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Automatic Test Pattern Solving with Fault Property Prediction
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Abstract: Automatic test pattern generation (ATPG) based on the Boolean satisfaction model plays a key part in chip
fault detection flow, in which solving the corresponding Boolean satisfiability problem (SAT) becomes the efficacy bottle-
neck of the whole process. In this paper, the influence of different operators on the solution efficiency in the mainstream au-
tomatic test pattern solution framework is studied. While ensuring the integrity of the test pattern solution process, a fault
analysis mechanism based on deep learning is introduced, and the output vectors are used for the automatic selection of op-
erators and the determination of initial solution states so as to accelerate the overall solution process. To alleviate poor per-
formance mainly caused by insufficient real-world circuit fault data, a generative adversarial network (GAN), followed by a
multi-layer graph convolutional neural network (GCN) which is designed to boost representation learning, is leveraged for
data augmentation. Experimental results on several real circuits show that the proposed new framework, compared with the
original version, has an average solution improvement of nearly 20%.
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B U P B RS Y R0, ) 95 28 02 AT 0 3K )
AR RO RAL, B 3 ) 2 2E B (Automatic Test
Patten Generation, ATPG ) 43 A 328 i il k5t i3k, g
FEHGED. AR £ ATPG Jr ik v, 364 SR A 4 )
F9 ATPG 512 PRH: i A% B A5 1158 AP 3 110 122 4 2
Ji g . A R W6 2 P 8] B (Boolean SATisfiability
Problem , SAT) J& 55—~ B UEJ 119 NP ) £, b ofe
LRI L (D) Frs 94 B X (Conjunctive Normal
Form, CNF).

(x,v—=x3) A (x,va,) A (3, va, v—xs) (1)

i CNP A2k A BTG B 230 A it
FAS B () AEFR AR S0 . AR A IRE R 0 B0
1, A0 SRAFAE — 472 i WRAEL T CNF Rk =000 B, % i
161) A AT i JE S 8] (sat) , 2 22 DU A A T 3 A2 S22 491] (un-

sat).

2 tHXIE

1991 4F , Chakradhar B ¥R 12 58 H, 4% 2 A% A CNF
FEIRF, HH IR SAT SR A 25 AT 3R M, 1257 T 561 SAT
(9 A 2 I 1 2R 3 A AE 42 (SAT-based ATPG)',
SAT-based ATPG [ FH [ 55 4 A6 T, AT o] 22 48 H B #5 m)
DL7E 22 31 2 ] Y 55 4kl CNF IR X, Ll s 2 75 ) 46
5 CNF 4 SR fife 485 S5 A T 6T 107, B sa b 17 A7 A6 00 ik
B, unsat 4 [ JUAS L. SAT-based ATPG HEZLAYAZ 0>
oA CNF 3R A , LA TR AR A S i 0 S S
TR SEBIF 5 K PRl 28 G A 41 735 43 32 3 SRS R T
B, MaoLuo 45 A 42 H “ w58 A Ak 1 7 S e, FH R Isi/ 1N
IR PER R 17 5 Haifa 25 A48 M 28 5 <7 52 08
N7 BIFT 50 S , Bl 140 Sl A8 fR A A5 i o A
BB SAT [0 BISR A, Heule 285 A H “/r a2 " WY SR
W XoF 0] B AT A0 i SR M BRIk 2 4, GRASPY |
NEMESIS'"  TG-Pro " 2l J1] T SAT-based ATPG
AMUEE . 5T AT HRER AW & R R 22 2 HioA
WAL T ATPG A 55 . BN, Soham ¥ ¥R 2% 2] 5 4%
FI4E ATPG Jr il &, B 76 T IR AR LAk i/ oK fifg o A
r ) [ 3 B L B TR AR s R A 4l SAT SR i BF 5%

H1, 2019 4F Selsam K SAT [ &5 (14 5K A% 11 52 Ay g 51 3 14
SR, IF T NeuroSAT B 5 [A]4F, Selsam 7E
NeuroSAT 1 FE fitkh I 2 H T NeuroCore BEAY |, 5 i & A
A, J5 75 5 A T oK il i /& b B XF 43 38 & 1Y Pl
‘iﬂﬂ““. 2020 4, Kurin 1) 5L 2% > 7 (9 Q-learning ik
8T AL T AR HFBUS TAEE i TR

DAL B 203, 45 ¢ SAT-based ATPG [1)
RO W K 2RO R AL B, SR 1T AT IF 90 3 1
B SAT K figp ok B 4 & Z2 80 R R ARSI+ T
sat Fl unsat [A] AR B P 5T (0 6], 7 24 08 B 357 IR A7
FEZ S XS 1 A B A R AN SR AR T AR
BRG] . BT 5 A SCH T — S A O
PO 6% T 1] it 225 IO % %) B0 4 AP SR, 0% o A5 5
T3 B A) LA SR AR A (B 2, DA i 3 5 A s
fifp AR, JE— 42T SAT-based ATPG SR ffAIC% .

