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Abstract

This topic addresses the problems of high false alarm rate and heavy manual review workload in
static testing of aerospace software, and proposes a deep-learning-based automatic confirmation
method for static alerts. First, the pre-trained model Codebert is utilized to vectorize the code,
which solves the problem that traditional word embedding methods cannot accurately deal with
the structure and semantics of the code. Second, a CNN-BiGRU model is designed, which combines
the local feature extraction capability of convolutional neural network (CNN) and the global sequen-
tial feature extraction capability of bi-directional gated recurrent unit (BiGRU) to improve the fea-
ture extraction effect of the model. Further, in order to cope with the problem of long distance of
tokens and difficulty in recognizing important information in long codes, the CNN-BiGRU-Multi-
Head Attention model is constructed by introducing the Multi-Head Attention mechanism on the
basis of the CNN-BiGRU model, so that the model can recognize and adjust the weight of the im-
portant tokens, and ignore the interference of the long-distance tokens. The experimental results
show that the proposed model performs well in the static alert auto-confirmation task, effectively
reduces the false alarm rate and reduces the workload of manual review, and provides efficient
technical support for software quality assurance.
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1. 5|8

TEM S B T, A NS AT S A%y, JEAE TR, AT R GE ) n S PR A 2 4
LR R BUE S5 OO T 53 22 4 o R BCA-I 1] (212 0 DR BP0 SR B BA T, e e 5 i ik
TEFF R HAMY B o A ARRG AN SCRY,  RE B AT A 0L vl 88 0 3 R AR Rl S o AR, WA BT T R[3]-[5]
FAAE R 5 (FTIA 30%~100%) 1 M) E[6], FEUREIRIRTEZEAN THA, 387 TIEEMEA.

BRI — A8, AR SCAMUR A TAR A M B R, $R T — Bl TR FE 5 ) I F S B4 B 3
IR, BERRRREIFRO N THE TR, HRAEEECRELLT =AHm:

) BAEIREBIEENESMEd: FEZ AR CEIE RN R, AT EATHIE TSR,
I I TE S T AR 2R Codebert #4 i A BHAID A N M B RIR, MR T A% Goial # AR (A
Word2Vec)fEARS T SCERf# b (1) R BR 1

2) CNN-BiGRU HBIFgZE . 2530 45 & AR #1242 X 48 (CNIN) 1 53 35 4 HE B B g A0 0L i) 13 1 3 2
(BiGRU) 42 5 7 FI i RE 77, $&HH T CNN-BiGRU 2 , SEIGER A, LAY GEAE [F] B 4 38 = SR AR AT |
T ELRE, BERRT TEHSEW AN,

3) CNN-BiGRU-Multi-Head Attention AR . Jyist— B AR token BH AL . 5125 B
DL ) @, A SCHE CNN-BiGRU ARAYIER 5] AN 22 SkyE = JHLH], $&H 7 CNN-BiGRU-Multi-Head
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Attention FRY . iZAEARYE AT Z AT R Sk, ShAMBEEE token AL, A3 R840 B 1 MM i)
A, BRI TR R RE .

2. HXTI1E

TEFRA AN B Bh B U, B0 A R i % B ARE 5 A B (NLP)RITR B 22 ST 50K, #2172 M a0
ik, WEEWRTE T B TN AR A A R HERYE . Xing 25 AN [71K NLP o 1A RS AE R B A S
F 5 10 H S T (CPDP), @ S48 B ALK EACAS AN B AR CHS SCAF (3t GiB v e o B A &, IF
FEH T A O BT 2 4 42 X 25 (GAN-LSTM)BE AL, 285 6 A8 B 0 I 26 (GAN) A K Ji JH 12 0 4%
(LSTM)HIAL A, A RRTE 7 BB 10 BREE TR AP RS . Pin 25 A [SHR T —Fhi U i) — 45 A 4 M 2% (1D-
CNN)E5H, i BRI PR SR, D & HF R AR 72 AR 7). Kharkar 55 A [9]MIF] F &
T Transformer [ HVER JIHLE], ARV T KPE BRI @, 3F—DHem T MBI, G. ST A[10]
ZE LB RN LG (CNN) R AT HCAZ B T(LSTM), dlid NN JREURER4FAE, LSTM FiHEi [7] 7 41 {1 i
KER, AT T ARG, Sun FA[IIFRH T —FRA IR IR, 456 X0 | 110G H
L G(BiGRU)FIRFEMZ M £%(DNN), J#id BiGRU 4 I N5, DNN fRALFHERIR, BRI T B
ITNEE /1. Ansari 22 A[12]M42 H 7 —Fh CNN-LSTM JR &AM, it 42 R BB U I BB, &7
A TSRS, 8t m T AR A sh A e R . XSS FUE 2R I R R
18, ) T EESZR A SNSRI R, AT AN E R AR AR A T B AL, RIS RAR T R

