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Abstract Existing approaches for deep-learning-based data race detection are suffering from the issues
of single feature extraction and low accuracy. To improve the state-of-the-art, a novel approach called
DeleRace is proposed to detect data race based on deep learning model. Firstly, DeleRace extracts
instruction-level, method-level, and file-level features from a variety of real-world applications based
on static analysis tool WALA. All these features are transformed by word vectorization to build the
training dataset. Secondly, ConRacer, as an existing data race tool, is employed to identify the real
race. Based on this tool, those positive samples in the training dataset is labelled. To further optimize
the dataset, DeleRace leverages SMOTE algorithm to distribute both positive samples and negative
ones in balance. Finally, CNN-LSTM model is constructed and a classifier is trained to detect data
race. In the experimentation, a total of 26 real-world applications is selected from different fields in
DaCapo, JGF, IBM Contest and PJBench benchmark suites. The experimental results show that the
accuracy of DeleRace is 96.79% which is 4.65% higher than existing deep-learning-based approaches.
Furthermore, the performance of DeleRace is compared with that of both dynamic tools (such as Said
and RVPredict) and static tools (such as SRD and ConRacer), which demonstrates the effectiveness
of DeleRace.
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Fig. 1 The framework of DeleRace
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Fig. 2 Text feature vectorization
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Fig. 4 CNN-LSTM deep neural network model
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FEARFEATY 78, 97 50 S5 B I R AR 1 T3 1 4%,
BBUN 25438 A~ Lusearch 2 ¢ K B A4 35 i I 4 7
7, AR N HEA B £ . 388 T 5683 4>, 45t
SMOTE B4 55 e FEAR S 2 11 336 4. % F
Rax JEHEMXRE 7, W] HAEHCT 23 DI ZRbEA,
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%3t SMOTE ¥ 78 J5 I ZRkE A3 fin 2] 36 4>, & 16
ANV R P R R U R AR B D IR L T

oAl LI R L R B AR & S Y T e
Bl 1) Y Bl 7E 98~4618.

Table 3 Training Dataset

F3 IGHEE
BN R ¥ Ty B 4 4 RIGFTH BIGEREANE PR INGEREANE
Animator ??] il TR i i 4 AR Y T2 LB 1 1397 161 304
Crypt-2!! IDEA Jin % %% 599 386 768
Elevator[??] HL o 8 R vk 1155 960 1850
Lusearch(2°] AR T A 49785 5683 11336
Lufact[?!] LU P 43 fifk 3.3 806 326 648
Moldynl2!] T B SRR )T 815 695 1386
Nestedmonitors?2] W A Ak 70 50 98
Piplinel?2] L 75 52 104
Rax[22) EZ 3 RS 52 23 36
Readerswriters22) HAER L 285 193 382
ReplicatedCaseStudiest??! ZRBHEE 890 424 844
Series[?!] o L R BT 476 796 1588
SOR!2Y R b 32 AR 72 499 95 184
Sparsematmultt?! R A A o 3 9k B vk 497 529 1054
TestRace 2] A B 1) 22 R RO 7 217 128 238
Tspt#?] fift e il A R ) AL 0 450 2315 4618
Bt 58068 12816 25438

A HH T HE DeleRace iR 4 (4 I & 2 %
BT A5 B ax 2o R P R BRI T JGF™Y,
IBM Contest'**', PJBench"*! 3 v I i 72 |F* & 1. 7¢
Account, AirlineTickets, Boundedbuffer & 10 > %t
HERR 7 b 48 IO 98 A5 /E 4 DeleRace 9 T 32 4.
Fe A v TSk s ) AR Y R A B T A A R

H. A Boundedbuffer $fi it 4 7= & 78 28 & ik, 2 0T
A AR B O G R A B 2 0 R O, 3R 4R R
599 ZcMEXFEA ; Critical J& A5 U £ 72 2R 5% 19 ] 3
FEF S T A HEEAR 7 b $2 O R A Je D I R Y
HA 11 2003 5 A a2 e A D0 3R A A
25~403.

