAK; T Precision {EAKIT, Recall (HAEAE sy, 470 8 A5 B
1=, Precision i, 73 IS EAR BEAREY, Recall fisr. A T ReM8 25 & 25 [RIX AN EAR, F-measure 3¢, X Precision
AN Recall fEOMBLRAI-1, W22 3K (2).

2 X Precision X Recall
F-measure = — 2)
Precision + Recall

AUC-ROC [M{ERI 2 ROC HiZk I (FITHIAN, &5 2K X o M BE D 10 B 5, A ROC HIZR MM R &5, D AUC
(TS 1 32 1 T M A AE B AN ST i, BT LA AUC b T AS P47 ) Bl J2 5B 1 7. AUC-ROC i iy, 5277
FEDK I IESRANGATT T B, 7 R ik B FUIUAE 3 Ay AUC-ROC fE KT 0.7 I 43 S FUIBERL P: fi v vp
AR R T AE SIS, A SCRI ] SHAP AR BERL, T STRE MR GEXT R4S IR STRR L, 35 SHAP 518 &AM
TEXRETY S SR S0, LAE— 25 53 T AR A IR A7 JE X BT Bl o 000 R 2 Pt 0 1 5 .

4 TR

4.1 RQI1: KA ERHITE N B R LUB T8 se it EAE SR BIET SRFETN

X RQ WRFURIELAGE AT B RS 2 00 & B SR B B HESE DB . T AR A G IR B, A rl
— M TR e SFHEZE 1) RIS SR B T, 752, FH LDA 50320 5l A= AR R 2S5 B 5 AN 4 AR ) 5
AL fBE], BARME Bngk 4 F3 5w, Hod ot (code theme) fE MR ANAE SCAAE A 5 AN 3585 mt (message theme)
SERRIR AR S A B AR 5 A T DURASAE B oA, AL 5 rTLUA A8 13 5 GPU Al XLA [¥#§AE, 128 2
W ARG AT AN 55 (R SEBLFN [, 280 3 30 4 () BN ARG FP RO . Dhe kg gy, Horb 80 3 5
S, A4 SEAE A, A5 W ROk E . 10 IR SEELNHOR G, TR 4 AR 5 1) 8 5 R GEHE AL
(Rl 250 F 3 e B AH G, BRI AT L2280 AR AT E& A A5 B 1 BIVESF B B 0.

R4 AR S ASTEMTHT 5 S

75 ctl ct2 ct3 ct4 ct5
1 shape inputarg tensor name arg
2 hloinstruct attr tfoutput  tensorflowcor membermethod
3 hloopcod dtint option dep argspec
4 tensorflowcompilerxla  typettr shape node varargsnon
5 shapeutil outputarg func graph keywordsnon
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H5 BRIk S AR 5

JF5 mtl mt2 mt3 mt4 mt5
1 xla op function file function
2 oper compat gener disabl op
3 gpu commit op version tensor
4 intern forward usag make call
5 hlo roolback llvm target input

4.2 RQ2: BIATELPETMAE B A4 RE

S T B2 RQ2, RSO S 430 3 41, 55 1 A SR 00 R T SRR 14 AR B AT B EA TN, 21 Base; 25
2 JSRIGAAE ] LDA 5 AR A SO AR AE AT SR KA TR (BLHEE 3 (MARAMEEAE), 1E4E LDA; 28 3 41/ 54
HIGEERE BRI 1 LDA = S A K8 SOB R R IE HEAT B SE TI, 12 1F Base+LDA. K ARSI ) L R & ATt
8PS F-measure {71 AUC-ROC HE AP X 57 R ek RITHRF a5f B 00l AE 2 1) 7 280 1

A5 P L8R A A S B B Sl B TROI RS 2R, %o T4 b SCR () 4 DN BARARIEAT T HRAIE. 5340, A T ORAIE SE 56 1) ml 4
PEANEE AT T 10 IREL, &5 KB PRME, mA gLk 6 s,

