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Introduction



IC Fabrication Process
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Photolithography

 Use photomask and photoresist to define where some material 

will be present or absent

4

Wafer

Quartz GlassPhotomask

Chrome pattern

Photoresist

UV light floods backside of mask



Optical Effect

 Ideal lithography: light passes through features by a straight 

path

 Real lithography: light behaves like waves when feature size is 

close to wavelength
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Lithography Simulation

 Lithography simulation generates simulated wafer patterns in 

the layout design stage

 Require high accuracy

 Computationally expensive and time-consuming
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Optical Proximity Correction (OPC)

 One of the most effective and widely adopted RETs

 Model-based OPC is usually adopted and also time-consuming
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Data-driven Approaches

 Machine learning-based approaches are recently popular 

 Fast inference time (greatly speed up lithography simulation and OPC)

 Could handle unseen patterns

 Require huge data for model training

 In this talk

 Data-driven approaches are reviewed

 Critical challenges are highlighted

 Primary technical contributions are summarized 

 Future research directions are suggested
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Data-driven Approaches for 

Lithography Simulation



A Data-driven Resist Model

 Watanabe et al., “Accurate lithography simulation model based 

on convolutional neural networks,” SPIE’17

 Convolutional neural network (CNN)-based

 Automatically extracting features from an aerial image

 Outperform constant/variable threshold resist models
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An End-to-End Lithography Model

 Ye et al., “LithoGAN: end-to-end lithography modeling with 

generative adversarial networks,” DAC’19

 Conditional generative adversarial network (CGAN)-based

 The CGAN generates the simulated image of the target hole

 The CNN predicts the center coordinate of the hole
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following objective function for CGAN,

min
G

max
D

Ex, y [log D(x, y)] + Ex, z[log(1 − D(x,G(x, z)))]

+ λ · Ex, y, z[ky − G(x, z)k1].
(3)

Th e deta ils o f th e CGAN arch ite ctu r e are su m m ar ize d in Ta-
ble 1. Th e p roblem th a t w e con sider m aps a h igh -r eso lu t ion in -
pu t (256⇥256) to a h igh -r esolu t ion ou tpu t (256⇥256), an d a com -
m on app roach to design su ch a gen era tor is th e u se of an en co der -
decoder n etw ork [14–16, 22]. Th e en co der passes th e in pu t th rou gh
a ser ies of layers th a t p rogressiv ely dow n sam ple th e in pu t un t il a
bo t t len e ck layer ; th en th e decoder reverses th e p rocess by p rogr es-
sively u p sam p lin g. In Table 1, co lu m n “Filter”gives th e size an d
st r ide of th e lter. A ll con volu t ion a l (Con v) an d decon volu t ion a l
(D econ v) lay ers h ave 5⇥5 lter s w ith a st r ide of 2. Batch n orm aliza-
t ion (BN) [23] is sele ct ively app lie d on cer ta in con vo lu t ion a l lay ers.
Th e en coder u ses leaky ReLU (LReLU) as th e act iva t ion fu n ct ion ,
w h er eas th e decoder u ses ReLU. Th e discr im in a to r is a con volu -
t ion a l n eu ra l n etw ork th a t p er fo rm s classi ca t ion to d ist in gu ish
between the real image pairs and fake image pairs.

Th e stan dar d app roach to t ra in GANs altern a tes betw een on e
step of op t im izin g D an d on e step of op t im izin g G [14]. In th is
w ay, w e train both th e gen erator an d th e discr im in ator to im prove
sim u ltan e ou sly, th u s avo id in g th e case w h ere on e n etw ork is sig-
n i can t ly m ore m atu r e th an th e o th er. H ere w e u se m in i-ba tch
sto ch ast ic grad ien t descen t (SGD) for grad ien t u p date an d app ly
the Adam solver [24] during the training stage.

