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Semi-supervised Lithography Hotspot Detection Based on Improved Ghost

XIAO Xinzhong, MA Ruijun, XU Hui, HUANG Wenxin, YUAN Ye

School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan 232001, Anhui,
China

Abstract: Objective Given that traditional semi-supervised lithography hotspot detection methods are gradually unable to
meet the precision requirements for integrated circuit manufacturing and has difficulty addressing accuracy loss caused by
dataset imbalance, a new semi-supervised lithography hotspot detection model, GSSL, is proposed. Methods In this
model, the Ghost_CBAM was designed by introducing the convolutional block attention module (CBAM) into the linear
change of the Ghost module. The GhostNeck module was designed by combining the Ghost _CBAM module with the
squeeze-and-excitation (SE) network, which enabled dimensionality reduction followed by dimensionality expansion of
feature maps and established correlations between channels. Then, the whole lithography hotspot detection model, GSSL,
was constructed by GhostNeck to realize the semi-supervised learning method of gradually introducing unlabeled data into
the training. Data augmentation methods were integrated to augment hotspot layouts in the dataset to alleviate dataset
imbalance. Besides, a weighted cross-entropy loss function was applied to further improve the model’ s focus on hotspot
categories. Results The model was evaluated on the benchmark dataset of the 2012 International Conference on
Computer-Aided Design (ICCAD) competition, achieving an average accuracy of 91. 73% and an average false alarm of

680 when the proportion of labeled data ranged from 10% to 50%. Conclusion Compared with other traditional methods,
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GSSL adeptly tackles the challenge of imbalanced datasets, improving accuracy in lithography hotspot detection while

significantly reducing false alarms. Therefore, this study holds considerable application value in lithography hotspot

detection.

Keywords: lithography hotspot detection; integrated circuit; semi-supervised learning; improved Ghost module
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Fig.1 Structure diagram of Ghost_ CBAM module
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Table 5 Comparison of experimental results of different methods

el 0.1 0.3 0.5 0.7 0.9 1.0
E
ik o (%) o 0 (B) on 0y (%) on 0y (%) on 0\ (%) on oy (%) oy
DAC 89.44 700 93.33 383 96.51 297 97.11 294 97.79 287 97.19 239
" SSL 97.99 1643 98.11 643 97.67 425 97.87 265 97.51 211 917.75 231
A2 ISSL 96.91 968 96. 95 305 97.99 307 97.51 227 97.47 212 97.79 207
GSSL 99. 40 722 98. 40 293 99. 00 197 98. 60 182 98.20 209 98. 80 166
DAC 97.94 4288 98.34 3569 98.04 3098 98.17 3001 98.22 2780 98.22 2 878
N SSL 98.47 5130 98.43 3593 98.26 3083 98.15 2740 98.24 2665 98.27 2 854
. ISSL 97.77 2524 97.83 2345 97.83 2513 97.95 2701 98.25 2618 98.16 2 938
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DAC 35.14 230 65.99 315 78.19 359 717.85 261 90.73 387 91.75 309
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R ISSL 54.35 454 72. 54 282 81.69 309 81.24 256 82.82 272 89. 60 343
GSSL 80. 65 530 90. 32 315 88.71 303 93.55 239 96. 77 249 96.24 294
DAC 8.29 3 27.32 39 75.12 86 90.73 72 93. 66 79 95.61 90
N SSL 14. 63 11 40. 00 73 84.88 104 96. 59 141 94.71 100 95.12 94
B3 ISSL 25.85 59 40. 49 43 88.29 107 93.17 97 95.12 75 93.17 87
GSSL 67.44 43 90.70 66 90.70 60 97. 67 70 97.67 38 97.67 43
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{—iéj ISSL 68.72 1001  76.95 744 91.45 809 92.47 820 93.42 794 94. 68 894
GSSL 86. 43 755 94. 49 664 94.26 621 97.16 605 97.81 633 97.84 705
25 Wi BT 6 R A OSBRI B0, SRR RN 6

