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W E B4 AR A (Self-admitted Technical Debt, SATD) WA F FEAARBARB W RAR L EZBEF, ZFEAN HiE
REMHAMZEG THRALBGHLA, K F6) SATD ¥ R4 TR Ly, L5k BEM S0 FEHEH THH SATD 75
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Software Self-admitted Technical Debt Identification with Bidirectional Gate Recurrent Unit
and Attention Mechanism

XIONG Luo-geng,ZHENG Shang,ZOU Hai-tao, YU Hua-long and GAO Shang

School of Computer,Jiangsu University of Science and Technology,Zhenjiang,Jiangsu 212100, China

Abstract Software self-admitted technical debt(SATD) is written into the source code comments of the project by developers
who leave a note admitting incurring intentionally for short-term benefits,and a large amount of SATD will be dangerous to soft-
ware maintenance. In recent years,more scholars focus on the research of software SATD recognition and propose different iden-
tification approaches.such as SATD detection based on natural language processing or text mining. However, the identification re-
sults of most previous studies are not very well due to the existing thesaurus or manually extracted features, which not only con-
sumes a lot of time, but also increases computational complexity. Therefore.a software SATD identification approach based on bi-
directional gated recurrent unit(GRU) and attention mechanism is proposed. The word vector is obtained first through the Skip-
gram model,and the bidirectional GRU network is constructed to obtain the high-level features. Finally,the attention mechanism
is used to automatically discover words that play a key role in SATD identification,and the most important semantic information
can be captured. Experimental results show that the proposed approach has excellent performance in precision, recall and F1-
score. It can effectively identify software SATD and avoid complex feature engineering in traditional tasks.

Keywords Software maintenance,SATD, Word2vec, Attention mechanism, GRU
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BTN TR PR IR, Sierra 20 07 T 241 (19
SATD #6;0 #0143 34 7 2 LA e HBEARHF 85 Zampetti 5570 347
TEAN MR F IR A T B SATD 1 48 4k 1% ¥ ; Aversano
SEUIH% SATD R4 A ARR M A 2E . SATD SBIA B 1 & —A4
oy RN, 22 B 3 Y O TE SUTE TR AR B9 42 MR 23 2 AT Y
RoAe BN, Huang 457738 3 AS [R50 B A4 18 8 R ok 4 22
Z A DU 3T 53 25 3 ) A 100 REUAR B AT B ST 5 Ternej™ 45
3 3 1) 1] e (9 AR BLRE R T S SCAR R AR, 4R T A RBOR.
Huang %5 5% JH 28 ik SR A 1 05 ¥ A D T 5 AR 58 28 501 A
7 17 8 ; Maldonado 555 i AT B 9K 1 5 AL 22 (9 Jr 23 131
SATD;Potdar 85" J§ A T4 A (9 5 =0 & W0 7% 78 1)
SATD, flfiT#fi € T 62 F U T35 SATD; Wehaibi 450
b3k 62 FRBEIUXE SATD IR IF 1 3 — 2 (1 534

SR, AT B Y SATD [ A (19 R 1 45 36 T X s 1L
GESCAR A SATD R G i o i M kR T OB R R
SATD [ $# 1 Rk i g m i r .

WEIC 2, NS i H “todo” “ fixme”
“hack” AR ik £ /R SATD, SR TR 2 R B B M AR E, @
“should”*perhaps”“may be” 4§, & F 1520 al SCA I I8 7 36 1T
fi 2> 2o Y& I BR 2R, R BRI 09 2 80 1 & S 80 &
T I I G AL S8 1Y T 138 SR JH ) £ A5 A 547 98] 1] 1 3K
TE T ) A i )

()18 LAE S, —4iE SURBLAY SATD 718 Al g 2 DLA
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PRI T3 (R IF 10 R 3C. MBS SOARIZ 48 77 1 sk T =X
B9 5 1T e 23 st U 1 ORI BL 3R 3k 7 AU R PR I8 SR AR
SATD g R IH 2 SATD Tt

AR EL TN T -

(OASCHH Word2vee H1 1Y Skip-gram 55 #8417 1d] [n] &
FR o LB AT 2 R 2 A T o A 1RV A g DR R Y ) R B
i ) B

()& X R GRU P £ FE 22 Sy HLE A 8 SATD 231
REAL, Hor, GRU JZ it X 0 26 M ik A 2 35 X img 2845 iF
TE 77 J2 D)3 3ok ASL i AH 3R 3 B AT - % 0 A E L A A5 48 BR A
TR A B SATD {5 B . DL AR B R 4R 81 3% T 1 X sl A5 4t
SCAAZE IR BT 8 A 1R A 2 6 SATD R B A = AR
FH AR . 3 S 0T 3t 3 2 e TR 01