3.3 Lith oGAN

CGAN h as dem on st ra te d p roven su ccess in im age gen era t ion tasks
[15, 16] w h ere gen era te d im ages fo llow th e d ist r ibu t ion of th e t ra in -
in g data con dit ion e d on th e in pu t im ages. H ow ever, for t radit ion al
com pu ter vision tasks, loca t ion s of th e obje cts in th e gen era te d
im age are n o t a m ajor con cern . For exam p le , w h en tra in e d to gen -
era te car im ages, th e ou tpu t of th e GAN is ju dged u p on based on
th e qu ality of an im age as seen by a h u m an w h ile n egle ct in g th e
exact loca t ion of th e car in th e im age . H ow ever, fo r th e lith ogra-
ph y m odelin g task , th e cen ter o f th e gen era te d resist p a t tern is as
im p or tan t as th e sh ap e of th e pa t tern . H er e th e cen ter refer s to th e
cen ter of th e boun din g box en closin g th e resist pat tern . In fact , w e
are in ter este d in p red ict in g a resist p a t tern w h ich is accu ra te in
both the shape and center.

W ith th ese tw o obje ct ives in m in d , an d base d on ou r exp er im en ts
sh ow n in Sect ion 4, it is eviden t th a t CGAN falls sh or t o f p r ed ict in g
th e cor rect cen ter lo ca t ion of th e resist pa t tern w h ile dem on st ra t in g
excellen t r esu lts p red ict in g th e sh ap e of th e pa t tern . H en ce, w e
p rop ose a du a l learn in g fram ew ork , refer r ed to as LithoGAN, w h ich
splits the modeling task into two objectives:

•Resist sh ap e m odelin g: a CGAN m odel is u sed to p r ed ict th e
shape of the resist pattern while neglecting the center;

•Resist cen ter p red ict ion : a CNN m o del is u sed to p red ict th e
center location of the resist pattern.

Th e app lica t ion of th e p rop osed Lith oGAN fram ew ork is illu s-
t ra ted in Figu r e 5 w h er e tw o data pa th s are sh ow n . In th e rst pa th ,
a t r a in ed CGAN m odel is u t ilize d to p red ict th e sh ap e of th e resist
p a t tern . Du r in g tra in in g, th e go lden pat tern is r e-cen ter ed a t th e
cen ter o f th e im age , an d th e coord in a tes o f th e or ig in a l cen ter a re
saved for CNN tra in in g. In o th er w ords, th e m odel is t r a in e d to

CGAN
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Gene ra ted
Image

P red ic ted
Cente r

(ch , cv )

P re -ad jus tment

Pos t-ad jus tment 
(Fina l)

Figu r e 5: Th e proposed Lith oGAN Fram ework .

p redict resist pat tern s th at are alw ays cen ter ed at th e cen ter of th e
im ages. On th e oth er h an d, th e secon d path is com p osed of a CNN
tra in ed to p red ict th e cen ter o f th e resist pa t tern base d on th e m ask
im age. Th e CNN arch ite ctu re fo r th e resist cen ter p red ict ion task is
sh ow n in Table 2, w h er e m ax-p oolin g (P) w ith lter size 2⇥2 an d
stride 2 is applied after each convolutional layer.

In su ch a w ay, th e sh ap e an d th e cen ter o f th e resist p a t tern
are p redicted separa tely. Th ey are com bin ed in th e last step befor e
ou tpu t . As sh ow n in Figu r e 5, th e im age gen era te d by CGAN is
ad ju sted by recen ter in g th e resist sh ap e base d on cen ter th e coord i-
n a tes p redicte d from th e CNN. Th e resu lt in g adju ste d im age is th e

nal output of the LithoGAN framework.

