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(a) The forward lithography and SMO process.
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The source mask optimization flow.



The scalar imaging equation under partially coherent illumination

I (x1, y1) =
y ∞y

−∞
JC

(
x0 − x′0, y0 − y′0

)
M (x0, y0)M∗ (x′0, y′0

)
H (x1 − x0, y1 − y0)H∗ (x1 − x′0, y1 − y′0

)
dx0 dy0 dx′0dy′0,

(1)

Just for simplification:

I ←
y y

J ·M ·M∗ ·H ·H∗ (2)
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Forward imaging equation.



Abbe equation parameters

Activation Initialization

Mask M M = σ(αm · θM) θM(x, y) = m0, if M0(x, y) = 1; else −m0.

Source J J = σ(αj · θJ) θJ(f , g) = j0, if J0(f , g) = 1; else −j0.

Table: The activation and initialization for Abbe-imaging.

For projection lens:

H(f , g) =

{
1, if

√
f 2 + g2 ≤ NA

λ ,

0, otherwise,
(3)

For resist modeling:
Z = σ(β · (I − Itr)), (4)
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Abbe-based SMO: source and mask parameters: θJ and θM.



L2 loss:
L2 = ∥Z− Zt∥2. (5)

PVB loss:
Lpvb = ∥Zmax − Zt∥2 + ∥Zmin − Zt∥2. (6)

SMO loss:
Lsmo = Lso = Lmo = γL2 + ηLpvb, (7)

The SMO problem is thus defined as:

(θ̂J, θ̂M) = argmin
(θJ,θM)

Lsmo(θJ,θM), (8)
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Abbe-based SMO: loss function



Local SO epoch
SO Steps SO Steps…
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MO Steps MO Steps…
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( ˆθM , θ̂J)

Traditional SMO

(a)

Algorithm Alternating Minimization-based SMO (AM-SMO)

1: for k = 1, 2, 3, . . .; do ▷ Alternating SO & MO.
2: while not converged do ▷ SO iterations.
3: (θJ)k ← argminθJ

Lso
(
θJ, (θM)k−1

)
; ▷ θM is fixed.

4: while not converged do ▷ MO iterations.
5: (θM)k ← argminθM

Lmo
(
(θJ)k,θM

)
; ▷ θJ is fixed.

return (θJ)k, (θM)k.
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Previous alternating minimization-based SMO



However, AM-SMO has several notable drawbacks:

1 Local-minima: AM-SMO tends to converge to local minima due to its narrow focus on
localized aspects of SO or MO, ignoring the global structure of the problem.

2 Slow-convergence: The convergence is often slow because the source and mask are
highly interdependent. Adjusting (θM)k as per line 5 makes (θJ)k suboptimal,
requiring numerous iterations for stabilization.

3 Lack of global perspective: The absence of global gradient guidance complicates
establishing effective early stopping criteria, often resulting in either prolonged
optimization or suboptimal convergence.
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Drawbacks of traditional AM-SMO



• Leader takes a decision x

• The follower uses the leader’s decision
to take the best decision based on f (x, ·)

• The leader evaluates both x, y to
evaluate F(x, y).
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Bilevel Optimization: Nested Scheme



(θ̂J, θ̂M) = argmin
(θJ,θM)

Lsmo(θJ,θM), (9)

⇓ (10)

min
θM
Lmo(θ

∗
J (θM),θM), ▷ Upper-Level: MO

s.t. θ∗
J (θM) = argminθJ

Lso(θJ,θM). ▷ Lower-Level: SO
(11)
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J
(θM

), θM
)

Upper Level: MO
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Reformulate into bilevel format.



∇θMLmo =
∂Lmo

∂θM
+

∂Lmo

∂θJ

∂θ∗
J (θM)

∂θM
. (12)

Direct gradient is easy to calculate: ∂Lmo
∂θM

and ∂Lmo
∂θJ

.