3. 5k

CNN-BiGRU-Multi-Head Attention F£%f3% CNN-BIGRU W% 12 Syt & IHLHIZ 84 . S AEL
i 40 CNN-BIGRU BN Z, SR I G2 Codebert H4 4 N 1A B AR D &% #1768 4E
ermegE. A, BrmERmARERE, ACERERANN—RERZE, H—A—4EHE, WA
IEHCN 768, HHIBIEHCN 256, HBRZ KN 3, BUERECN ReLU R%, T3l AJEZ&M:, HaTX
N “same” , SRAORFRE I TERE SR . BB — R RGN IBTEZON 768 (TR I ] A5 RIRHIE 2 ) e 4
256. HoA—YEBRZ, BB 256, HHIEIERCN 128, BREKANN 3, BIEHATE 4
BRI, G RS U 256, fiIBIEHUE 128, @ S HUZ TR BRI I R SRHIE . B4
BiGRU Z X G Z B RHER T — D A0 3, RS e/ F G R, &, G ERRHEE
ZERIGZ, @ HAT I EZMNER T3k, SIS TR E T token HIBUE, 1Y SRR PH 59 4 0¢
RIEREE S, W T &R 45 M B AR RE /7. IX Rl 2 IR HISF ISR L S A AL, SEiee T
AR B SRR PR

3.1. ETFHERARY CNN-BiGRU &1

BRI E Y 2% (CNN) AL ] [ 1H 953 510 (BIGRUME RIS /3 T4 H & A L4 ONN il BRI
SAHD o (1) JE EBARFAEAR 20, AiEE S A AV E A A s T BIGRU 183 X ) s VA 45 R il PR AAS o () i
S RIS OC R, JUHOE A A8 22 4T 14 RN AR A R IS K BE B AR AE . B T 9 1 EA b
RRtE, ARFFEAH LA T CNN-BiGRU BCA B, JEIdflA CNN JEIUT R MEAT BiGRU #i 3k 1)
2R ETUEE, BRI TRARRHERISRE /. BRG] 1 FTR .

fEGERIR A Word2Vec it CBOW B Skip-Gram 424 517 it 55 S L% 6] & 25 \), 3 Lok
R, HEFE LI R. TIEAATE— 2 SCRHK IR BRI % = PR o X ik b o), A SR 3T
Transformer ZE44 ] CodeBERT TRIZRARAY, @i X m) 4wl Al H v = AVLHIsh & A BT SCAH SRR 5]
B, BB X E—HIAEANE BRSO RE CE R, R EARRS R B B RO R
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EFRSERASIIMMES T, BINZEFKH Codebert #HELT Word2Vec, AEUSHRWR 172 L)@, N
BB LT HER AN R R . BRUZ R — 4P AE, 83l d D 3B F 51 i 5 i, I
PN ERZ 0 N ETE RN 768 2 256, FEREZE 128, (R @ S HEbREI RS E I 2R FE . Ttk
J2 N3E i e RV R AR el R B R ST, PR B B 25 B IR IR &

BiGRU Z{EERZ S BUR ERRFE A F, o — D4 4 R EAHK BE SO ¢ R I8 S8 1/
HE TIPS, MR 7 AE58 RNN BB R 08, JFR A 450 A B B SUE R, SR B Rk
WA, W5, Fti R BIGRU WM H PHEIFE L 7r I de . TR 7 22 X 4y LS S 2R A,
53 RARH Sigmoid BRECS TR AR FR SN IR, AT 5 G A AR K B B

> It uey o)

Figure 1. CNN-BiGRU model structure diagram
B 1. CNN-BiGRU 18£8

3.2. BLFAEIUHEHER

% Sk{EE J1(Multi-Head Attention) 2V & A AU I, 38 1 R A WSt 1) 22 A 4 22 18] (P
“3K7), FERRAE R ST N AR B AU, SRE e IR R XA AR RE A A A RS AEYEE L[]
I OGEZ LSS, RERTE TR R RE ST, & Transformer 2L DAL Z —.