3 MRIMINERE

CaDiCal. 3K fiff 5% 2 H A 5 S #F (14 T U5 50 45 5K ik 2
Z— WAL 2019 4F [F R SAT KFE (B3 1. G b SR
Wk, CaDiCal A% 0o & 3 S8 A, N R RS 1 2914
BEHLT] , 5500 S 2 Fh ) A RS 5 R i
e PRI B3 1 S AN [] T A il 2 . 3R 1 g LS T
Yy T CBOs 22 I B 3 ) 1 v 8 1~4 75K fi% 100 i
I e A AN [] B 5% 7 698 S 245K A ik ], DA b ] LU
P, R AR 00 A B Y R 40 S SR A T SRR AR A
R, MITAB NG LA . T g, 34 A
AT A E B AR A 22 B HE BRI R] SR A 45
B8 T 516 4] W i s T Jis S AR T8 A 0k Sy K 4 35 436 X iz
BRI, SR BRIk, o, A
Ry 7 i i ST R D FI SR % (Variable State Independent De-
caying Sum, VSIDS)!7 s B N 75 H T A 3R 1% (Move Vari-
able to Front, MVTF)!®,

F1 AREFSATRBTIR A BT s
BED | MR 53 SCHME 95@%?&?&%%
A B AN} ]
circuit 1 AL 4.36 7.24 3.93 9.26
circuit 2 IR 9.32 13.28 8.61 15.02
circuit 3 IR 11.36 35.59 11.75 39.43
circuit 4 Al 29.53 39.73 26.32 43.05
circuit 1 IS 11.09 7.75 15.04 8.61
circuit 2 IS 13.28 9.32 24.90 12.64
circuit 3 IS 28.47 22.45 34.43 18.61
circuit 4 TUA 34.98 17.55 30.88 17.02
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P28 ) 25 1) SAT SR fifg i NeuroSAT ¥4 SAT [a) 5 ()
SRARAN G2 0y T 7R 2 >0 10 ity 30 it 43 28 () T, 4R 1
HAE Tolk v B s L R BT IE AR . 3% 2 4 Neuro-
SAT RLRIAE Tl L [ 5~8 Bk B %54k b U1 25 e A il ik
AR, HH S B S AR D s F B AR I kL 56 =30
R RESCHR [ 14 14 B9 8080 5 D 6 B0 TR 6 s U1 5
NeuroSAT A5 7 78 I 32 |, % b A% T80 300 7 6 2R 44 AN 3|
60% , 5 73 BEAILAE Bl B4 B8 i, i 7 F i 8 - %) T o
Bl A W G B T A1, L 5~7 SO A T R R L g8
, BEAILAE BRI D 25 1 D e 5000 %) oA, B 1 e
RSz ST (A MERE . IR] 2 by LS R B RN B AL A 1 B A
Y AR o, 20000 i 4 5cd S I S i et £
T2, A 0 BEATL S i ) 2 R ALIR ™, 9 3 25 S5 oy
GERT

LR LR AT, 38 o TR R A B LAk SAT SR A

%2 NeuroSATHREIFEEH L B HHE ERIFUMRR

O R R
% 1D Jitth JE R +REAL
Hefm s pve I
circuit 5 59.17% 54.58%
circuit 6 52.92% 49.17%
circuit 7 58.33% 52.08%
circuit 8 51.27% 55.42%

(a) FUIHIAR

R AR BT PR SR 1T LA SAT-based ATPG i ki
W4 . H AT AY NeuroSAT (A 41 SAT ¥ 5% FIF &, T
M F, B 3 O T ELAS AR, R TR A 5 AR 4R e
YEE— 2008 BXT T2 48X R B T4 2T 1
Dy L YN GRBE SR AT R [R] 43 A1 A RF R, T8
RZAME T 5 IR R B g BEHLAE I AR AR
TN BB, T Ay B IR 1A T
I, e R IR)RR, AR SCHE ) —Fh i & B 1 ) AR
P 26 R R S AT RE SR (AN 3 7R ), FEEH LA 7
AL