Challenges

1 Precise approximation of the SO optimal solution θ∗
J (θM).

2 Differentiating the best-response Jacobian:
∂θ∗

J (θM)

∂θM
.
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Solve the bilevel SMO : Hypergradient



• BiSMO-FD : bilevel SMO with finite difference.

• BiSMO-NMN: bilevel SMO with Neumann series.

• BiSMO-CG: bilevel SMO with conjugate gradient.
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Three solutions to solve the bilevel SMO.



To solve:

∇θMLmo =
∂Lmo

∂θM
+

∂Lmo

∂θJ

∂θ∗
J (θM)

∂θM
. (13)

BiSMO-FD

1 Approximate θ∗
J (θM) = θJ − ξ∇θJLso, (single step approximation)

2 obtaining
∂θ∗

J (θM)

∂θM
= −ξ ∂2Lso

∂θM∂θJ
,

3 Hypergradient calculation:

∇θMLFDmo =
∂Lmo

∂θM
− ξ

∂Lmo

∂θJ

∂2Lso

∂θM∂θJ
, (14)
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BiSMO-FD: finite difference



Implicit Function Theorem:

Consider θ∗
J (θM), with first-order optimally condition ∂Lso(θ

∗
J ,θM)

∂θJ
= 0,

∂

∂θM

[
∂Lso(θ

∗
J (θM),θM)

∂θJ

]
=0, ⇒ ∂2Lso

∂θM∂θJ
+

∂2Lso

∂θJ∂θJ

∂(θ∗
J (θM))

∂θM
= 0,

⇒ best-response Jacobian:
∂(θ∗

J (θM))

∂θM
= −

[
∂2Lso

∂θJ∂θJ

]−1
∂2Lso

∂θM∂θJ
.

(15)

With Equation (12), we have hypergradient formulated by:

∇θMLmo =
∂Lmo

∂θM
− ∂Lmo

∂θJ

[
∂2Lso

∂θJ∂θJ

]−1
∂2Lso

∂θM∂θJ
. (16)
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IFT and BiSMO-NMN, BiSMO-CG



∇θMLmo =
∂Lmo

∂θM
− ∂Lmo

∂θJ

[
∂2Lso

∂θJ∂θJ

]−1
∂2Lso

∂θM∂θJ
. (17)

Challenges for IFT

• The inverse Hessian
[

∂2Lso
∂θJ∂θJ

]−1
in Equation (16) is hard to calculate.

Naive solution for ILT : BiSMO-FD

• In Equation (14), BiSMO-FD employs finite difference to naively approximate the

inverse
[

∂2Lso
∂θJ∂θJ

]−1
= ξI , where I denotes the identity matrix.

∇θMLFDmo =
∂Lmo

∂θM
− ξ

∂Lmo

∂θJ

∂2Lso

∂θM∂θJ
, (18)

15 / 25

Challenges for IFT



Do we have better approximation of the inverse?

More precise approximation of the inverse, IFT-based

• BiSMO-NMN: Neumann series

• BiSMO-CG: conjugate gradient

to reformulate the hypergradient.
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Better approx. of the inverse: BiSMO-NMN and BiSMO-CG



Lemma 2
Neumann series:
With a matrix A that ∥I − A∥ < 1, we have:

A−1 =

∞∑
k=0

(I − A)k. (19)

Then we can approximate the inverse
[

∂2Lso
∂θJ∂θJ

]−1
and define the hypergradient as:

∇θMLmo =
∂Lmo

∂θM
− ∂Lmo

∂θJ

∞∑
k=0

[
I − ∂2Lso

∂θJ∂θJ

]k
∂2Lso

∂θM∂θJ
. (20)
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Neumann series for inverse Hessian approximation



• Specifically, ∂Lmo
∂θJ

[
∂2Lso
∂θJ∂θJ

]−1
can be computed as the solution to the linear system[

∂2Lso
∂θJ∂θJ

]
w = ∂Lmo

∂θJ
.