2 SRIE R INENEE HAT TR 2 NEE Tk, BRI AN 722 [ 3 A 81 22 FEAL BRI R A%
BAERSERMSL AR, ATRARE TR B RIS SCRHIE,  XMOFT B & 7 iR, it
9B VAR IRALRE ST BAKTT S, 2L AR Lo X SN P 9 AT 2 IR A TR B 5 7T 155 (Scaled Dot-
Product Attention), #8J5 R 2E R Sk A RBAT PHEAM AN A, R AEMLE IR IER T . ZRER
TINS5 R ] 2 P

DOI: 10.12677/csa.2025.154118 472 THENUR S 5 R H


https://doi.org/10.12677/csa.2025.154118

Linear

Concat

A

‘ Linear [|J ‘ Linear u | Linear U
\Y K Q

_________ EAugaME

|
|
|
|
b
| Scaled Dot-Product Attention Hjb |
|
|
|
|
|

|
|
|
|
|
| A [ T
|
|
|
|
|

Figure 2. Multi-head attention mechanism structure diagram

B 2. ZKEEDNBIEEE

XTEW Q, #KAE YV, ST SR AR B 2 Ak &R, tHREAKXIT

0,=WeQ (1)
K, =WrK 2)
V=WV 3)
TERIAN SR FPOO IE AT 40 B RO SRR AN K B8, 4T RO A RN
0K/

attention _scores; =

4)
A

RH softmax PREL, R HAHRBLE 3 AT, I INBORAEEAS Sk B RS m &, R AT

attention _ weights, = soft max (attention _scores; ) 5)
context, = attention _weights,V, (6)
R S AL BN SO PR, BT — IR AR SRS e A i, THE A 308
output =W° [contextl;contextQ;L ;contexth] @)
EVCER
d, —— BRI YERE
h ——k I

WO ——I IR AR, B T3 i ks

WS —— N RRBCEFERE, H T 58 0 A ks

W) —— IR R R, T8 ks

s PHEERAE;

W ——nI I ZRIIAE R o

N BE— PRI B B OO R IR ST, ASCEIANZ IR SN, 3G S R = AR
WISGIERE ST - Han R IE I sigmoid BRCRE 28 & BORF AL MRS O ME R AL, AR RIINEE R, IRl S L FR e
BRI, T i B 14 27 STAL A AR TR RS 15 N 2 SR ST A OGHRFAIE, B35 3T 1 WS 4 A B0
INIHETPEAI R
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3.3. BkEH

BB AR E BB ME S BN — FRR IR IO 2 H528 20 R IR, A SO = s SUR IR R R 8. 1k

BCE Loss:—%[y,~10g(pl.)+(1—y,.)~10g(1—p[)] ®)

A
N—FEARH R
Y 5 i DRI ESERRAE, U 0 51 15
p 5 i DA TR (B St Y Sigmoid {8), YEREINI0, 1]

4. 2%
4.1. BUREN A

HATHAER AN T, SREERSEMACE R AT DR SR,  H ATk Z M IR E R,
RIS FA M T — MR ETER B EMREIE L, B kIE S SARO GRS EHE SIS AL S R AT
BAE R G HIFFIRACHDS . SARO B¢ B4 52 7T 7 55 42 https://samate.nist.2ov/SARD/test-suites N %, %5 H1
RYAEAE R G R THIEAAS ALE AL SR B shis s 70 B s ) E, B 7R s i i JE8 3B AR A T 1) 1
E RGN . I E AT TR T I, ARSIk s, HFAIH Python T HJEHUEH AR
FE. 4 (GIB8114C/C++ BT MMELETH) MM R TR, MEMRARIEIT N Thnd, 4
& one-hot mtIhRas . F LA MEIR A & 18,585 kiSRS, o 6441 N ESLHEG, 12,144
2R -

4.2. TR E

A 1% ) PyTorch HESRSCHRAE A, H7E NVIDIA GeForce GTX 1050 Ti _E#EAT IR . T
B REASZHICE, ACKH Adam LGSR, F %N le-4. T3 %] GPU SRR H], 8 KE K
SEISIGAE, A SCKHEE KN (batch size) W B N 64, I W (epoch) il 16, 1E N1k ZH(dropout) X & N
0.5, PACRIERLAY GeEIk RSk
4.3. TN IRIR