K6 BIRPEREXTLL

HELL il F-measure AUC-ROC
Base 0.7050 0.7460
TensorFlow LDA 0.6231 0.6500
BasetLDA 0.7161 0.7610
Base 0.7301 0.8063
MXNet LDA 0.704 6 0.7650
BasetLDA 0.7316 0.8074
Base 0.7139 0.7760
PaddlePaddle LDA 0.6275 0.6647
BasetLDA 0.7180 0.7830
Base 0.7469 0.7063
Mindspore LDA 0.7622 0.6629
BasetLDA 0.7735 0.7277

FRAE 2 6 v B 25 R, P LA H A P BT A e B Tl 1 3k R 482 if, AUC-ROC 3K T 0.70, F-measure
MWAE 4 0.70 LA_E, 1R A k) LDA FE =47 Tl L 0 — A%, B [K AUC-ROC ¥ R 0.68. H2, 7F 14 /M
AFFAE A NN LDA AR RFAE J5, AN RIS ERBE T o F-measure IIPEBELL B AUC-ROC 13K
YA 0 AT FE BT BV AR, SN LDA B #T )5, AUC-ROC S PERE T LA E] 0.77 4247, iTLA
ARTEFIEEAE AT BN 43 B T LABR s 8 R T S50HE 24 %) Rl B Fovml rr) 2 e, 9 B R 27 1) 1k RE SR BILORAIE T )5 A 24
R T A
4.3 RQ3: {2E f E4HEBE M THRE TN R0

T IR ), AR SO TensorFlow s 88 i i) — AN S48, 48 SHAP X Sl d-AT iR, 181 2 o T i
SHAP Az Bt 2 SE B 52 M 55K 1) 10 AMEFAE (1) v AL AR RS . T3 ANRr 2 14 SE B, B B 28 i b 45 5 4 0.385 (0 3R
INTGHRREA, 1 RIRGREA), BT DUZSEAS I T &5 5 8 To ik,

B 5E, A3L5HT nd, age, nedv, 1t, la S5 FEARFAEXT TR K520, MK 2 0] LUK IR ndev, la X5 T 551
TR IE DR, T nd, age, 1t XFT-HUNAE 5 0Tk, BAKRE, Q1 nd RORA RIS SN B 80, B o B 8o
2 P AR IR LB 2, AEIX A SEBI T nd=1 B AR AR AT S UE ST —AN H 3R, BT LUK T8RRI = A4 1 5Tk;
la FARARRARAL I R F A ARADIATHL, 3RA8 AR AT B 2 7 A e B 00 W] R R e, 7R 6] 2 o 1a=83, AR IRARAS
AR LA 2, BT LUK TR BA TR 7= AR A I DTk, SR 0, JEAR R IR A28 [ 5 MR A2 155 5 R A I R AR ).
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f@)=0385

miS=0.691
nd=1

age=14.557
mt1=0.029 ~0.09

ct1=0.963
ndev=8

mt3=0.029

1=818.5

1a=83 B oo
13 other features -0.04 ]

01 02 03 04 05 06 07
E [f(x)]=0.566

K 2 {#iF SHAP 4 1) TensorFlow [{)—> JIT G Fg i) <45

ZJEPRTT LDA T BRI 78 A AR A TR B T () DUk 2 @ I 2 W DL B mieS MEER L K mi3 A
L 10 7= A A IE DR, T mel BESR l B (07 2R A 4R DTk, X SR8, L BIR R S, 1, AR 3
[ ARRE R AS B 2% B th Lk B, BRI 28 2% 14T 0 3R W, 5 R Th e HoAR 4 W F GPU $4E IR TR 4R AC 14 8 [ B R
], JX — BRI SCHR [5] AISEUEREFEARM) A, BUAZ oA E I Dh RE S ISR PA 2 T A0 . 22530 8 o B ) ol .