Table 4 Test Dataset
F4 MWIRBEE

HREW: 354 RIS T BU A% AT A AR B AR A B

Account??] Mk PR R e 87 143
AirlineTickets 2] MRS R G 83 139
Boundedbuffer ?2] A T S 334 599
Bubblesort[?] B HE T ROk 274 177
Bufwriter[22] EZo i3 UNR S PR YA 199 88
Critical (2] XL T T S5 U L T 63 11
Mergesort!22] UH I HE P 43 12 298 25
PingPongl??] SRR T 124 32
RayTracert?!) L IR ER TR 985 103
Weblech!?3) Java SEHLIY 3 T 48 T H 1464 69

B 3911 1686
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2.3 HREM

TES g FATER T 6 AR ST H) B (research
question, RQ) , i i [F] % iX L& [a] Bl X DeleRace J7
BT IEAR.

RQ1: AFEFFAEAE BAE N DeleRace fi A {5 B X}
B T I 45 SR A AT 2 5 2 R B TR LR RE
Ak % A M5 B, . DeleRace B4 g < anfaf 2

RQ2:DeleRace & 75 fe 1 it 75 250 b 46 1) H 5 4
B

RQ3:DeleRace 5= &0 T B A 1Y 2 TR FE 4%
R 0HRE B A A T L, 5 A 0 R R e 2 0 25 A LG
DeleRace 19T £ 4a] 2

RQ4 :DeleRace 4& B0 T & 50 19 2 T 8 &8 7 b

8 030 3 A A I T AL

RQ5 : DeleRace #& & T 4% 48 1 2 T #0245 70
18 B 40 T P A L 2

RQ6 : DeleRace 1546 I £ 415 55 4+ I - &8 53 15 (8]
P BE 2 B an ]

RQ1 S /Y 2 A [a] R AE A7 2 X B 52 4 4 il
SERBY L L 8 A T BTR R AE B A A ER 4 2 4
fIE 7 V5 FRAE RN SCAFRRAE AR 25 6 0945 B 45 5%,
1H A ) Ui A SC I 48 B AR I 2 75 A A

RQ2 KA & DeleRace 7E 454 MR 2 15 H v
TR SR B A F, (LU R B DeleRace
25 ] LAMERG IO 2% D FE P P R A A B s
LB 55 A7 5000 5 A i A B

RQ3 FKH M2 DeleRace 5 HoAth ¥R & 24 > B3k
TEAS I £ 40 5 4 L A0 PR R X be. FRATT 18 R B A Y AR
TR BE 2 2] B B 5 4 K 550 DeepRace! ™ 347
XTI H I H 5 RNN A LSTM #28 / 45 #E47 4 L.

RQ4 KiEAIZ DeleRace S5EG R 2 T ah A
o o3 A T ELTE A DU K 55 4 1 A9 PERE XS L. FR AT ik
PEIA 1Y T 2 25 43 A 19 BHE 58 4 A 551 Said
1 RVPredict #47X} o 5256

RQ5 KEAYRZ DeleRace 54 B T A2
e o3 A T BLE A D K e 5 4 1 RO PERE XS L. FR AT 2k
PEIA 1Y L T #5025 23 B 19 08 58 4 4 I 58 vk SRD
1 ConRacer #E47 X LESZ 56

