%41 %% 6 FTRIARFZFZR(AAHAFR) 2024 4F 12 J
Vol.41 No. 6 J Chongqing Technol & Business Univ( Nat Sci Ed) Dec. 2024

FET ORI 2 it o B i FEBSAR AR AT 55

ARE i OE
| B IRFE ANIFRFIR, 2 HEd 232001
2. BB IRF HENMFE TEFR, 2 Ed 232001

W OEHN AR AALHERT AR $HEOLZBELSBBEAE ST HEGEE, RBET AL TERE
52 5] 64 58 B SH I AERALAE B8 TransU-ILT, Jjik HAEZR1E A CNN-Transformer & 384-4E 7 AE 4 43 4232 BROEE 3 32 IR
B AR By 69 IR AR AL AL T A S P N T LB R T ML sk, D SRt AR P e N R B B LR 4R
Bt By B ARG PO B i i — 3R e eg TR R, B R A RAW . SRk ey kA,
i h e E 8 TTVASEHL 4 456 B 4kt deik BT L, R 2 A T L AT IR H @0 A BAKT 13.4% 4 4.3%),
HAER & R 09 3645 5h ] B A% T 7, L4238 B AR £, 458 TransU-ILT f& B 18] b A% Ao 3642 5T 6P R4 0 &
BAR BT b rb e se it oy ik ) T A A BN AL T iR R AR — AR 28 Rk %

Kelitin] A AREAAL R F AR AL IR E S T AR

P sy TN305. 7 Scilikbibteg: A doi;10. 16055/j. issn. 1672-058X. 2024. 0006. 005

End-to-end Mask Optimization Task Based on Deep Learning
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Abstract: Objective Aiming at the problem of serious deviation between lithography pattern and mask pattern caused by
the mismatch between lithography system and feature size, an end-to-end mask optimization framework TransU-ILT based
on deep learning was proposed. Methods The framework used the CNN-Transformer hybrid model as a feature extraction
module to extract the depth features of the target layout, and added a pixel reorganization layer to the feature
reconstruction module to reconstruct the mask. In addition, in the training process, the depth supervision mechanism was
added to improve the extraction accuracy of layout pattern features, so as to further improve the printability of the mask.
Results Quantitative experimental results showed that compared with the most advanced methods, the proposed framework
achieved a 4X turnaround time acceleration, reduced the square L, error and the process change band index by 13.4%
and 4. 3%, respectively, and the wafer pattern edge of the mask generated by the framework was smoother and closer to
the target layout. Conclusion TransU-ILT is superior to other advanced methods in terms of time performance and mask
printability, which can provide an effective solution for mask optimization methods.
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Table 1 Performance comparison results of the proposed method and the state—of—the—art methods
kE 1t PGAN-OPC!" Neural -TLT"? A2-TLT TransU-ILT

A% @R/m’ BE/s L PVB ®HE/s L, PVB /s L, PVB  WE/s L, PVB ®wHE/s L, PVB
1 215344 1280 49893 65534 38 525710 56267 11 49817 55975 6.18 45287 59940 176 44132 32551
2 169 280 381 50369 48230 368 42253 5082 17 38174 52010 55 34044 51988 1.41 32097 43162
3 213504 1123 81007 108608 368 83663 94498 10 89411 91357 567 92505 91261 1.41 85323 88145
4 82 560 1271 20044 28285 377 19965 28957 9 16744 29982 563 21644 29017 1.23 13582 29652
5 281958 1120 446356 58835 369 44733 59328 11 45598 58900 5.68 38082 61601 1.25 31733 59009
6 286 234 391 57375 48739 364 46062 52845 10 43836 5499 564 42008 53620 1.23 35537 54372
7 229 149 406 37221 43490 377 26438 47981 16 20324 50542 564 21947 49053 1.25 21204 5059
8 128 544 388 19782 22846 383 17690 23564 15 13337 26353 552 15668 23853 1.22 14417 25985
9 317581 1138 55399 66331 383 56125 65417 11 49401 68817 559 46973 68442 1.25 38592 64952
10 102 400 387 24381 18097 366 9990 19893 14 8511 20734 54 10450 19950 1.22 8430 19562
FHME — 788.5 44012.750899.5 371.3 39948.949957.2 12.4 37515.350963.9 5.658 36866.8 508725 1.323 32504.7 48798
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Fig.7 Comparison of masks and their wafer pattern effects between the proposed model and the comparison model
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Table 2 Performance comparison with state—of—the—art methods on large benchmarks
P4 Neural-ILT!"? A2-ILTM TransU-ILT
w5 t/s L, PVB t/s L, PVB t/s L, PVB
11 20 79 933 120 577 6. 45 77 929 119 661 1.72 69 618 104 185
12 12 86 995 104 266 5.54 73 156 111 214 1.29 56 033 97 505
13 15 133 281 152 718 5.72 127 969 172 232 1.24 115 404 144 825
14 14 43 797 92 137 5.61 56 168 90 744 1.25 40 192 84 513
15 19 69 521 122 115 5.6 77 822 116 935 1.24 61 276 110 431
16 19 73 790 117 359 5.68 80 503 111 049 1.22 66 547 107 278
17 19 49 031 92 320 5.71 48 239 91 066 1.25 50 073 96 611
18 16 47 409 84 971 5.69 49 331 84 718 1.27 39 045 79 395
19 14 93 922 115 028 5.91 85 551 123 373 1.22 68 236 115 844
20 19 38 028 80 127 5.58 47 690 79 608 1.25 34 238 73 484
F1E 16.7 71 571 108 162 5.7 72 436 110 060 1.30 60 066 101 407
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Fig. 8 Comparison of masks and wafer pattern effects between the proposed model and the comparison model on large benchmarks

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



EXE IRE % TR RIS 47
4.4 gikorbr B, IIACTRIEE B8 BIL A T LA A 25k it AR S 12 I A 4

4.4.1  PREREI R

3.1 RTIR R BRI B A SR, 45 5 RG]
RAE PRI A 25 8] b SO R A G0 R E P A i AR
A BT S o D PR A A A R X T Y
H 2 IATE TransU-TLT &8 A [5) i B R 3% 4 1
oM, I U BRERIE B B 0/1/3,10 ST
HbrAi Jmy B35 L, 122 F T2 AR ki PEse tn &1 9 Jir
INo TEBRBRIEFERE N 1 0, RAE 1/4 73 B b i3 ik
BRiZESE AT LLAE 2, U0 5 2 B Bk B % 108 o 2 1R A
AP RYIEAIAT B M, SRR L, BRZEA PVB 2
6 172 174 T 1/8 73 B AR A A BEBR3E B (A&l 3
™) o L, TransU-ILT R A X AL E , (E1—
B2, I8 240 R R 2 (LD casel FI case3) A PR REE 25 E
TR B A R R 28 (A1 cased il caselQ) B MHH I, Xk
SERAER] TN ABKER 1% e T LA ] SRR oS i IR
GA

x10?
100

90
80
70
60

50

40

30

20 II

10 I [RR
0 [ I

casel case2 case3 cased case5 case6 case7 case8 case9 casel0
W BRER % 14 =0 m BRERZE =1 W Bk BRI 2 4L=3
B9 TransU-ILT H kR ZEZHEM H R LI
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Table 3 Ablation experiments with deep

supervision mechanisms

B A L,/nm*  PVB/nm®> L,+PVB/nm’
TransU-ILT (A RELE) 34826 48 394 83 220
TransU-ILT (RIRELE) 35962 49 569 85 531
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Fig. 10 Visualization of the deep supervision mechanism
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