T AR R — S0 R, A S bl T BEZY b SRR 0 DR B HE

3 IR T AR SEH T TensorFlow kB 52 55 K 1) 20 ANRFAEJE P, M A ml DAt o T4 78 S i £ oK
(FIE B PE 2 1a A0 1, 17 LDA = U BRI 9 75 1 SURFIE 1 mtS, mt2, mt4, ctl, ct3, mtl, ct5 BJ7EHT 20 [¥)7 41
rh L mtS TR () TR 45 SR A S B .

T IAE EIR R I A, A S AR AR JUAN B (4 DR REAT A3 T, 25 10 E PR I TR A HE
il 416 6 Fras. A T ARG AR B EAS SR RRAE DT AR BIRRAE DTk 0 R E R, A SCAE A Scott-Knott ESD (SK-
ESDP™) HERAE () T B REAT S 5. SK-ESD 24T Scott-Knott 2 SRSV 14k, Scott-Knott 2 R EESE
AT DK 22 P AR I SR F A 3 A HEAT A0 LR, I 24 AR R 4, A — A Z MRS 25 AR
2%, SK-ESD 7 LAl Lt —20 4 3F T RN AEA B A, HE T AR WA 0T 2 e B35 1. A
41 6 TR IR ) SK-ESD HE4 brik AE R E 44 I HOF5 5 .

High High
la(l) ey la (1) F B S By
Q) ————% ct5 (1) f |
nd (2) | R S entropy (1) | 3
rexp (2) | +— exp (1) | =
mt5 (3) b & ndev (1) | —+-- -
ndev (3) + R — d()}- Ce e
ctd (3) + ns (2) b ¢
fix 3) b * ° age 2) -+. o °
age (4) - et 2 ctd 3) | | 2
mt2 (4) | -+ - test (3) | | >
mt4 (4) - -+ E| doc (4) | | E
ct3 (4) 1 = g fix (4) | | s
1d(5) 4 = mt4 (4) | | =
mt3 (5) F 4 mi2 (4) - |
ctl (5) + ref (4) 1 |
test (5) F + mtl (5) | |
doc (6) + | mt3 (6) | |
ns (7) } e cll (6) |
build (7) f + build (6) | |
com (8) | -—4 mt5 (6) + |
L L 1 L L L Low L . L L L L Low
-0 -5 0 5 10 15 ~300 —200 —100 0 100 200

SHAP value (impact on model output) SHAP value (impact on model output)

3 TensorFlow HEZE [ SHAP H{ s 4 MXNet HEZE[1) SHAP H{ &
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High High
la(l)+ = p— ndev (1) - +
entropy (2) F B et la(2) F t
sexp (3) 1 e rexp (2) - -1
ctd (3) - -4 3 (2) {
Q)| ———— entropy (3) | %
23} — it} +

ndev (3) | —p——o ct5(3) F {

ctl 3) F ¢ . 1d(3) + + .

mt3 (4) + = age (4) - + =

mt2 (5) - 4+ > ctd (4) | s

1d (5) [ £ ns (4) | i £

ns (5) | o E ct2 (5) + | i}
test (5) | 4 mt5 (6) |
fix (6) | + mt2 (6) | |
age (6) | ++ =———p——- - mt4 (6) |
doc (7) + B mt3 (6) |
mt4 (7) - o= fix (7) | I
com (8) | e doc (8) |
mt5 (8) | - test (8) {
ct5 (8) + —4- ref (9) |

L L L L L Low L L L L L L L oW
=5 0 5 10 15 -150-100 =50 0 50 100 150
SHAP value (impact on model output) SHAP value (impact on model output)