RQ6 K¥EAYZE DeleRace 78 M £ #5354+ 1 AY
I [B] 4 BE L B0 I i K s 4R B 10 D IFIRAR P D %
T DeleRace 7F %> W £ 5 50 4 B 97 4 FE I 1.
2.4 HEEEMEIER

il I MERS 2 G0 R F AR PEN 84

WAl DeleRace B A %0 PE. 43 25 0] 3L (%) 1R YA 46 B 4
5 i, b TP R0 IEFEA U Oy IE AR A,
FP Rafs GUAe A BUI O IEREA, EN R 7s ff 1E B
AT R AR . TN 278 K SOREAS T O ke AR
Table 5 Confusion Matrix of Binary Classification Problem

x5 “HREBNRBER

A T
S bRf it
1 0
1 TP FN TP+FN
0 FP TN FP+TN
it TP+FP FN+TN TP+TN-+FP+FN

HER % Caccuracy, ACC) , 3278 T I 1F #ff 1) k¢
A o I 3 4 H T RE A Y EE A5
o TN+TP
ALC*TP+TN+FP+FN' “
FEHIER (Precision) , Fi T H R 151 B8 1F AL AR Tl
WA TERE A (5 0 4 v S o 7000 A7 1 R AR 1 EE 61
TP

Precision === (5)

TP+FP°
B3R (Recall ) , F T $ i 455 B TE 4 2R 75000
b 1% = % N1 B o S S T T R s s o

TP
Recall—m. (6)

F, (F-Measure) . F T i {8 K 8 % F1 43 0] K 1)
JIA R 034

Fy

_ Precision XRecall
Precision +Recall’

R0 3 A0 A 18] A8 02 AH B R 1Yl 0L SR
R T A I R B 2 T R S =2 AR R
B S A B S A AR A D 0, 215 BIME D 1
R4 [ 8 (EDRS B A0 ARG, R G L F o R AU G
B A A0 A ] 3 22 ] ) O AR HC IR Y R i 7E L0, 1]
Z ), F o A BOR 2 7 15 B RE
2.5 BRESHIEE

T A RQL,FRATESE 5 D HA RN R
fES A SCHT BB/ 8 AR AR HE AT X L XS L 4
WNE 6 Frzn. B SG 0T 58 5 AR 52 IR A Boxd T S 0 &5
RSSO0 e B AT O T e B 8 AN RRAE (UL 1.3
) M5 AN HFRAE CRLAEG U5 0] 45 4 9 Hash i .2 /5 &
ARBHRAE R AR TR a4 K4 0 Ik
2 B BUAEAT SE B X L SC IR ZE R 3 6 i, L
1 “DeleRace-5"fCFETE 5 MFHE T B EE 2% 2] B ALY
TG, “DeleRace-8” R 8 NMFAE T IR FE 2

D)
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HBEHY 1) S50 25 SRS B 45 R AT LU 7E DeleRace-8
THOLT L TGI8 2 B R R R A [0 R E R Fy #p
o DeleRace-5 1 #0 F 255 , X R I L L 8 AN HRp ik #F
AT 9256 HE R B 5 AN REAE B BE 31 i a5 4 1A D0 A
JE X LR AT BEA X W2 B R AR B AT S g, B
JE R A IX 8 AN AIE e AR 4% K40 T 4 1 7 A 25 1 4R I
R Y, B 28 AT LA ST 23 7R B S A B AH G AiE L K
Tz e 25 B 22X DeleRace #8147 Y| 25 B+ 1% 3
R HEAS BN 8.

Table 6 Performance Comparison of Deep Neural Network

Models with Different Feature Numbers
F6 ARABUEBETREWMEMEEI ML %

TR WA R LB A 1w R F,
DeleRace-5 90.79 90.88 90.79 90.79
DeleRace-8 96.79 96.78 96.79 96.79