TEF IR R AR b 3T T B0 0E , 45 R 3R W] AR SCTH7 1 1Y Pre-
cision, Recall Fll F1-Score ¥Ji5 %] 80 % L I, H i T B A #F 5%
Tiid.
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O A7 W 5% SR F A ) 4% 450 A8 0000 S g0 qm] ) o AR A5 5 4
. 514 R (Bag of Word, BOW) A kb, Word2vec 4= i Y
i) 1] AR R 5@ g A i ACKE word DA iR 2 A B ] i B S B
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HE I Wl L AR e IR ) i v L B v = o W,
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[, 7S SCK 58 F Skip-gram #5575 38 47 3] i) it R R
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H1 TG P50 28 [ 2% (Recurrent Neural Network, RNN) 4%
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T SO DG R L IR A 4 R AT PR A8 B B Y a4
o MIEER 1 PR SATD XA R, KRB ERS S
SATD 4 & R A “ should” , 4 BEAS 25 1 1 S0 4K f8E ¢
3B £33k U DR 1 25 2R 45 R AL, 18] abb XL 1] ) 246 45 4 BT A
FIF 5 SATD B 51.

R 1 AURERE R STAD #)1E
Table 1

STAD words in code comments

5 SATD 7= #]

hack for to do items only, should check isLeaf

(node) ,but that,includes empty folders
Instead that subsystem should register its desired
menus and actions

3 TODQO: this class should be moved to package

4 the new element should be created

We probably should do the whole traversal in a sin

gle MDR transaction

2.3 EFEAHNH

TER PGB 5 T i 22 T 46 B0 ] A R OF HL e — B R
JE S B RNIN f# e T B8 BE TR 2 B T, S 4F R, 85/
TI AU Y b 22 I 285 75 22 4> Uk N1 IR 23T L SO R L
PR U S5O SIS T 8 35 B R . A0, Peng 5650 1 &
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TR s Wang 4500l IR R0 ALHI BGE T 38 ¢ R 4l
HIZCR .
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Fig. 1 Overall framework of identification method
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X T AE
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X SCA AT BAL LS L A SATD 4326 4%, H o R
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(D% A JZ 44 AL 5 19 30 A 4 A B Embedding J2 .

(2)Embedding JZ : 3 Wi A 2 B9 SCA S B A 53 2B K
Xof 7 B4 ) 1)

(3R GRU J2 : B2 e iz A JZE 16 30 1) =, 2% 3 1) 4K #8
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Fig. 2 Model structure of SATD classifier

Hrb 20 B2 R AR R T,

(1)Embedding JZ

MR G0 A2 B SCAS i B Skip-gram 5 59 S A A B i) A=
BT T v, A SR AR TE B R R A (v ves o b
BT GRU P 2% 2K By A7 51 09 4 BE — B0, B A SR
ASCARBHT N ASRIEVE N o & SO B JE/NF N, U
Mz R E N, (R, g 2 B as B 0 SCA T SO 148,
A SO A S (Mask Code) 2 BH 1k 25 BLiA] 2 5 T I 25,

()XW GRU JZ

GRU My A&t el 3 pros , H B AR TAEwR BT,

DA E T E T b 7 25 B A A A A R T
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ORI TUR ] < ol D AR SR i A A 1] =
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H.Ar, oo Hadamard Product,

OFF B R TIN B SO R B RO S AT e
IFREGR R T . ERT T B B E R Ak 2 A 1 Y
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Fig. 3 GRU internal structure
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Hh DR EES
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GHERENE
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{hy sl oo
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_expM)
a, Eexp(Ml)’t 1.2,+.n (8)
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(D2

2 AR T L, 5 R e O R R
h sigmoid . 1 B IC Y i H (RDRE VR R ) BE T B A5 O SATD
BOARE A R T2 T 0. 5, A B & SATD; % U A~ 2
SATD, 1% R% sigmoid it T .

_ 1
A e e et e 10

R /IME R i LA FRIE L SATD R IR SR
[ 8 T Dropout 583% . iZ5FEHYAZ O JB AR 78 M 28 ) 46 3ot
AT 1) #4716 i W 2 0 — AR P AR TR DL

B R AR R 1437 AL B T o DA T /N X R AR IR 1) 4K
PR 2% 11 5 % pR B — 43 28 38 SURR B 2 o B8, 28 =0T LA
fiifb A
Lo.\’s:*i(y;Xlog(&,)Jr(l*y,‘)Xlog(l*&,))Jr
Aol an
b,y REAR B ELIIRRZE LD, MR R A S L2 IE AR
BJ5 U4k Bk 5T XUE GRU i 73 7 HL A0 A 5B A
KSH LY RB KR ERSE BRI 58] 2R 28R, /T
BE R B L A SOl Adam P AR RN 505 B8 ) Bl
HLES T BRI A0 5535 A1 L L BRI S0 AN 6] S 803 it 1 3 v 22 )
R DU IE W 2% il B sE
4.2 (REIIGE
M 4.1 A RLAY SATD 42 AT Bk 2 fliik
1 25 95 Sk 52 AR Y 56 T1F . DB CR B 0 P v A 4
Bk 2 BRI E B B
B A BRI T R
i - SATD T30 48 ¢
BB I QT T R AT SO T
SR 2 BG4 A S SATD 432548
B3 PRI

5 KBWHERSH

5.1 HB&EHIR

AW R T 528 1635 4T Microsoft Windows 10 ()
PYk% CPUCE3-1231 v3.3.4GHz) .16 GB A%l 512 GB A% #%
W PC ESEH I RATEHEMREY i AmmkikEeE. &
ey, X BHE A HEAT LR A3, el g 5 7006, T AR
it 30% . (RIS, R R 4R N 45 00 4R Ak B A BE AL L D Ok S G
S5 100 LB 1T 31A .

