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Introduction BiISMO vs. Traditional SMO Flow
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sequential optimizations, leading to long
runtimes and no performance guarantees.

- The paper introduces a unified SMO framework
using accelerated Abbe forward imaging,
enhancing precision and efficiency. (b)
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- The innovative BISMO framework, using bilevel
optimization and three gradient-based methods,

achieves 40% error reduction and 8x runtme ‘o _____ __ _ _ __ ____~_ ________ s e /
efficiency increase. Figure 2. (a)Previous AM-SMO flow. (b)Our BiSMO flow.
Reformulate into bilevel format.
Contribution
- First unified Abbe-based SMO framework with 67,60, %%glﬂi? Como 97, 02¢); . TCFES vre]cj:tgrgwacgnebg)gggelde SEOEL!getrXeoLh%ntghaprouem:
nrocess window considerations, parallel [ 7
computation accelerates Abbe imaging to min £,0(6%(011), Oar). > Upper-Level: MO min _ae}ae}} U (7)
—|0p|<ins’ method specds. O . . The conjugate gradient (CG) algorithm is well-suited for this task. BiSMO-CG
- Modeled SMO as a unified bilevel framework, .. 83(0n) = argming, Lio(6y,0n). > Lower-Level S0is computed as
developed three efﬁcienﬁ oradient-based | | | VHMZS,?OZ%”;— {argwmin (wT aiigﬁjwaaa%”;O)} agjfggj' (8)
methods for better solution space exploration. Solve the bilevel SMO : Hypergradient
- Experimental results: 40% error reduction and Results and Analysis
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Fioure 1. (a) The forward lithography and SMO process. (b) Neumann series: Figure 3. Result samples from ICCAD13 and ISPD19 datasets.
Bilevel SMO with upper-level MO and lower-level SO. With a matrix A that || Z — Al| < 1, we have:
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BiSMO-NMN is given by, Figure 5: Mean and STD of (a) ICCAD (b) ICCAD-L datasets.
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