TEAR A FFIEBCT DeleRace 7 )3l 2k ad #2 v,
FAT I S BUAS AR A 4 IBCHY A EhowS 73 20k BE A — €
FR 52 ] T L ASE AR A 22 AR B0 25 52 ) e 4 000 A
JEE RN 2 Bof 1] F 4 . 6 AT A0 52 11 2 1 kAR BT T
SIS R B RE A X T 2 r SR Dk
PR B L 20 ] e 2l A6 DU OKG J32 AR5 2) 2 AR R B
22 BOR AT LA IS DA AH 25 1T S 384 o 1 2 1 s []
FEES. R 1 A A WK B RN B ] 8 2 ) iR AT A, 3R
A3 3k 52 55 B A AR X 3 9 2 AR R B, 1 AR 4R
TR YK B2 1) (] B O 2 b 3 1 m I 2 ) O 4
Kl 5 251 T DeleRace B 22 48 U £ 1% 35 i it )il 5 0
D HE B R B AR 1B O L 5 th T LU Y, Bl o 2%
FRUEL B3 I, WA R 2 AR B4 e, 2 3% AR
JNE] 50 B HE A6 48 3T — A oE (A, B 3% AR OB
PRGN AR R OO A B AR T PR AR AR S g
Y%k DeleRace #8581 i A 2% AR BLE £ 50.

o o
sof
L
£ 60f [,
¥ !
= r
# 401
1
- /f |
____ RS
! i
! MR
I
0 10 20 0 m = |
AR
Fig. 5 The relationship between accuracy and

iteration times for DeleRace

Bl 5 DeleRace % 5 1% R L R

2.6 DeleRace #& il &5 R

N T 1% RQ2FRATEE R 3 4 505 Y 25 438
MR FEAAE R DeleRace YN ZR4E LR 4 9
10 A J v D AR P T 42 B 1Y 1686 B4l AR AS AR
4 DeleRace M4  HAG I A5 R ANE 7 Fi7s .

Table 7 Detection Results of DeleRace

R 7 DeleRace #& il &5 R %

IR R KRR HR F
Account 99.30 99.44 99.30 99.34
AirlineTickets 98.56 98.49 98.56 98.02
BoundedBuffer 97.33 96.99 97.33 97.16
Bubblesort 97.18 96.95 97.18 97.06
Bufwriter 97.75 96.83 97.75 96.04
Critical 90.91 91.92 90.91 90.27
Mergesort 92.00 95.20 92.00 92.81
PingPong 93.75 95.00 93.75 93.96
RayTracer 96.04 98.31 96.00 97.16
Weblech 97.10 95.18 97.10 96.13

HIZE 7 AT, B U b ok o 330 B 7E 90,91 %6 ~
99.30% . F\ {HFE 90.27 % ~99.34 %. Account Jll iz
PP R HEGG R A Fy 20000 99,3006 A 99.34 %%,
FEZIR R P o, R R RS B R A R A F
AR 10 A DA 7 b foe i B9 5 100 X T Critical %1
MR FE T FAR BT 11 A B A A, A A1
FRAE AR I 10 4> 5E iz 3 b e IR AY 3 OHC 1 B A 22
F14 S IR AT B 2 PR O 5 A 8 080 S A M A G 4R
HORG R ARt D T R 2 2 ) A6 TR A A 3 S5 B3l
BRIV R AR A K SR R 22 JOR B, X
A AE T B Critical M e B A TIORS 2 fi 1EK.

27 S5EMREWEMET AL

T % RQ3, FATTHK DeleRace 5 BLAT () 5
TURBE 2 2 1 B0HE 58 4 A T 2 DeepRace™™ #£ 47
X H I B RNIN 30 LSTM #2580 45 4
AEHEAT LL AR, HL S0 ) LU 25 50 3% 8 R

Table 8 Performance Comparison of Different Deep
Neural Network Models
x8 ARREMEMEER MR %