AR A B R 2 s, Hof SATD /) oy L
B Jm T Oy MR 4 2 ) AN S 465 B AR A . A S A 7 A Y
YIS 72 o g AN A S 001 4 BEAS Ta] 10 1 R AT o R 4 & ok 5
b3k — 5 W, AT R EOKAE S SefliiR e,

#2 B
Table 2 Dataset

Project Comments  Numbers of SATD  SATD/%
ArgoUML 5426 969 17.9
Columba 4090 128 3.1
Hibernate 2492 377 15.1
JEdit 4644 195 4.2
JFreeChart 2494 101 4.0
JMeter 4148 282 6.8
JRuby 3652 383 10.5
SQuirrel 4473 201 5.0

5.2 EEIER

SATD I 2B J& Z 43 24T 55, A S0 SATD F R Ky
EB,AE SATD W A, PG, A R4 _A LT 4 Fh,

(1) ELIE] (True Positive, TP) : 52 BR & SATD H ¥ 1F iy
43 SATD IREA

(2) B IF f4] ( False Positive, FP) ; 5% b 42 4k SATD H. %
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R R SATD RYEEA
(3) H ] (True Negative, TN) : SZBrJ&dF SATD H #% 1F
W42k SATD RIBEAR,
(DB Bl (False Negative, FN) ; 22 FrJ& SATD H # 5
R NAE SATD M kEAR
25 L FTIR . SATD 43 24T 55 IR VB R BFE AN 3% 3 Fr 3l .
#* 3 SATDIREH

Table 3 SATD confusion matrix

Predict
Actual
True False
True TP FN
False FP TN

AR SCR IR 3 H 1R Fl-score VE 45 Y (1% 52 I
SR AR, TR AR B B ARSI R I

K548 % (precision, P) « 8 TE ) 73 28 B9 2L 52 1E il A A B
5 B AT W 5028 S TE R AR A B0 /Y LA

TP
TP+FP

A 1R (recall s R) 8% 1E B 43 2% B B 52 IE B A A B0t 5
A HL S IE 1 R A 50 1) LA

TP
TP+FN

F1 5 8(F1-score) K& 1 3 5 A 8] 2R () I F0F- 24540, m] LU
SRS 1 R 5 R (K B, Fl-score #5181 (%) M 68 5k
LT,

12)

precision=

(13

recall=

2XPXR
P+R

VR A R A e I, A TR AT ) T AR AT ) L BIX T B
Bl SATD [ #EAS A 58 ME A H: & X, (A 0] fig S B 5 4 0 4
B AR S b 3 A A A ] BB 5 2 A ] R e B, A
BT 1] T B AR R o A o RO XS T BE AL SATD B FEAS A7 31 KA
o HAR B (R R] BE S B L 400 AR TE AL 3 5 O
WA, 38 W 7E [R) — Y v AR X e RS o % A0 A ] e, (R g
Fl-score BE ST 3 2 W R BY 1) 455 & VERE .
5.3 ZWSHIEE

ARSCTF W K VL SO0 B E < 1) FE Y AL B Min
count =5, 18 [l K JE M=100 i A FHKJE N=50,1E X
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7= 0. 000 1, ftt & K /I barch size = 32, L2 i W 1k R ¥
A=0.005, Horp, i B 09 B B AE Min count 3] il B JE M,
Dropout # 3 P, Adam 52 2 3 5 DL KA KN batch size
B ERANA s % T L2 E AL R A, B LI e Y A=
0. 005 H, A5 70 M g 35 B o 42 5 92 36 20 72 v e B AT K
N 58 ZE e B B X880 B U0 1 BE TS T A5 A
FERW A SCK RS 6 T M Fl-score 45 5 A1 2 i i 5 %5 4~
FHEEATE AR .
5.4 EIGHER

Fl-score= (14)

AT A S B0 5 2ROk [T 85 3 T B A IS [ R
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IR
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) 1) et o AR S e BCHL S ARV 3R AT i Ak R . FEARIE
AR R BRI T $2 T AR SCHC R IR 43 M T Skip-gram A5 £ AN
A% 52 T v v () TR A R 25 ) AR R R) 1) Y B U]

WP 4 Fas . S8 E £ 728 Rt BOW Az i i 1) 52 1) i )
R B 5 i Skip-gram B Az A R 1) 5 4 B R) 3 45 R
%, & 4 PRSI BRI T BOW 2B p iR 1h & 1 i a) 5 %
P B AT FEHUE AR L Skip-gram A B I i) B A B (7] 15 55000 B Rk
B F . e A, Skip-gram A5 8 A B0 B AR T SATD A
i R m T TR .
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