N T P EGIE GSSL J5 i 3 MBI A A

7N
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Table 6 Results of ablation experiments
5 = ol
0.1 0.5 1
SPL IDA Ghost_CBAM ~ Wloss  0,.(%) Tpa oo (%) Ty 75 (%0) Ty
v 96.91 968 97.99 307 97.79 207
v v 98.01 701 98. 40 578 97. 41 235
v v 98. 00 750 98. 80 234 97. 80 171
v 94.21 417 96. 81 97 95.21 169
v v 97. 60 760 98. 00 204 98. 00 137
v v v v 99. 40 722 99. 00 197 98. 80 166

FEARCEEE S HEh 0. 1 B IDA 7 s 0 i AR
HER R AR BT T 1. 19% 1 27. 6% B2 BEE b
TCEE (5 E B R TDA BB 184 i 1 200 SR 2 7 Uk 557, 3X
SR TARIC AR & AR, B iC B PR A #R s Ek
pRIvS U | R WS 4 € 1 N T )| W
DA $icHi b i m o 3 oS SR, B R 17X — ()
R AR AR A B 8 I 25 v 38 40 R A AR I 80 2 2T 4
ASBARRAE DI 203 T B R A b 0 B S B B 4
ZIEUL, Ghost_CBAM Y I FH 78 52 1 55 49 bR B 784 4
LU ARSI B2 fry [ BsF 4 AS TR b 0 850 o L T iR 4t
SERIREAR T 21, 2% , 0/0 TR R ok Al PR R A
SRR B 0, DT R TS TR A o e R R
Wloss $5 2% RREC I 7 T R SR A2 78 114 46 DA 2 ST 4 B
KT 2. 2% , AR AR (R R Mt J32 A 1K 1 A 7R AR [
PRI B & HL R AR, T AR AE Ghost_CBAM Fr) 5k
ili 07 Wloss 453 9% BRESC AT DRSS AR fr) GRS B 1 3
$ETF 0. 3% Y[R REARE A () P S5 R FAIK 29. 6%, 5K
Br b, 7 46 A5 R SPL rh AR YR B A IDA B5 40 3 5
Ghost_CBAM DJ J& Wloss 45t 5% pRZL, P LKA AL AE AN [A]
PRICEE 5 BT R I e B T B A, 2RI M
R TE T 1.5% M 27. 1%, 3 3 74 fl 52 46
SERAT LI B, SR FH A el tE 15 e R L MAAS [ B ok
1655 SPL W 45 B0 1) B8, S R 00 o 60 2 2 7 7y )
B, R PR TR Y 15841
3 8 #©

FEZN AR AL AR B B vT s M b A &
REBEMEH, ABFFERE T —F 3 F 2t Ghost 5
B BLER A 38 5 A 2F B O 20 BAOSOR I B , R A

Ghost FEHR E 8 A0 W 25 19 [RI B, B CBAM 32 1 HL
il 51 Ghost FEHILAMEAR (b | (AR Y [ 38 0 b o] 2
FRAE 7 38 T8 A 2 () 48 R M, £ X ICCAD
2012 TEFEHEUEAFAE (0 BOHE A AS VA7 19 ) R 38 4 Xof 2
E 2 FEIE 4 FNIEHE 5 N AR BB B 0 T ik 9T AL
INALAE U 451 2% bR B8 A A4 2800 TR 7 A ) 7 43 2 AL
i, (AT RAE I i B o B0 G T A B AR A K b
G T BG4 G 2 I 5 AR B B R AN T A )
A, SEEREE R N AR ST 20 B G 2 RSk
W7 X620 R R ) R ARSI T At 1 | JEAEAN )
LB bR o LR, SRR 350 1] 3k 2] 86. 43%
94. 49% 94.26% 97. 16% 97. 81% 1 97. 84% , V- HJi% 4
Iy 51K 755 664 621 605 633 F1 705, S 45 FE 55 4 IE
B T3 03T R0 Ghost 5 5 BBCHE 16 38 114 216 W%
FEZHR R IN T 2% A Rk 5 YA A L, BT O
PAE R AR IR K SCEE T 8 R A R RS, B
T IR ARG 2R ARSI I ELAT — 5 0 i AN (L
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