AT HIRES LRI ES FENCIES F

RNN 88.68 90.05 88.68 88.56

LSTM 89.71 89.90 89.71 89.70
DeepRace 92.14 92.68 92.14 92.12
DeleRace 96.79 96.78 96.79 96.79
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DeepRace'"™ J& H i & A 1 3% T R JE % 2] 15
I 58 AR T EL, fiy T BSOS B RN Y ORI L
MIHE BB 5 A S DeleRace #E47 L3, N
T HEAT HEHE L FRATAR IR SCRR [ 15 v A 44 19 ik o
TAEHAT T & B AE 3BT, DeleRace, RNN, LSTM,
DeepRace #B FH AH 7] A4 111 25 4 Fnm) 18 42 . 26156 AH 7]
F1hy Ao R R FH A ] 19 T 5L fie T A5 R AT )
Ak A BRI AN S A ] 0 B s SR T A [) 0% B 4k
SRR TR R R EARAE T SEI N L S o )
B SR TR AT 0 S 5 25 R Ry AT AL AR A 10
328 IR Y 5 2R PEAS DeleRace , BIUEE YIl 25 55 Fn
KRR G 10 Bt A 108 A B His 2 B AL 43 A
10 4, A 9 HAE ISR, 54 1 4148 0 ik
8, HAE XA R, B A A8 AR A R 4 L FR
T 10 YRS R0 7 AR R FATT A e 4 45 2R 5L
LERANE 8 PR,

MF 8 1 LLFE H, DeleRace 5 I B9 E 7 K &
96.79% . F, 9 96.79 00 1 4 M7 P 2w i 1Y L 1
R AN F, 43 5 1 DeepRace 5 H 24 4.65 % F1 4.67 %,
X FRHAR ST 1k DeleRace 7E K I £ 4 55 4 77 11 19
PERE L T DeepRace. It #F . & A1 18 ¥ DeleRace 5
RNN # LSTM M 454 [ , 76 #E 8 % J7 [, DeleRace
P A 2 AR AL 79 L) |, DeleRace fY Iy
(B L At 2 Fh ) 25 5380 43 Sl g 1 7,09 24, 8.23 %4,
SIS AE R BN TR SEEM I8 & F . DeleRace ¥4
TR RNN 2 M 45  LSTM #4128 W 2% Fl1 DeepRace
LA AR T A Y Tk
28 E5SHBEESFKNIAIIL

T P& RQ4, FATH DeleRace 5 A 1y K
Fah ST 2 19 19 80808 55 4 R T 2 Said™
RVPredict"™ # £7 % Lt , HSE 30 %) L 25 SR sk 9 i
7N s HoH R-races N1 88 7 SEBr IO BUE S - 50 H .

Table 9 Comparison of DeleRace and Dynamic Data Race Detection Tools

*R 9 DeleRace SHIEHBEBRZSFHRMN T AT

Said RVPredict DeleRace
A R-races
TP FN FP TP FN FP TP FN FP
Account 4 4 0 1 0 1 1 0 1
AirlineTickets 7 6 1 7 0 2 7 0 2
BoundedBuffer 12 10 2 12 0 1 12 0 4
Bubblesort 9 8 1 8 1 0 8 1 4
Bufwriter 2 0 2 2 0 0 2 0 2
Critical 8 7 1 8 0 0 8 0 1
Mergesort 3 3 0 3 0 6 3 0 2
PingPong 8 4 4 4 4 0 8 0 2
RayTracer 3 3 0 3 0 2 3 0 3
Weblech 2 1 0 1 0 1 2 0 1
Bt 58 46 11 52 5 13 57 1 22

MF 9 AT LAA . Said #5002 B0 58 4 S ECh
46 4>, RVPredict kil 1 &%k 52 4>, 1M DeleRace
R 3] 52 B 38 G 1 AN B0Ch 57 AL B 2 T A 2 B
K T B 5 FI ¥ AirlineTickets, BoundedBuffer,
Bufwriter 1 Weblech, DeleRace & il %] f%) 5% b 7 4
N Z2 T Said A DN 3 9 EE TE S B0 i R
J¥ PingPong, DeleRace & Il 21| /Y %¢ #i5 3¢ 4+ 1> 2 [
Said #l RVPredict £ Il £ 49 #4562 4 4,
It HAH A DeleRace i Wl K 43 F2 7 (1) 25 R 5 52 bR
TE P # R-races 52 AH A 9, DeleRace 5 Il it E 52
5 4 AR