4 EXPERIMEN TAL RESULTS

Th e p rop osed fram ew ork fo r lith ograph y m o delin g is im p lem en te d
in Py th on w ith th e Ten sorFlow librar y [25] an d valida te d on a Lin u x
ser ver w ith 3.3GH z In tel i9 CP U an d Nvidia TITAN Xp GP U. Th e
exp er im en ts a re p er fo rm ed on tw o ben ch m arks obta in e d from [12],
w h ere 982 an d 979 m ask clip s are gen era te d a t 10n m tech n ology
n ode (N10) an d 7n m n ode (N7) resp ect ively. [12] p er fo rm e d SRAF
in ser t ion an d OPC u sin g Men to r Calibr e [26], an d th en ran r igor ou s
sim u la t ion to gen era te resist p a t tern s u sin g Syn op sys Sen tau ru s
Lith ograph y [27] ca libra te d from m an u factu r ed da ta . In th is w ork ,
th e resist pa t tern s gen era te d by r igor ou s sim u la t ion are con sider ed
as th e golden resu lts. To gu aran te e h igh ly accu ra te resist pa t tern s,
th e pa t tern cor resp on d in g to th e cen ter con tact in a clip is th e on ly
on e adop te d after each sim u la t ion . In o th er w ords, obta in in g th e
go lden resist p a t tern for each con tact in th e m ask clip requ ir es
on e r igorou s sim u la t ion [28], an d sim ila r ly, p redict in g th is pa t tern
using LithoGAN requires one model evaluation.

Each da ta sam p le fo r m odel t ra in in g is a pa ir o f th e m ask pa t tern
im age an d th e resist pa t tern im age crea ted u sin g th e co lo r en co d in g
sch em e presen ted in Sect ion 3.1. We ran dom ly sam ple 75% of th e
da ta fo r t ra in in g d i eren t m odels fo r N10 an d N 7 resp ect ively, an d
th e rem ain in g 25% clip s are for test in g . In ou r exp er im en ts, w e set
th e ba tch size to 4 an d th e n u m b er of m axim u m tra in in g ep och s to
80. Th e w eigh t param eter λ in Equ at ion (3) is set to 100. Th e learn in g
ra te an d th e m om en tum param eters in th e Adam op tim izer a re set
to 0.0002 an d (0.5, 0.999). Th e train in g t im e for each of CGAN an d
Lith oGAN is arou n d 2 h ou rs. Note th a t w e tra in th e CGAN an d
Lith oGAN m odels ve t im es each w ith d i eren t ran dom seeds to
elim in a te ran dom p er form an ce var ia t ion . Th e resu lts rep or ted in
this section are the average of the ve runs.

Authorized licensed use limited to: National Taiwan Univ of Science and Technology. Downloaded on October 18,2022 at 03:38:11 UTC from IEEE Xplore.  Restrictions apply.  
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Data-driven Approaches for 

Mask Optimization



A CGAN-based OPC Model

 Yang et al., “GAN-OPC: Mask 

optimization with lithography-

guided generative adversarial 

nets,” DAC’18

 GAN-based

 The generator is composed of an 

auto-encoder 

 The discriminator determines 

whether the mask pattern is a 

reference pattern and 

corresponds to the target pattern
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Figu r e 3: Con ven t ion al GAN arch itectu r e.

com pr ises a decon volu t ion al arch itectu r e th a t casts 1D vectors back
to 2D im ages th r ou gh stacke d decon vo lu t ion op era t ion s, as sh ow n in
Figure 3.

Ou r fram ew ork , h ow ever, is exp ected to p er form m ask op tim iza t ion
on given target circu it pa t tern s an d obviou sly viola tes th e decon vo-
lu t ion al arch itectu r e. To resolve th is p roblem , w e design a gen era tor
based on au to-en co der [21] w h ich con sists of an en co der an d a decoder
su bn ets. As dep icte d in Figu r e 4, th e en co der is a stacke d con volu t ion a l
arch itectu re th at p er form s h ierar ch ical layou t featu r e abstract ion s an d
th e decoder op era tes in an opp osite w ay th a t p red icts th e p ixel-base d
m ask corr ect ion w ith resp ect to th e target based on key fea tu r es ob-
tained from the encoder.