TEFRA S A ANHIMES T, A ER A E R ARRY nT DATE 2 UL ER P T 38 N R 2 A g A, fir
DL 0 B ARE BN R0 #K H sigmoid BREL, PR 25 o BB ARG B TR SR U E 3

AT PP AG & LB AE #0 AS EH A BT S Rt e, AT 2 4E T fa b ik &R, B
Accuracy(MERfi ). Precision(f§%)~ Recall(# [F13K)F1 F1 53 #(F1-score). X8 —ANJE 5 SR ERE PR
B, gkimnr AR AT RS E. A7 X PUANrAE RS REZ G, ST Lo iR Einix
VYA~ F PPl FR R o

Hordr, Accuracy [ BRASE 7R B AR TR ) AERAFE FE 5 Precision 5 & TN A 1E 451 fR) BEAS v FCSIE 9 R L A3
Recall VAl AS A TG 528, T F1 0400254 1 Precision fil Recall {4 I . @it ix PUAFa bR
IEME 3 AT, RERE AN [F) AR B2 4 T pPAR A 1 70 2R PR e

P=3 TP ©)

FP=) FP (10)
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FN =7 FN, (11)
TN =3 TN, (12)
Accuracy = TP+TN (13)
TP+ FP+FN+TN
Percision = i (14)
TP+ FP
Recall = i (15)
TP+ FN
Flcore =2 Percision -Recall (16)

Percision+Recall

SR
TP ——2F i FEA LR TN A IR SR AR AR KL
FP——5 i R T N 1 SR M A2
FN,——5 i AR TN 7 SRR A EL
TN, ——55 i RPERA TN R AR A S
TPONFIESE, TR POER TN IE R AL
FP RIESR, M T Ros gl iR P oy IR R R AR5
TN REAE, T FRRBIER I 5 8 R AHL
FN B3, FF R gl iR i o R R A KL

4.4. 3FEEGFE

9T AE AT VE RSO TR A S, W B 2 AR RS . X TR R BRI R A A R 2%
RA] [ 1 E A 570 DA A SCHR ) CNN-BIGRU #528Y,  f TARAS 7 41 [ AL J7 V5 IR AL HE Work2Vec
Hl Codebert, X F7E 2 JIHL 0158 B 0454 G 1 7E = AL RN 22 S id: 7% 1ML
4.5. LWER S

A B BEE FX R R AR [ 7 v AT X bL sz ae . AF 3 BUE A ik Work2Vee HlI
Codebert XL EA &AL TR, = MEAIEES RE 1 Fin.

Table 1. Quantitative results of vectorization of Work2Vec and Codebert code sequences
< 1. Work2Vec #1 Codebert KRB F5Im L HIEELER

i€ Accuracy Precision Recall F1 5%
Work2Vec-CNN 95.80% 93.12% 87.82% 89.04%
Work2Vec-BiGRU 96.56% 96.49% 92.37% 93.22%
Work2Vec-CNN-BiGRU 97.36% 98.37% 96.37% 96.74%
Codebert-CNN 96.80% 96.15% 91.72% 92.99%
Codebert-BiGRU 97.36% 98.28% 95.50% 95.96%

Ours (Codebert-CNN-BiGRU) 97.54% 98.40% 97.56% 97.28%

Work2Vec Fl Codebert A% 7 41 [m] &AL 11 2 T 45 1B, % H Codebert AUHS /7 41 [a] &4k 75 1] CNN,
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BiGRU F1 CNN-BiGRU B A Bt F 328 FH A% 45 Word2Vec ARS8 ) F Ak J7 i AR 8L, = #4525 F Codebert
() R SCRENRRE, BERESh AR token (A AIKCIE B IR EOC R o i —BXF ORI, CNN-BiGRU #RAE %
Lifa s b8 T B — CNN A1 BiGRU &4, JGHZEfTH Codebert I, #ERAZE. K5, HRIZAFL 73
B PEF T 0.74% 2.25%- 5.84%F1 4.29%(FHE T CNN)LLJZ 0.18%. 0.12%. 2.06%F1 1.32%(FH#EL T
BiGRU), 3iF 7 HiEdfhA CNN [1)5 S RHESEELRE /A0 BiIGRU 7 5 GB35 2 & 52t 1 PR .