TE IR )5 1 5 Said Fl RVPredict T. B A4 J 41 &2
By 51 11 ASF1 5 AL i DeleRace 1) I i & 50k
14, M BT 5, DeleRace ¥ I 50 s 35 4 I A7 6 38
A0 B U R AR X SRR P H , R #E 41 Bubblesort
AR P BHAAAE 1 AN, XF T Said F RVPredict
W AR 1A 4. T 4T B 09 it D82 0 B 5
250 1B SCASRRAE A A SRR 1) A B %) 4 ) A OGP
AR S TS B K A T AR

S DeleRace o I 19 L 5255040 55 4> $oi £
HIR R ABFE R R J7 1] DeleRace 5 Hifth 2 >4
DT ELAH B A A7 7E — 5 19 25 BE. RO 15, Said Al
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RVPredict 435 R 8 M1 13 4R . {02 DeleRace
IR IECH A 22 S X B F L w2 1 2
BoundedBuffer 1 Bubblesort i 2 /7 , & Al 1%
14 Ji R AT i SR 7 B HCRS A A AS B AR 2 S 07 Y AR A
FEAS 3 Z2 MR 28 Ry 17 (B FEAS 3 2D, 3 1l 1 $i s
S AN R RATE T SMOTE %4 1y 98 55
2 B FE AR B 1P H I8 S AN T sk G 3
T — 32 iz . DeleRace 75 1R 41 77 ] 1A 2 5 0K {1 3%
13— 20 58 1% 7 1.

29 EBHSHBEESKNIAINL

NT EZ RQS, F AT DeleRace 5 # A ) 5
T HRATEIT 43 BT 1 0 B0 38 4 K 0 T2 H SRDS Al
ConRacer" "™ HEAT X Fb , HC S 36 X 45 H 136 10 FiR.

MF 10 7] LLFE i, DeleRace # I 3] i %5 35 5
G SRD R B A8 2 17 A T iAo
SRD 7 15 4>, fE iR it J7 1 B2 48 5 SRD #H 4, {H 54
{1 7+ DeleRace M PEREJE L T # S 4R 5 9 T H
SRD f#.

Table 10 Comparison of DeleRace and Static Data Race Detection Tools

% 10 DeleRace 5H#SHER SN T EMTEL

SRD ConRacer DeleRace
i R R-races
TP FN FP TP FN FPpP TP FN FP
Account 4 4 0 1 4 0 1 4 0 1
AirlineTickets 7 7 0 3 7 0 2 7 0 2
BoundedBuffer 12 12 0 4 12 0 0 12 0 4
Bubblesort 9 1 8 0 8 1 0 8 1 4
Bufwriter 2 2 0 0 2 0 0 2 0 2
Critical 8 6 2 0 8 0 1 8 0 1
Mergesort 3 3 0 12 1 2 0 3 0 2
PingPong 8 4 4 0 8 0 2 8 0 2
RayTracer 3 1 2 0 1 2 0 3 0 3
Weblech 2 0 0 2 2 0 0 2 0 1
Mt 58 40 16 22 53 5 6 57 1 22

BA1i8 ¥ DeleRace 5 ConRacer #4717 % L.
Xf A I 3 1) 52 B 3E 4 D %L, DeleRace fir A6 ) 2]
B A%k 57 4~ 1 ConRacer J& 53 A, A X7 %
DeleRace F ConRacer AT# M B 4802 4 1~ KR
T3, A SCJT 1 DeleRace H, ConRacer 9w 4~ %%
D4 A R4S DeleRace # I 1) 52 80408 52 4 A B0
Z Hiw B 0 A7 R i J7 T DeleRace 5 ConRacer
MK IHFAE— 262215, ConRacer FIRR NN A
6 N HAR L I DeleRace #1H 22 4>, 1& iR i
ZWFEHAE 2.8 R & HAT T RPN RIZE T
— 0 B A o AT Bk