(D AEH T R4 B3 51 P 45 (Generative Adversarial
Network , GAN) , 1% F /2 5 F B S0 80HE bid Jo Br 2
2] GAN A PP B 2B s R 3 28 2E 0, T B AR )
LSRR 8 3 A IS U T M 0 e i LD P
SHEUEZ etk =all| s LTy S oF TR VS IR e o
3 LS A1 0 2R i B 43 B T LA AR 0O B S
HIGBAT S5 PR A R R

() 11 K h 22 )2 A 28 M 44 (Graph Neural Net-
work , GNN) #4 5G9 i B FIUIN A 7R, GNIN 2 T4 J8E 27 ~J A
KIZ5 4 b B —A 43 3, He s aok 9 8 A% s L 72 45
) HFNE R NI SEBLE EICR AR R 2% ]
R A5 2 B A R SR AR R T R i o 2R AT
55 HEAT H B B T A T . O R] B X AR Y A
HR A 7R R BGE > 1Y fif i AR 45 3 SAT SR ik 25 1 5
WILRSR AR
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K2 SRR T AL

4 B EFE M R A SAT-based ATPG
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ABC T LY 7 5 7 0 6 5 A6 b CNF 23k 20, i FH 3%
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Cireuit  —— Logic Cone —
Matrix

Random Noise

1f AR R S B AR BT e AR A R SR B, X
i F 3k T Wasserstein # 2 1) WGAN (Wasserstein Gen-
erative Adversarial Network ) " PEATHH 2F 1 . & 4 fir
7, A AR (Generator ) F2 IS BEAILIGE 75 1 A i A LAAE W Ah
Bl , FEE (Discriminator) W FH 23 B R R 1) 54
SRR T EL S A A S R SR A B AR YR
[, 38 2 [ — 2 IR — & I U —E RS |
Z USR58 R, o T A2 s & 58 02 ) B L5
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Ak R I 2R g ) 5 2 N R 346 () 8, 3 b J2 H i
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5 BT AR R ST 19 265 S2 A4 (Mod SAT)

(U FE B4R AE 27 > J7 ThT, 2 T4l SAT [REUT K 19
JU A NeuroSAT #5784 SR H] B 2 4K 4 #1012 (Long Short-
Term Memory, LSTM) [ 4 2 51 5 i A i) 5, 154 75 1%
REB LT R A Z BRI HIME B, 36 B0 i
T L L O 2 A T 8P N RS A B . L S i s 5 Al )
CNF KR bl W — A A A &5 Y28 B N EOTE 2~5 78
A AR K2 0 50 ) 5 R AR T AR TR, AT
SEGE I, LB s 4 RO TR SRy e 2RI, R
HH IR 2 BT s PO VR A R0 B0 T 50% BT AR IR) . B
BEAYTE CNF 19 3R 57 20 oy R 4 i 42 I 45 21 1Y
= 2K EFR R 2% (Graph Convolutional Network , GCN)2"
SRS S R Y S8 o AR IR A Ay THT [ PRT45 4 B4 1)
RUFFESEIAT , GON I TR 6619 o028 (&3 il
U A5 A 103 22 S 3 T B o 0 D I 1
H B 53 24T 55 . AT B B GON Y38 R SRAE BE
I FE34Z 4 T A I B - T A R R R AR K 1)
F 22 S FTIBG 2% , E T 4 52 SR it

(2) Ay 55 AP AR Ak T T R ) £ 38 A 1) ] 7t
U IR AR BT 4% )2 22 ] il A 3% 22 AL, B 58 i —
K GEHE I BAGREE T  HH R B R Ry 1) i 5
B Z A ] AR T — 2 B0 A ST |
B, B2 GON M G — AR a5 Bt R G R
JEHGS 2 S B g 1R AT R A p S AR
AL L, X Bk B GON i AL — 2454, H
25 2 R A B0 ST 9 S BT R R 4 2T BRDRIIE TR