3.2 Discr im in ator Design

Th e discr im in a tor is u su a lly an ordin ar y con volu t ion a l n eu ra l n etw orks
th at p er form classi cation to dist in gu ish th e gen erate d sam ples from
the given data samples as shown in Equation (5):

max Ex⇠pd
[log(D(x))] + Ez⇠pz [log(1 − D(G(z)))]. (5)

In th is w ork , th e discr im in a tor p redicts w h eth er an in pu t in stan ce is th e
gen era te d m ask M or th e refer en ce m ask M⇤. H ow ever, th e discr im in a-
tor in Equ ation (5) is n ecessar y bu t n ot su cien t to en su r e gen era tor to
obtain a h igh qu ality m ask (Figu re 3). Con sider a set of target pat tern s
Z = {Zt , i , i = 1, 2, . . . , N} an d a corr esp on d in g referen ce m ask set
M = {M⇤i , i = 1, 2, . . . , N}. W ith ou t loss of gen era lity, w e u se Zt , 1 in
th e follo w in g an aly sis. Su pp ose th e above GAN stru ctu r e h as en ou gh
capacity to be w ell t ra in ed , th e gen era tor ou tpu ts an m ask G(Zt , 1)
th a t op t im izes th e object ive fun ct ion as in Equat ion (4). Obser ve th a t
log(D(G(Zt , 1))) reaches its maximum value as long as

G(Zt , 1) = M⇤i , 8i = 1, 2, . . . , N . (6)

Th erefor e, an on e-on e m app in g betw een th e target an d th e refer en ce
m ask can n ot be gu aran te ed w ith cu rr en t obje ct ives. To addr ess above
con cern s, w e p rop ose a n ew classi ca t ion sch em e th at p red icts pos-
it ive or n egat ive labels on target-m ask pairs th a t in pu ts of th e d is-
cr im in ator w ill be eith er (Zt , G(Zt )) or (Zt , M⇤), as illu strate d in Fig-
u r e 4. Cla im th at G(Zt ) ⇡ M⇤ a t con vergen ce w ith n ew discr im i-
n a tor. We st ill assum e en ough m odel capacity an d tra in in g t im e for
con vergen ce . Th e d iscr im in ator n ow p erform s p red ict ion on target-
m ask pairs in stead of m asks. Becau se on ly pairs {Zt , i , M⇤i } are labeled
as data , th e gen era tor can deceive th e d iscr im in ator if an d on ly if
G(Zt , i ) ⇡ M⇤i , 8i = 1, 2, . . . , N , w h ere N is th e to ta l n u m ber of tr a in in g
instances.
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Figu r e 4: Th e proposed GAN-OPC arch itectu r e.

3.3 GAN-OPC Train in g

Based on th e OPC-or ien te d GAN arch ite ctu re in ou r fram ew ork , w e
tweak the objectives of G and D accordingly,

max EZt ⇠Z [log(D(Zt , G(Zt )))], (7)

maxEZt ⇠Z [log(D(Zt , M⇤))] + EZt ⇠Z [1 − log(D(Zt , G(Zt )))]. (8)

In addit ion to facilita te th e train in g procedu re, w e m in im ize th e dif-
feren ces betw een gen era te d m asks an d referen ce m asks w h en u p datin g
the generator as in Equation (9).

min EZt ⇠Z | |M⇤− G(Zt )| |n , (9)

w h ere | | · | |n den otes th e ln n orm . Com bin in g (7), (8) an d (9), th e obje ct ive
of our GAN model becomes

min
G

max
D

EZt ⇠Z [1 − log(D(Zt , G(Zt ))) + | |M⇤− G(Zt )| |nn ]

+ EZt ⇠Z [log(D(Zt , M⇤))]. (10)

Previou s an aly sis sh ow s th a t th e gen era tor an d th e d iscr im in ator
h ave di er en t object ives, th er efor e th e tw o sub-n etw orks are t ra in e d
altern at ively, as sh ow n in Figu re 5(a) an d algor ith m 1. In each train in g
itera t ion , w e sam p le a m in i-ba tch of ta rget im ages (lin e 2); Gradien ts of
both th e gen era tor an d th e discr im in a tor are in it ia lize d to zero (lin e 3); A
feed for w ard ca lcu la t ion is p er form ed on each sam p led in st an ces (lin es
4–5); Th e grou n dtru th m ask of each sam p le d target im age is obta in e d
from OPC tools (lin e 6); We calcu la te th e loss of th e gen era tor an d th e
discr im in a tor on each in stan ce in th e m in i-ba tch (lin es 7–8); We obta in
th e accu m u la te d gradien t of losses w ith resp ect to n eu ron param eters
(lin es 9–10); Fin ally th e gen era tor an d th e d iscr im in ator are up dated
by descen d in g th eir m in i-ba tch grad ien ts (lin es 11–12). Note th a t in
Algor ith m 1 w e con ver t th e m in -m ax p roblem in Equat ion (10) in to
tw o m in im iza t ion p roblem s su ch th a t grad ien t ascen d in g op era t ion s
are no longer required to update neuron weights.