H IR ConRacer T4 I 3| (Y 52 B 38 4 > E e
AL DeleRace 20, H i 1~ %% [t DeleRace £,
A SR Y Said, RVPredict Fl SRD iX 3
B TR T 43 A 00 B5HE v 4k T 5 i 48 B, ConRacer
AN ARG 1) 1) 52 B B e A Ut 22 1T HL 1R R i 4R
Bt/ At ConRacer #KIH 2 85 47 i A6 U T H &
Xof ) S N T B A 58 41 R0 TG 15 0 FRATTRE AR
OLHEAT T T2 9k , DA IEEOHE B 0 1 A

A 18] 14 BE FF 4
XFF B RQ6 . FATTPFAL T DeleRace 7 i 1l 4%
P35 4 A I T PEBE. 22 11 383 T DeleRace # %k
it 5 S AR AE B A 0, BB Ol 3 657,14 s, Horp
FE R S5 2 110 25 B S TR 32 A 28 I 245 5 28 1) 9 5 sk ]
JEHERT 3492.42 s, (5 95 B ARG I K Ay 9506, B
Jir PR] 2 ot 25 D) 4% 1 B[] 52 2% 5 R 255 ) 52 4% 3 R 2 %
BRI (g YU 2 Bk [ 7™ A S i) 0 R A2 4 B v L AR 25 )
TR AE I 2 B T I AR AL 22 (B E] L 1T DeleRace
KHT 3 AEBERUZA 1A LSTM 2 4k B3 L 3k 45

2.10

Table 11 The Time of Each Step in DeleRace
% 11  DeleRace 58 B & 4~ 45 B BT 12 2% 19 B i)
IR AL B/
FRAE 4 B 86.17
A JZ IR 74.81
AR ALY 25 3492.42
AL 3 3.74
st 3657.14




1926

HEIR S AR 2022, 59(9)

TORE W FRAE ST I LLA I, )2 80K B E R B Bh
2% I HaE AR Bt 2t 2 A5 )1 2 i ) 5 L A
AR IR b 72 vh 46 0 B () 35 22 FE IS LU ) 35 1
211 BRER

AR AT X L o B PO A Y 4 SR SEAT
Titie.

D AR AL FE K A DaCapo.JGF, IBM Contest ,
PJBench iX 4 A~ 5E o P38 41 14 b 0 9 & R )7 X
SR Y v B RO B8 2 A B AR T AN BB AR T A R
FF o R R AS ) A PP T 6 R RS [) A0 B i R AR Ol T 2%
fife X A R AT EERE T 26 AN AR Y, X
SO FE 43 Sk AN [R) 4003, AT A8 R IR B0 4 Ok TR
) 2 FEPE.

2) FATHE XI5 B 48 4 AT AR aC iR AT T
ConRacer T H, REZ T HRHT LT CHURR
¥ 53 A0 T3 % o AT LA 80 i RO B 4 L R T BAT)
AEFER RN U 4 0 175 5.8 T g e 3 — ) f8E, R AT X
215 1) B e g R T 30 1 O 2R A B S v
FR AT JS AT R R B 152 4 R T i, B R R B b AR IE
T RE G 0 HER E.

3) B SCASFEAE 2 Ak S B0 1o 3k BT, % Ak A 0L 2
14 1R A1 4 52 ) e 28 45 R I OKG BE AR SR Kleras 1
R A JZ BEAT SCA 1a] 4k, 3 3 X Keras AU A Z
HEAT YN GRIT X FE S R0 AT 98 7 0 FL A% A vt 5 v gk
98.7%  BARTEA I F) 100 %6 14 T 2, (H 38 3 1% 4
AR KA B ] B O SRR KRR - 45830 5 e 4
() SCARRAE A 8500 2 T SCAR [ 2t b %o die 2 25 SR 1)
AR