RIRENS 70 00 SR I 2 4E R Z R AR, Sl | kP 1
DTS ER A T

(3) 2 78 43 1) T i A S — 25 348 i bt 2 [ 246 (1 W]
fif M, 5 NeuroSAT F| FHAZ 45 ;S AR A T HE AR [A] , 2
HEJE 14 NeuroSAT ¥ 2 ST 55 ) e 24 A T R il o2
i o8 U SAT [ AU BT (4 #5000 . B0 1 X RO A7
B SAT KAk I 2N 5 75 5 MO T WK 2 75 A7 29 R 8
PG L 73X — SR iR, J 2 S g AR W T el AR R A
FITHARE 6 B RAEAF B . HAh AR5 SR
HRA R 22 AL 58 1 T 722 S 9400 4 TR AL (P A Dl
B ) S 2 0 e 4 S (TUAR IR ) |, BE T4 = SAT 3K
L EIOP N

(4)NeuroSAT 3L T4 SAT [A Y 52 IT K&, K bR
BE SURAE R4 2% pR RS, BT A A A LA AH [R] A 1 R A
SRINT, — ELH IR A BN I M IR G, Kk 1 B0 11 6
ARAEYN R 5 4 S T, D R AR S IE AR A A
FHAICT Ho G, 455 28 S50 00 K5 B2 4 32 B 52 0 . [a] 9 SAT-
based ATPG ¥ 5t , Tl B4l £ v i) B0 S50 e P Joi 43 A7
FEAREE], — ke 1 AT A 0 e s A 450 H B 2 T IOU AR
B, SR ORIEAS A 2% 2] B4R 5 B 4 S 2 e

SV A SURSTE AR E S SO 9 il E 3 R K o T
THGEIE AAEA R A (BB = X T REA S 2 Mt D)
JE (7% 1. Focal Loss 7E 2020 4 Fh faf 8JLBA 45 A 248 i3 1
T B B H bR A I 5 b R UREAS AN A T
> [a) L ) I SHEURE A 3 2R A e Sy R BEE , =X (3) s
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FL(p)=-a,(1-p,) log(p,) (3) FHAE , A2 SR ey 2

Horb, p WIESEEAE R,y ] R AR S
(y=0 B AV i 52 ST LR BRI , o WU T TP 1 L 172
HEARRAE . WNIER F , Focal Loss 76151 38 LA 1)
Eaih iR AT B F A -p, ), HBEE p,
B HE I T £ Wl R 2, DT 1 B 55 0 2 A B (&
53 O REAXS TN et A5 rhob B2 101 4% 1) BTk, (A B 70
S B HERE AT B 5T 22 b S A HIL 55 A AR BBE o L )
B8 SCHVE FHIZ A0 R pRETI 25 1Y RetinaNet 75 7873 52 5
T RYZE I Focal Loss Al HUARIESE S - Al 22 S
FEREAS AN 4 73 AT 55 1A 4 6] B 8 R 3 3 A1 9
PRI, A SCHE Focal Loss 75 2 H BB M BT 7 U AT 55 &
HEPSTEAE

5 KBERESH

5.1 XWigE

AR SCIE 3 B T — AN BT R AT R AR AE LR, B A
P& 15 SAT-based ATPG Y 3K fif &% 22 . Ay B UE A AU A7 2%
PE AR LU LA BE B OC 525G

(1) WGAN BE 75 2% > 21 B S50 H 4 5 F 55090 1) B 75

b

+ lit

(¢) Y%A 20 000K

(2) SEBCHE 1S ) I, W Tt 000 A5 78 8 5 A 3 A
T, vz A ey 2

(3) 5 B8 282 > g 1y Tl s T B AR i A SAT-based
ATPG H SKFFPERERE T IETE , A5 2 KAk 5 7
5.2 MWPEHEUBERK

Y 2k GAN B3R iy A BCHE 0 200 hy 25 FUBL AR B, 75
WFE 07 R AN T . B TS W] R i 5 +
BRI TR], G AL I 0 8 1200 B AR 22 S K,
Shy A kb ST R AE SR AT 209 107 T8 2 T R M i 4R
B 43 A, A3 DA HL B 9~12 TR BE HL 7 18 8 AR T A
BOAS KT 300 B9 S 500 4, FFH WGAN [ 26 X H:
TEAY AT AT 24 2] . WGAN W 45 48 S 808 BN < 24 2 %K
a=5x107, E AR B UCECH 30 000, H) 51 g5 U1 e & A
v U250 B0 2% o 200, 2 50E KT T 558 0.01, 41t 4 2
KNSR 64, 0/1 55 [ 19 5% Ak [ {E ( Threshold ) 247 0.5. I
7 U e o A O\ Ol 3 R o L N G I N i
AR UCBC BE I, A A AR Y BN ROk B S B
SEECE 8k X BT U SR AL 2E 2 BT 4G A Y
AR, LKA T E=MWA%E, F=MAHmH"MN
HHRR.