• The vector w can be obtained by solving the optimization problem:

min
w

w⊤
[
∂2Lso

∂θJ∂θJ

]
w−w⊤ ∂Lmo

∂θJ
. (21)

• The conjugate gradient (CG) algorithm is well-suited for this task.

The hypergradient in Equation (16) for BiSMO-CG is then computed as:

∇θML̃CGmo=
∂Lmo

∂θM
−
[
argmin

w

(
w⊤ ∂2Lso

∂θJ∂θJ
w−w⊤∂Lmo

∂θJ

)]
∂2Lso

∂θM∂θJ
. (22)
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Conjugate gradient: another way to approximate the inverse



Hypergradient: ∇θMLmo =
∂Lmo

∂θM
+

∂Lmo

∂θJ

∂θ∗
J (θM)

∂θM
. (23)

⋆ Finite Difference: ∇θMLFDmo =
∂Lmo

∂θM
− ξ

∂Lmo

∂θJ

∂2Lso

∂θM∂θJ
,

§IFT - Neumann Series: ∇θML̃NMNmo =
∂Lmo

∂θM
− ∂Lmo

∂θJ

K∑
k=0

[
I − ∂2Lso

∂θJ∂θJ

]k
∂2Lso

∂θM∂θJ
.

§IFT - Conjugate Gradient:∇θML̃CGmo=
∂Lmo

∂θM
−
[
argmin

w

(
w⊤ ∂2Lso

∂θJ∂θJ
w−w⊤∂Lmo

∂θJ

)]
∂2Lso

∂θM∂θJ
.
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BiSMO overall flow



§ Finite Difference: ∇θMLFDmo =
∂Lmo

∂θM
− ξ

∂Lmo

∂θJ

∂2Lso

∂θM∂θJ
,

§ Neumann Series: ∇θML̃NMNmo =
∂Lmo

∂θM
− ∂Lmo

∂θJ

K∑
k=0

[
I − ∂2Lso

∂θJ∂θJ

]k
∂2Lso

∂θM∂θJ
.

§ Conjugate Gradient: ∇θML̃CGmo=
∂Lmo

∂θM
−
[
argmin

w

(
w⊤ ∂2Lso

∂θJ∂θJ
w−w⊤∂Lmo

∂θJ

)]
∂2Lso

∂θM∂θJ
.

Upper:
MO

Lower:
SO

Unroll SO steps Best Jacobian Direct gradient hypergradient

Bilevel SMO

(b)

MO
Step

MO
Step … MO

Step

<latexit sha1_base64="wRDIbv+wjQHJXY1kFL2WE8Z2n7Y=">AAAB+3icbVDJSgNBEO1xjXGbxKMIg0EQD2FGcDkGvIinCGaBTBx6OpWkSc9Cd40YhvyKCB5c8Kg3v8KbR//EznLQxAcFj/eqqKrnx4IrtO0vY25+YXFpObOSXV1b39g0c/mqihLJoMIiEcm6TxUIHkIFOQqoxxJo4Auo+b2zoV+7Aal4FF5hP4ZmQDshb3NGUUuemXeRixakLnYB6cC7uD7wzIJdtEewZokzIYVS7v7te+fjueyZn24rYkkAITJBlWo4dozNlErkTMAg6yYKYsp6tAMNTUMagGqmo9sH1p5WWlY7krpCtEbq74mUBkr1A193BhS7atobiv95jQTbp82Uh3GCELLxonYiLIysYRBWi0tgKPqaUCa5vtViXSopQx1XVofgTL88S6qHRee4eHTpFEo2GSNDtsku2ScOOSElck7KpEIYuSV35JE8GQPjwXgxXsetc8ZkZov8gfH+A21wmGU=</latexit>