4) TE B 3 5 i AT B 0 Sk S XU R Y
I BB A — 28 W R WL AR SCHE BRI SMOTE 5%
J2 T B AL AT SRR R0 ) — Rt O 48 T RE AL
Tb SR SR BT B AR S A AR 1 SR W R 1S 2 B s R
ARG LA T SMOTE 5536 5% ] KNN
FeAR A OB AR A2 S8 RS DB REAR Y
K AT 240, MR REAL PR N AN FE A 17 B BL 2k
PEAG (B 24 3 B 1Y 2 B 2R R AL R (i
SMOTE S3E38 I IEREA DB R I SRR i A
R0 /N B s 1 5 A 1] 5 174 5 )

3 MHXIE
B 35 0 ARSI B4 AH SIS AT R E R BIE9T 00 A5

WNEZ— IR BT EAIRZ AT 2 4 T 1
F o3 M7 B 880808 5 4 A 0 077 12 DA B3 T HILA o AT IR

JEE 2 2] MR S G R D kL 3 T R T 43 B 1) e
T RN 7 3 R 3 SRy 2l AR D 2SR I N Bl
FEE A B A T vk

Bl AR 38 o 35 A7 YRR Y B A AT A O kAR U
ICSE R P AE 17 PR A, Said 8 AN IR T — M T
SMT fif 545 W A5 23 BT 7 125 o ) LAAT R 73 Hr 2 7
JERE 0 A 7 B0 38 4. RV Predict ™ 4 £ 4 58 4
for AR Shy 29 o3 SR g 1) R, R T AT R v R T i
(satisfiability modulo theories, SMT) 3K fi# % #& $&
Bl e 4 SlimFast' ™ 38 53 9 /0 5048 70 Ay L A7
T2 AT B R] A A 0 45 4 7 4 I 41 e A D 280 %6

WA 7 W R B T A PR AR A By L A AR
UEBAF 5 AT 1Y J7 2 53 B PR A 3 S as F2 ) 45 4
T RELAY" & — i 35 30 A08% RN 33 72 8] 43 #r 1) %
BG5S T2 Elmast®! g 5 180 804G ) 2 36
P& — R0 3 S R R B AR B AR
A7 53 BT T3l 2o & A 7 56 R i g 45 2R SRDH ok H
Fo U1 B T 285 4 W 5 1) S 22 ) 8 ke A I O & O
555 ) 44 53 A A5 25 03 AT AR T S0 5

A A BRI 5 v 2 e WA R B A AT R Y
BOHE 5w 4 L 75 R T 80 25 43 7 K6 U B2 7. Race Tracker
K Bl dias & a0 Jy 2 1 S0 T 24 A Y A A
025 K 77 L VB AE 1 38 S, SRS VB TE 3 AR o
HEAT A A R TR0 B4 3 4. AsampleLock™™ J& 3 F
AL FastTrack™" 5 ik A i = 14 sh 5 1R & £
T A RN B ) SR A R W A ) — i 221 [ B s
171 I A A R EONT , P38 3 100 3 4 R i AR A L O
8 H50HTE B 4 14 PR A D3 [0 %

A BE B 58 N G T IR A ML 2% >0 RN B 2 > O
SR AG I B 4 55 4. Tehrani %8 AU R 3 TR &
22 ) B E 55 PRI T2 DeepRace, B 5638 i 48 5
O3 M A R SE A RO 5 A 2R Y P 3 R A A IR S
PFAE L AST 38 B 25 | oI5 B 1] 2 Ak 1 51 i A
F) CNN HE A7 I, A 0 o 6 2 AE 8306 ~ 86 0.
INFIFGE NPT AlRaceTest ™™ Fl ADR™ ™ K I 44
PEse4 T H, AlRaceTest J& % T Bl ML 2R ARk B9 0 55
FrAR 2 QR TR, 5 65 T HB X &M Lockset
TR AR A SR I B 5 4, IF A H: 23 A 45 301 2
B 52 4 B BL AR RO 0 A B, R R KS BE O 9204
ADR &% T Adaboost 551 1) F 4 56 4 15 ) A )
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