e

*% = lit

+ lit

+ lit e

(d) Y5430 000 K

E 6  CNF 3B A Ak

R AR A AT 55 1A X, AR S X T ARG 0 e e A
TOATHCRE 53 31 25 WG AN (CHH R AR A &8 KA WG AN _sat
AT WGAN_unsat) 3 2% 21 %F P B T 19 CNF 58 K 47

i R 3G T WAL A R, NPl LR
P JIT AR B A 3 B i T RE LR T 809% 1 LE 1 PR AT
5 IR B A ) A i et i, mT L A ) 8 2T A 55
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#3 WOAN &R HENHEE RS T
N s
e I ey ]
B I A B VR di kb
WGAN_sat( R K I ) 1 000 882 88.2%
WGAN_unsat(TCA ) 1 000 824 82.4%

5.3 PRz

R PP A Bl AR R AR SAT i) S5 5 F50 b i) A Rk
PR AT E R 13~16 LA T 3 YIRS 2 4 [R]RLAE
MR DL Sz A Es 4+ i o7 =X an 181 7 B, 4015 16
BHINR

(DR T (A5 a5 ) : I 13~16 HREL

Z R

TEBGZ AN KT K(BEE R 300) AY B 0A BB B0 ,
AR I AT Al Bt 1 0004, R JH B d L5 4 T H——
ABC K HFE ALl CNF ik X, 754k 5 %o iz i) 745 B A4
41 538~965 , AR 735~1 621.

(2)INZRE T JEMARE+BEDLA: iR ) - DL AR
BGEE T X0 2 A b AR SO e R T IR —
S FLAPRE BEH LB 5 DR A B R A I ZREE T

(3) I ZRAE T (Dt B3+ X e A s ) - MBS
£ T i 38 200 A e B B0 |, 6 I 19 32 4 HE RN TE
180~220 =2 [a] , -2 B A KG: I 11 70 A% B 43 501 g A\
WGAN #1723 (% E a=2x107) , R AL 8L
FH A 2 A S ) B o4 B — 2 e 2 T e
5 BRI AR I 2R 1.

Pt AL A% 18 A ) 2 — N
R HE IR W EEXR = Rk
1 TR vl i [
3 @& | o
[l
e
U R > WGAN_sat
Jo T K o
Th
i
””””””” »|  WGAN_unsat
! MR g1
BERLPEE N Phk N2t HL kAR

NA

()4 T (AR s 20 ) - L% 13~16 &Sk
PEHUB B HE A R T KOEIIAE ) 0 J5 b ik s 4 e
600 M E R ASE T .

(5) M4 T O b B8 + BE AL AR B ) < DA
46 T s B 300 4N iR, Bl ML 28 L7 F 5 v a2 4 T Y
JERYRE $ 7 38, IR vl AR I BB s 5 AR T Rl
A% 11 300 s L [R LRl 4E 1T

(6)IZ AL BUHE AL - AHE K 13~16 1, Bir 28 38 AR K
JIN S SRAE T R R 4 55 B 5 A BT F 4

F AR T OR R AL R [R5k 46 1 A e 1
RO HT 347 M JELA NeuroSAT BRI /EBESE T ~ 11 L3Il

SRR B0 447 AR SCHR Y 2R itE NeuroSAT (Mod-
SAT)FE45 A WGAN A i 1 5t 5 I 2R i Bl . Ry oy
fEAGR , J5 SC— R FK WGAN_ModSAT. MZEHT 3 174K
P ] B, RO B8 e A AR, P B S 3 T s il
S A I 25t Bl Sl I v B SR 0O B L U A AE SRR B
PEARFEAT B OUT X H02E > 72 A B RE A A L B AL AR
R T 2 A R ) NG ST S A B 4 T
ofE A B 3 BT A 76 45 3] 78 40 DI 2 DA B TR . X e
553 41T RIE Y TN SREIE 4 (5 X AR i ) — 2
ATE LT , WGAN_ModSAT H. NeuroSAT A5 AU fit) i [ 75
WA R, TR A T A4 1T 143 1) 5k 3
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94% F1 88.17% , 1% 3 BH Filt A ] i1 25 X 265 1) e 7 2 2 Fll
A= BT X 45 0 B E AR A BT R R T D G A 2
FA) 3 s T A R