θ̃∗
J

<latexit sha1_base64="wRDIbv+wjQHJXY1kFL2WE8Z2n7Y=">AAAB+3icbVDJSgNBEO1xjXGbxKMIg0EQD2FGcDkGvIinCGaBTBx6OpWkSc9Cd40YhvyKCB5c8Kg3v8KbR//EznLQxAcFj/eqqKrnx4IrtO0vY25+YXFpObOSXV1b39g0c/mqihLJoMIiEcm6TxUIHkIFOQqoxxJo4Auo+b2zoV+7Aal4FF5hP4ZmQDshb3NGUUuemXeRixakLnYB6cC7uD7wzIJdtEewZokzIYVS7v7te+fjueyZn24rYkkAITJBlWo4dozNlErkTMAg6yYKYsp6tAMNTUMagGqmo9sH1p5WWlY7krpCtEbq74mUBkr1A193BhS7atobiv95jQTbp82Uh3GCELLxonYiLIysYRBWi0tgKPqaUCa5vtViXSopQx1XVofgTL88S6qHRee4eHTpFEo2GSNDtsku2ScOOSElck7KpEIYuSV35JE8GQPjwXgxXsetc8ZkZov8gfH+A21wmGU=</latexit>

θ̃∗
J

<latexit sha1_base64="wRDIbv+wjQHJXY1kFL2WE8Z2n7Y=">AAAB+3icbVDJSgNBEO1xjXGbxKMIg0EQD2FGcDkGvIinCGaBTBx6OpWkSc9Cd40YhvyKCB5c8Kg3v8KbR//EznLQxAcFj/eqqKrnx4IrtO0vY25+YXFpObOSXV1b39g0c/mqihLJoMIiEcm6TxUIHkIFOQqoxxJo4Auo+b2zoV+7Aal4FF5hP4ZmQDshb3NGUUuemXeRixakLnYB6cC7uD7wzIJdtEewZokzIYVS7v7te+fjueyZn24rYkkAITJBlWo4dozNlErkTMAg6yYKYsp6tAMNTUMagGqmo9sH1p5WWlY7krpCtEbq74mUBkr1A193BhS7atobiv95jQTbp82Uh3GCELLxonYiLIysYRBWi0tgKPqaUCa5vtViXSopQx1XVofgTL88S6qHRee4eHTpFEo2GSNDtsku2ScOOSElck7KpEIYuSV35JE8GQPjwXgxXsetc8ZkZov8gfH+A21wmGU=</latexit>

θ̃∗
J

Return
<latexit sha1_base64="B1Ta/5aAIa+waRW6r/Ux0uLsVzc=">AAACCXicbVDJSgNBEK2JRmPcRj16aQxCBA0zgttFAl5EECKYBZIQejqdpEnPQneNEIZcvfgrXjwo4tU/8Obf2FkOMfqg4PV7VXTV8yIpNDrOt5VaWEwvLWdWsqtr6xub9tZ2RYexYrzMQhmqmkc1lyLgZRQoeS1SnPqe5FWvfzXyqw9caREG9ziIeNOn3UB0BKNopJZN8o0exaSBPY60dTs8JLPvm+FBy845BWcM8pe4U5Ir2pC+PPIuSi37q9EOWezzAJmkWtddJ8JmQhUKJvkw24g1jyjr0y6vGxpQn+tmMr5kSPaN0iadUJkKkIzV2YmE+loPfM90+hR7et4bif959Rg7581EBFGMPGCTjzqxJBiSUSykLRRnKAeGUKaE2ZWwHlWUoQkva0Jw50/+SyrHBfe0cHLn5ooOTJCBXdiDPLhwBkW4hhKUgcEjPMMrvFlP1ov1bn1MWlPWdGYHfsH6/AHTQ5sz</latexit>

( ˆθM , θ̂J)