K5 PaddlePaddle HE42f¥) SHAP H 5 & 6 Mindspore HE4Z 1] SHAP #{ i €]

i WL T LA BLE AR [ 08 R HE 4, AR [P0 0 A 6870 00 5 S5 1 5t AR [0 £, {1 1 7B A
Y AT TR, L SK-ESD HE44— 14 1, 3K W AR ACAT $ire e b 1) T AT 26 B2 S . B A AR R A T
K 2, R BRI TR AT REAE R K . X T IT R % K, 75 S5 SRR SR AT o, 5 R S P AR A AT B KRR AT ok
PR B ()77 21t 7 B S YRR T S L 2 TR T MR R 7K. 53 4, 3 ik W AR IR AT 135 S
REAE 40, T DA H AR RS 135 SOV SCRSAIE 0T Tk B T30 (0 LA R T BRI S (FE 4 AN H o,
IIFEREAATT S (OREHE T IR, 35 SK-ESD HE44 47 F 1 45 3). [, 75 DL A FF o P A S H b b a1 gl b o 4 2
I, AT L SR TR R S I R SUAAIE, St — A 418 v BRI (1) T .

5 1 i

SCHR [5] 38 S — A B RS T STAE AR (TensorFlow) R AR 215 MU IE 22 85 B JU AR RSS2, BV S0
S I gy 2 80, T 5920 0 o /800 R, A SR8 BB 5 o Ty 925 A 18 R 80280 A E 2, DA 2 17
pr RN LA B Ao T B S A ) TS R R R A R I A R Rk B T B ) A2 0 L RS RQ2 1
S 28 BAUESE T 00 T8 S VT SHE AL R R R b B L 590 R e AT 4%, 7 0 P LUREER I ) 77 42 P2 T
e i ARSI 7 24, th AT LA ASE PR 6 % ek 3 o 6 B ISk YR 16 775 S B SR A e 1 T

SRTTT, VA A 8 v M 4 5 5 3 0 A B 5 T A 6 2 ML Ak, B Tt L — 2 e . 4o,
T 5 R I R R 7T, TensorFlow [ 1R 1528 3 Hhy 57 Ay ik 00 55 1) FSUAT A 200 ) 0 U, Ik R L e
DLt 4 P 2 R P il B A R B 1. PRI, K SC5IN T LDA R, O 1 L 1o AR A 1 B A AR A 4
A2 10 2 RSN A A T B IG5k B 90000 v Ml 54 AL A B ) . 7 RQI RS SR rp, A5 2/ B 4 (451
1 o3, mtS) 2EACHS - BRI AT 5 T 3K T3 8 (tensor)” HMS AL, 7R AR BRI AT SR E b (B ot2) 3K T
“HT (type)™fs &b 75 RQ3 IR FLENE S HT T, TensorFlow T 1) ct3 Al mt5 [R5 F FEEVE L, 4 At ST HE SR
AP R AR E AT S oA BT AARBR. 1S5 82 TAE R, AT 5| AP . JUBIRAT 45 S o F RS o
2 (A S, O B S HE 4 P e TR AR A 7 30— 25 R R AR A

3 PRIV B A SR 7 B A PR AR BURI AR [ ot S W TE T B ) e B TR B 5 Fro 5 i TR . 765
X A 20 R G HEAT SEE ST A r O, 2 R LRV UG 1 R0 78 M 0 D £ 000 TR o A [+ P 4
R, RS ATRA—E MSE 0k, BIAR S SCPRROR (nf) HIXHARREBEBhFR (la/lt T Tunf) S P50 BB 48 48 1
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BRFAE. RN TPV, B Re T SOHE L A Bl b B AR KA R BT LLE La 0 1t BE SRR TI00, 12 S 2 451
BEPESYIAE 4 A (4530 A 3 AMHESE T HER BT 3. B T RRAE B BE I, BRE of $84R A S 5 ARSI TN, (2
i AR TR AR DGR AR (140 1as nd) 53R 2 HEAG IR S AR AL, (RN, AR SOt R ILTT & % 4k (NDEV) FFAE7E4
REAHE SE B BE TI0 b (0 T PR, A 4 ANIRE TR 3 AN HEA AT 3, (R STk [11] X T IR AR R g, eAT8)
A TEERFE. X T NDEV, SCHR [11] 78 & b3 b A B e R 2 B 0 RV, A ATTads 10— 254000 s Mk 3t H 0
FRIEI0 H ARSI FE AN A2 S BOX R STl AN A (0 B . AR SCIO T, B NDEV SR8 1) 53 k4 i,
BT T B i il BT 1) (1 5 SR PRI B S, 30 TAE R IR I S B S AE TR E B AL A Ve S T T
Xt GitHub JF R # 1T b 3 i i B, 8 e vt SEHESR b KRR A w) S P02 3 SR, (Rt IR th [l i ply 3%
T DR, IX P BT 1 X — DX i P i R 70 8 PR ity b, AR S8 i () AR AT S A8 FHYRAY 3 8 i th 345
T R PR HE A HE 44, ORI HE A BB SR TN AT 55 o 5 I NARE N 55 A A 5 I m A7 A S DL
1.3 7).