R4 HERNRR

_— o DA 1o | A 1o
RS [IES
NeuroSAT YIGE 1 59.83% 55.17%
NeuroSAT Y4 T 53.50% 62.33%
NeuroSAT YL 77.67% 73.33%
WGAN_ModSAT AR 94.00% 88.17%

Sy itE— MK WGAN_ModSAT #5875 7E A [ FRA 5
Wi bz ARRCR R 43 BIAE 12 4R HE RN Ry 400~800 1)
WA E AT T I, S5 RN S R . B AR
HEK, BIVBE 2 B RS A R B H S LAY B
WGAN_ModSAT #521 fity T E 1 2 B A T AR A1, {H AR
TRFFETE 80% LA L UERA T HE AR R LA R A2 AL RE .

=5 WGAN_ModSAT 24t izt

1 1D ARIRI RN HE A I ) T VA B o

400 500 600 700 800
circuit 13 | 93.33% | 91.67% | 87.33% | 84.00% | 81.67%
circuit 14 | 91.67% | 89.33% | 88.00% | 86.67% | 85.33%
circuit 15 | 89.00% | 87.67% | 85.00% | 82.17% | 81.33%
circuit 16 | 92.33% | 90.00% | 87.33% | 85.67% | 84.00%

5.4 HWESTHRANDR
AN 1) WGAN_ModSAT A7 1% A 3] SAT-
based ATPG Kl F b (G FE 4n & 3 firi ) |, -4 BE il
25 TR O[] 19 SR 57 LA SR A e oK e . oedh AR
SC R IR AT T2 i A A e Wt A A 43 SN 3
— 2 A 55, %F WGAN_ModSAT #5126 75 2 > 5 19 738
T RO ) AT A PR L RE A AN R AR
FARME T .
(1) WGAN_ModSAT A5 HU F530 Ay ] 465 00 4 e - 1)
3 (4) W78 B AR T S R T MBI A A 4%
AR A TR IR . [RIR , 15 BOR i 2 £ VSIDS
3 SR IT I i SRR 2
phase(v,.) _ O,mean(hi) <0.5 @)
l,mean(h,.) =0.5
(2)WGAN_ModSAT A5 781 T Sk T A% e b « 1) FH =X
(5) % 748 £ Ay A ] 2R AT SRAARAS K HE 44 115 10
B AS AT e 0 3 . AT, 8 R A 2 5 B MVTF 43
RME I A BRI 2R
order(v,)= zhi (5)
SEEGEE AN 6 Fim X FIAAE T, vl AG I kb An
TUARTR R SR A [R] 43 BT 2 T 24.8% F1 18.4% ; Xl

WEE T, 04T 20.5% F116.2%. HHEL Cadical SR 4%
B R 0 AR, 76 1E AR M A i A B Ze I 2Rt 19
WGAN_ModSAT A3 FH T 14 Jo 4347 , BB A7 24t =
SRR T T LR I (A BERUAS R B ReE  F 1 &
PROTER AL . AR T sat [A] I 5K 7] A BA J2: un-
sat [A) @ ICHEUERA , AR AR5 21 48Tt

=6 HRN WGAN_ModSAT B g 5 K R 5L Tz

MRAE 1 MR T
MR %A U4 Ui
AT RGN AL G
ARG e i s T ARG A -
Tt L 24.8% 18.4% 20.5% 16.2%

6 Z5it

g R F G T SAT-based ATPG YR 4L
BRI oM T A HESE 4y 3 R P T R
2 BRI I 3 AT S B MR R ORI B E 2 —
PE I, He T4 SAT B 5 1 fY NeuroSAT #E R FF & T —Fb
WA T 5T B9 HE NeuroSAT SR A AELE (4 YE T
I A% 4L 107 T 150 000 L 3 A B I, Ok A TR SR A
iR TR A 0 A Sh e B A AR S IR . UL
I G W= R WY € RN LI NA S W € R RS e
O3 25 SRR IR L, AR SCR F WGAN 2 2 B340
() R R, 38 2 SRR A PR e s = I 28
SEILT AR . R A B A L s
0 W, AR SO M A A T S 7 S B T A SR A 8 A
PR [ B S2 B0 T SAT-based ATPG 2 1Y W 42 T, IR
R EDA 45388 e e 4G B AR 1) 2 e e A G L, B
5 A S A S AN 2R 5 3k 25

it RMEANTKRFRES ML PO AR TAERB T
HEABOARFRERARMALISTHERERL.
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