<latexit sha1_base64="StTYruqTdD5NAP/Ti0m9TewUjqs=">AAAB/3icbVA9SwNBEJ3zM8aop4KNzWIQrMKd4EcZsLGSCEaF5Ah7m0lc3Ptgd04MZwr/io2FIrb+DTv/jZuLhSY+GHi8N8PMvDBV0pDnfTkzs3PzC4ulpfJyZWV1zV3fuDRJpgU2RaISfR1yg0rG2CRJCq9TjTwKFV6Ftycj/+oOtZFJfEGDFIOI92PZk4KTlTruVptkhIadsTbhPeXMEKZm2HGrXs0rwKaJ/0Oq9QoUaHTcz3Y3EVmEMQnFjWn5XkpBzjVJoXBYbmcGUy5ueR9blsbcLg3y4v4h27VKl/USbSsmVqi/J3IeGTOIQtsZcboxk95I/M9rZdQ7DnIZpxlhLMaLeplilLBRGKwrNQpSA0u40NLeysQN11yQjaxsQ/AnX54ml/s1/7B2cO5X6/vjNKAE27ADe+DDEdThFBrQBAEP8AQv8Oo8Os/Om/M+bp1xfmY24Q+cj288UJY+</latexit>×N steps

Gradient fusion

(b)Our BiSMO flow. 20 / 25

BiSMO overall flow



Local SO epoch
SO Steps SO Steps…

<latexit sha1_base64="yHGastsB0MjN+eLULAjnSevzyQM=">AAAB73icbVDJSgNBEK1xjXGLevTSGARPcUZwuRnw4kkScJJAMoSeTk/SpGexu0YIQ/7AkxcPinj1dzwIfoh3O8tBEx8UPN6r4lWVn0ih0ba/rIXFpeWV1dxafn1jc2u7sLNb03GqGHdZLGPV8KnmUkTcRYGSNxLFaehLXvf7VyO/fs+VFnF0i4OEeyHtRiIQjKKRGi0UIdfkpl0o2iV7DDJPnCkpXn671c8HcVxpFz5anZilIY+QSap107ET9DKqUDDJh/lWqnlCWZ92edPQiJoYLxvvOySHRumQIFamIiRj9fdERkOtB6FvOkOKPT3rjcT/vGaKwYWXiShJkUdsEhSkkmBMRseTjlCcoRwYQpkSZlfCelRRhuZFefMEZ/bkeVI7KTlnpdOqUyzbMEEO9uEAjsCBcyjDNVTABQYSHuEZXqw768l6td4mrQvWdGYP/sB6/wHQ6JN/</latexit>×N

Local MO epoch
MO Steps MO Steps…

<latexit sha1_base64="yHGastsB0MjN+eLULAjnSevzyQM=">AAAB73icbVDJSgNBEK1xjXGLevTSGARPcUZwuRnw4kkScJJAMoSeTk/SpGexu0YIQ/7AkxcPinj1dzwIfoh3O8tBEx8UPN6r4lWVn0ih0ba/rIXFpeWV1dxafn1jc2u7sLNb03GqGHdZLGPV8KnmUkTcRYGSNxLFaehLXvf7VyO/fs+VFnF0i4OEeyHtRiIQjKKRGi0UIdfkpl0o2iV7DDJPnCkpXn671c8HcVxpFz5anZilIY+QSap107ET9DKqUDDJh/lWqnlCWZ92edPQiJoYLxvvOySHRumQIFamIiRj9fdERkOtB6FvOkOKPT3rjcT/vGaKwYWXiShJkUdsEhSkkmBMRseTjlCcoRwYQpkSZlfCelRRhuZFefMEZ/bkeVI7KTlnpdOqUyzbMEEO9uEAjsCBcyjDNVTABQYSHuEZXqw768l6td4mrQvWdGYP/sB6/wHQ6JN/</latexit>×N Stop?
No