A lgor ith m 1 di er s from trad it ion a l GAN op tim iza t ion ow on th e
follow in g asp ects. (1) Th e gen erator p lays as a m app in g fu n ct ion from
target to m ask in stead of m erely a d ist r ibu t ion , th er efor e th e grad ien t
of L2 loss is back-p r opagate d alon g w ith th e in form at ion from th e
d iscr im in a tor . (2) Th e d iscr im in a tor fu n ct ion s as an altern a t iv e of ILT
en gin e th a t determ in es on ly th e qu ality of gen era te d m asks w ith ou t an y
calibra t ion op era t ion s. Besides, ou r com bin ed in pu t en su r es th a t th e
discr im in a tor w ill m ake p osit iv e p redict ion if an d on ly if th e gen era te d

Authorized licensed use limited to: National Taiwan Univ of Science and Technology. Downloaded on October 18,2022 at 03:41:53 UTC from IEEE Xplore.  Restrictions apply.  
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OPC Acceleration with ML Prediction

 Jiang et al., “A fast machine learning-based mask printability 

predictor for OPC acceleration,” ASPDAC’19

 Edge fragmentation and SRAF insertion are performed first

 Two models are used for each checkpoint

 One predicts whether the EPE exceeds a threshold

 The other predicts the intensity value to determine edge shifting

 Could be embedded into industrial OPC flows

 Comparable to and faster than GAN-based models

14

A Fast Machine Learning-based Mask Printability Predictor
for OPC Acceleration ASPDAC ’19, January 21–24, 2019, Tokyo, Japan

(a) (b) (c) (d) (e) (f ) (g)

Figu r e 2: Exam ple of m isleadin g PVBan d. (a) target m ask ; (b) m ask solu tion of PGAN-OPC [18], wh ich ten ds to produce sm aller
PVBan d; (c) PVBan d by m ask of PGAN-OPC [18], wh ich is on ly 94498nm2; (d) wafer im age by m ask of [18], wh ose squared L2

er ror is 83663nm, an d h otsp ots are m ark ed in red circle; (e) m ask solu tion of [8], wh ich ten ds to produce larger PVBan d; (f )
PVBan d by m ask of [8], wh ich is 146776nm2; (g) wafer im age by m ask of [8], wh ose squar ed L2 er ror is 79255nm.

2.2.1 EdgePlacement Error (EPE). EPE is th e h or izon ta l an d ver t ica l
geom etr ic d isp lacem en t of th e im age con tou r fr om th e cor r esp on d-
in g edge of th e target lay ou t p o lygon (Fig . 1(a)). A given ch eckp oin t
on the polygon edge will be marked as an EPE violation if its EPE
exceeds a given displacement threshold.

2.2.2 ProcessVariation Band (PVBand). P VBan d m easu r es th e area
(nm2) of th e XOR region betw een th e lith ograph y con tou rs obta in e d
u n der tw o extr em e sim u la t ion con dit ion s, on e a t n om in al fo cu s
an d +2% dose, w h ile th e o th er on e a t defo cu s an d -2% dose[8]. An
example of PVBand is shown in Fig. 1(b) (shady area).