3 LesE6 B 4 R W Codebert AHE 741 ) &4k 5 140 L F1£ S8 1) Work2Vece 75775 R EAE: , CNN-
BiGRU #EAUAH L T BB RY(CNN 8% BiGRU) g k47 56 4x [ (R AE S H, By BLR T 56 bE S 56 347 36
Codebert fRRGfF F1 [a] 54k /7 V5 R CNN-BiGRU #8781 %f FL I = L] . A4 B IHLEIR 2 kit & /)
LIS AR ) 5 00 1) 5 B 45 SR A0 2 Pl .

Table 2. Quantitative results of attention mechanisms

=2 EBINFINEEER

s it Accuracy Precision Recall F1 5%

CNN-BiGRU 97.31% 98.36% 95.78% 96.42%
CNN-BiGRU-Attention 97.44% 99.11% 96.24% 97.07%
CNN-BiGRU-Multi-Head Attention 97.66% 99.20% 97.39% 97.78%

VER JIHUHT I 8 45 BR B 5 AL Geik = LAY CNN-BiGRU-Attention #5578 4 T FEfili CNN-
BiGRU %4, 1fj CNN-BiGRU-Multi-Head Attention i8I fEHERGZR . MR, A RIZEA F1 5% L omlte
CNN-BiGRU FHHETF T 0.31%- 0.84%-. 1.61%H1 1.36%, A% T CNN-BiGRU-Attention #%4> FI$2 ;T
0.22%- 0.1%- 1.15%F1 0.71%. X—VEREIRFH1E 2T 2 kiEE WL RIBEH, Be MASFEF25 03k %
FEAL B RS Oe 22, 5 IGO0 TR AY () Rk R
4.6. jHERSCIE

T il Sz B 32 R AR 1 [ AL 7 V. CNN-BiGRU A8 F1 %2 Skyd 2 I WL I SR b AT 30 AE , 37 ik
SEUG I E EAE R 3 iR

Table 3. Quantitative results of ablation experiments
F 3. HMLEMEESER

yi- it | Accuracy Precision Recall F1 733t

Work2Vec-CNN 95.80% 93.12% 87.82% 89.04%
Codebert-CNN 96.80% 96.15% 91.72% 92.99%
Codebert-CNN-BiGRU 97.54% 98.40% 97.56% 97.28%
Codebert-CNN-BiGRU-Multi-Head Attention 97.66% 99.20% 97.39% 97.78%

M 3 R RS E maE Bl LA 1, Codebert-CNN-BiGRU-Multi-Head Attention 7Ei% ] Codebert
RBSFF F AT % KA CNN-BiGRU @& AR IE H G A2 k& AU SRR T, R4 L
(13 FE TN GE ) 2 3 0 TR AR B R R AL R . XA T Codebert A5 41 1) &AL J772%
CNN-BiGRU & B I H 22 Sy m JI LD B 32 TH B AR M R i S B Dk

DOI: 10.12677/csa.2025.154118 476 R HURLE 5 R


https://doi.org/10.12677/csa.2025.154118

B

5. B&

TELSHAUAR, B OOV E S R IE L 08 ), RHAERU R, RS T S Al 22
EVEZROCHETE, IR, EARFSSIT TEAAE GRS . N TR KSR, HLk = AT (1 itk Hah
£, AT MR ANRANTT R o EFXFIX S 8, AR MR BAT TRE LRk ik, w7 & s
AERBIRE, JHRE T MR TRE S I ESER AL B, B FESS I THNEERS
ZARND, F R Codebert TIIZRIHEALE token FEHIMLES Ky 768 4E% v M, FoIR T &S0 AR ) J5
PR o FLUR, BRI M LS A A R 2 IR 286 (CNIN) 5 0[] [ TH0E 3A BL T (BIGRU) 45 &, $2HH  CNN-BIiGRU #:7,
ST R S A R AIME B ARG . dE—, SRR B AR R A, 7E CNN-BiGRU HHY LA
FINZ LR AN, h58R 7RG B AR S5 M AR RE 7. A 7E 0 BT i B35 5 A SR AR
CNN-BiGRU VRABER R TH A& 2 SiE B LI BTN o SR10, B FAD AT E B SRR B — . SHORMA
AT DA S SR P S RN R SRR, AR T — 0 B RIR . A T IR T SEFR R A -

SE
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