Return
<latexit sha1_base64="B1Ta/5aAIa+waRW6r/Ux0uLsVzc=">AAACCXicbVDJSgNBEK2JRmPcRj16aQxCBA0zgttFAl5EECKYBZIQejqdpEnPQneNEIZcvfgrXjwo4tU/8Obf2FkOMfqg4PV7VXTV8yIpNDrOt5VaWEwvLWdWsqtr6xub9tZ2RYexYrzMQhmqmkc1lyLgZRQoeS1SnPqe5FWvfzXyqw9caREG9ziIeNOn3UB0BKNopJZN8o0exaSBPY60dTs8JLPvm+FBy845BWcM8pe4U5Ir2pC+PPIuSi37q9EOWezzAJmkWtddJ8JmQhUKJvkw24g1jyjr0y6vGxpQn+tmMr5kSPaN0iadUJkKkIzV2YmE+loPfM90+hR7et4bif959Rg7581EBFGMPGCTjzqxJBiSUSykLRRnKAeGUKaE2ZWwHlWUoQkva0Jw50/+SyrHBfe0cHLn5ooOTJCBXdiDPLhwBkW4hhKUgcEjPMMrvFlP1ov1bn1MWlPWdGYHfsH6/AHTQ5sz</latexit>

( ˆθM , θ̂J)

Traditional SMO

(a)

Upper:
MO

Lower:
SO

Unroll SO steps Best Jacobian Direct gradient hypergradient

Bilevel SMO

(b)

MO
Step

MO
Step … MO

Step

<latexit sha1_base64="wRDIbv+wjQHJXY1kFL2WE8Z2n7Y=">AAAB+3icbVDJSgNBEO1xjXGbxKMIg0EQD2FGcDkGvIinCGaBTBx6OpWkSc9Cd40YhvyKCB5c8Kg3v8KbR//EznLQxAcFj/eqqKrnx4IrtO0vY25+YXFpObOSXV1b39g0c/mqihLJoMIiEcm6TxUIHkIFOQqoxxJo4Auo+b2zoV+7Aal4FF5hP4ZmQDshb3NGUUuemXeRixakLnYB6cC7uD7wzIJdtEewZokzIYVS7v7te+fjueyZn24rYkkAITJBlWo4dozNlErkTMAg6yYKYsp6tAMNTUMagGqmo9sH1p5WWlY7krpCtEbq74mUBkr1A193BhS7atobiv95jQTbp82Uh3GCELLxonYiLIysYRBWi0tgKPqaUCa5vtViXSopQx1XVofgTL88S6qHRee4eHTpFEo2GSNDtsku2ScOOSElck7KpEIYuSV35JE8GQPjwXgxXsetc8ZkZov8gfH+A21wmGU=</latexit>

θ̃∗
J

<latexit sha1_base64="wRDIbv+wjQHJXY1kFL2WE8Z2n7Y=">AAAB+3icbVDJSgNBEO1xjXGbxKMIg0EQD2FGcDkGvIinCGaBTBx6OpWkSc9Cd40YhvyKCB5c8Kg3v8KbR//EznLQxAcFj/eqqKrnx4IrtO0vY25+YXFpObOSXV1b39g0c/mqihLJoMIiEcm6TxUIHkIFOQqoxxJo4Auo+b2zoV+7Aal4FF5hP4ZmQDshb3NGUUuemXeRixakLnYB6cC7uD7wzIJdtEewZokzIYVS7v7te+fjueyZn24rYkkAITJBlWo4dozNlErkTMAg6yYKYsp6tAMNTUMagGqmo9sH1p5WWlY7krpCtEbq74mUBkr1A193BhS7atobiv95jQTbp82Uh3GCELLxonYiLIysYRBWi0tgKPqaUCa5vtViXSopQx1XVofgTL88S6qHRee4eHTpFEo2GSNDtsku2ScOOSElck7KpEIYuSV35JE8GQPjwXgxXsetc8ZkZov8gfH+A21wmGU=</latexit>