6 BRI

TEEAARTE M B, ARSI I S B ) BT A bR ac A8 ARG AR T, Jfalad SZZ Sk R I N BB AR T, T
Fric e E AR AETE. SRJ5, SZZ 7EFRIC T AME S A AR T I 7] BEA7E T M, S EURBA bR i B A e R 22, (1
AICIEE 1. 5 5 AEENT 100 NMFEAREAT T HRER I, AILEA 1 N B FHIRAT, X — 45 R e — e R A3
PErTEEME S G e TAE VT RETR ZEN T A ARG AR RN 22 5 B #) st il B A5 dim AR AP AE M, LAt — 2D 3R - 4 10
A AENE.

S FRAHE I3, 4SO B PyDriller 1R LR &0, 1% LR AT DA B IT RN A28 A7 8 R 01 3208
TR, AR sklearn SZHL LatentDirichletAllocation, SRiE— 254 i 35 Y = 8 ME 240 AE 1) v] FE I 46 T H v g
AEAE— B W SEBR ZE, (HE A IR ORI DX V2 A 1) T, JERTSEPEE —E fRF.

PERSEIRY 5 SCFNIG UE I FE o, AR SO0 B BEAT P04 20 5 4ch 207 0040 AN T~ 48 1) 0, ) T WL =3 R a8 4 m] )
FOEHAT R 2328, IF 2 S SR O E R BEAT B PPAL, DALk, 1 REACHE A AH R R S 1)

SR, AR SEE RAE 4 NI H TR, L T AN 2 19 TensorFlow. /% KRR BE T HAHESE, A
SCI A I H 4 M\ GitHub 3038 Gitee [F 7 ARG FESREL, (R a5 250 R B v BHELE, e 75 ZE — 2L H]
TR E B I EAN G BRI A Re T SONE e b Sl S IR AC SCIR P g

7 B O&g

ARSI P20 REVH SRS AU G2, B TN 14 NIEARE BT 1 Hdin 4, SR 7T RTINS B B T it
TR BT SIAE S, AN, ERIIG B AR Al R LDA R BR BT v A8 1 SURFIE, PRIV A28 (5
SO BV IR Sk o TR A . S S5 AR, Sl I 5 AR AR AT B R T AR S, T LUK R T g
R 3o, MRHE SHAP 73 B 18 2545 ik Jes 10 A 224 000 4 114 () o ik P2 R0 IR, . 17 DASRAS 2R AT HON AR (K A
AR RAT S KRR TR, AR AR A S (98 £ SCAR X i Fl 9 LA — 5 (4, X AR (1 4 A i 2 Al
G RFAE A A AT (L0 o T R

FEARRI AR, B 5675 I8P 7R RETHMESL A B 8, DUSE LS AR TUARE RN SR AZ A5 ST BIY I ot o F 00 A5 714
A7 AN PR 35 P . IR G B IR P2 ST BOR, AEAR S5 R AN 35 Y 1 77 10T, S B e A 4R Pl A 0 S B A
5, 2 o i LA BRI A e o FOUUABE 2 11 000 5 R
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