θ̃∗
J

<latexit sha1_base64="wRDIbv+wjQHJXY1kFL2WE8Z2n7Y=">AAAB+3icbVDJSgNBEO1xjXGbxKMIg0EQD2FGcDkGvIinCGaBTBx6OpWkSc9Cd40YhvyKCB5c8Kg3v8KbR//EznLQxAcFj/eqqKrnx4IrtO0vY25+YXFpObOSXV1b39g0c/mqihLJoMIiEcm6TxUIHkIFOQqoxxJo4Auo+b2zoV+7Aal4FF5hP4ZmQDshb3NGUUuemXeRixakLnYB6cC7uD7wzIJdtEewZokzIYVS7v7te+fjueyZn24rYkkAITJBlWo4dozNlErkTMAg6yYKYsp6tAMNTUMagGqmo9sH1p5WWlY7krpCtEbq74mUBkr1A193BhS7atobiv95jQTbp82Uh3GCELLxonYiLIysYRBWi0tgKPqaUCa5vtViXSopQx1XVofgTL88S6qHRee4eHTpFEo2GSNDtsku2ScOOSElck7KpEIYuSV35JE8GQPjwXgxXsetc8ZkZov8gfH+A21wmGU=</latexit>

θ̃∗
J

Return
<latexit sha1_base64="B1Ta/5aAIa+waRW6r/Ux0uLsVzc=">AAACCXicbVDJSgNBEK2JRmPcRj16aQxCBA0zgttFAl5EECKYBZIQejqdpEnPQneNEIZcvfgrXjwo4tU/8Obf2FkOMfqg4PV7VXTV8yIpNDrOt5VaWEwvLWdWsqtr6xub9tZ2RYexYrzMQhmqmkc1lyLgZRQoeS1SnPqe5FWvfzXyqw9caREG9ziIeNOn3UB0BKNopJZN8o0exaSBPY60dTs8JLPvm+FBy845BWcM8pe4U5Ir2pC+PPIuSi37q9EOWezzAJmkWtddJ8JmQhUKJvkw24g1jyjr0y6vGxpQn+tmMr5kSPaN0iadUJkKkIzV2YmE+loPfM90+hR7et4bif959Rg7581EBFGMPGCTjzqxJBiSUSykLRRnKAeGUKaE2ZWwHlWUoQkva0Jw50/+SyrHBfe0cHLn5ooOTJCBXdiDPLhwBkW4hhKUgcEjPMMrvFlP1ov1bn1MWlPWdGYHfsH6/AHTQ5sz</latexit>

( ˆθM , θ̂J)

<latexit sha1_base64="StTYruqTdD5NAP/Ti0m9TewUjqs=">AAAB/3icbVA9SwNBEJ3zM8aop4KNzWIQrMKd4EcZsLGSCEaF5Ah7m0lc3Ptgd04MZwr/io2FIrb+DTv/jZuLhSY+GHi8N8PMvDBV0pDnfTkzs3PzC4ulpfJyZWV1zV3fuDRJpgU2RaISfR1yg0rG2CRJCq9TjTwKFV6Ftycj/+oOtZFJfEGDFIOI92PZk4KTlTruVptkhIadsTbhPeXMEKZm2HGrXs0rwKaJ/0Oq9QoUaHTcz3Y3EVmEMQnFjWn5XkpBzjVJoXBYbmcGUy5ueR9blsbcLg3y4v4h27VKl/USbSsmVqi/J3IeGTOIQtsZcboxk95I/M9rZdQ7DnIZpxlhLMaLeplilLBRGKwrNQpSA0u40NLeysQN11yQjaxsQ/AnX54ml/s1/7B2cO5X6/vjNKAE27ADe+DDEdThFBrQBAEP8AQv8Oo8Os/Om/M+bp1xfmY24Q+cj288UJY+</latexit>×N steps

Gradient fusion

Comparison of traditional AM-SMO and BiSMO.

21 / 25

BiSMO vs. AM-SMO



Mask Optimization

AM-SMO

Bilevel-SMO
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Results visualization
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Comparison with SOTA



ICCAD13/ L ISPD19Source
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ask
Resist

Result samples from ICCAD13 and ISPD19 datasets.

24 / 25

Samples
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