2.2.3 Optical Proximity Correction (OPC) Flow [8]. Optica l p roxim -
ity cor r ect ion (OPC) is a m ajor resolu t ion en h an cem en t tech n ique ,
in w h ich th e edges of th e fea tu r es are m oved to com p en sate for
th e distor t ion s du e to lith ograph y . Fig. 3(a) sh ow s th e ow of a
con ven t ion al m odel-base d OPC tool [8] . W ith th e in pu t layou t
p o lygon s, th e OPC too l w ill r st segm en t th e edges of th e p o lygon s
in to fragm en ts. Base d on th e segm en ta t ion , su b-r eso lu t ion assist
fea tu r es (SRAFs) w ill be in ser te d to im prove th e p r in tability . Next ,
th e in ten sity d i er en ce op t im iza t ion stage an d th e edge p lacem en t
er r o r m in im iza t ion stage w ill be p er fo rm e d itera t iv ely to obta in th e
best m ask solu t ion w ith th e m in im um EPE violat ion s an d PVBan d.

2.3 Evaluat ion Metr ics

In th is pap er, w e w ill p rop ose a m ach in e learn in g-base d (ML-base d)
EPE p red ict ion m odel an d an ML-base d in ten sity p red ict ion m odel
to ach ieve a fast lith ograph y -gu ide d m ask qu ality evalu a t ion (Fig 3(b)),
an d th ese tw o m odels w ill be app lie d in th e EPE m in im iza t ion stage
of th e OPC ow (Fig 3(a)) to ver ify th eir e ect iven ess. Given a set
of ch eckp oin ts on th e layou t p olygon s, th e EPE predict ion m odel
w ill dir ect ly p redict th e EPE viola t ion s from th e extracte d fea tu r es
on th e cor r esp on din g ch eckp oin ts, w h ile th e in ten sity p red ict ion
m odel w ill d irect ly p red ict th eir in ten sity valu es after lith ograph y.

We de n e severa l term in ologies to quan t ify th e per form an ce of
our proposed learning model as follows:

De n it ion 1 (Accu racy). Theratio of correctly predicted EPEvio-

lations in theset of all actual EPEviolations.

De n ition 2 (False Alarm ). Thenumber of incorrectly predicted

EPEviolations.

In order to get a go od m ask solu t ion in ou r OPC accelera t ion
framework, we need to achieve high accuracy, low false alarms.

(a)

 

Input mask

Feature Extraction

Intensity 

Prediction 

Model

Predicted 

Intensity Value

Predicted EPE 

violations

EPE 

Prediction 

Model

Checkpoints

(b)

Figu re 3: (a) Gen eral ow of state-of-th e-ar t OPC tool [8]; (b)
Flow of fast lith ograph y-gu ide d m ask quality evaluation .

EPE is a com m on ly u sed m etr ic in layou t p r in tability est im at ion
ow. H ow ever, EPE m ay n ot be gen era l en ou gh becau se it on ly

m easu r es th e edge d isp lacem en ts a t som e sp eci c ch eckp oin ts. D if-
fer en t ch oices of ch eckp oin ts m ay resu lt in di eren t EPE viola t ion
cou n ts. Con sider in g th e object ive of m ask op t im iza t ion w h ich is
to en su r e a bet ter m ask pr in tability , it is m ore su itable to evalu a te
th em base on th e squ ar ed L2 er ro r [18]. In gen era l, squ ar ed L2 er ro r
is a m ore com p reh en siv e rep r esen ta t ion of m ask p r in tability , sin ce
it can be regar ded as th e su m of th e edge disp lacem en t on ever y
edge point.

De n it ion 3 (Squar ed L2 Error ). Let M bethetarget mask image

and R bethewafer image, thesquared L2 error is | |M − R||22 .

Mean w h ile , PVBan d is a lso con sider ed for m an u factu rability ,
sin ce p rocess var ia t ion cou ld cau se som e par t icu lar m etr ic to fa ll
below or r ise above a sp eci ca t ion , an d th en redu ces th e overa ll
y ield . H ow ever, in cer ta in circum stan ces, PVBan d m ay be m islead-
ing, and a smaller PVBand does not always indicate a better mask
pr in tability . A clear exam ple for su ch situ a t ion is sh ow n in Fig. 2.
Th e PVBan d of th e m ask in Fig. 2(b) is on ly 94498nm2 (Fig. 2(c)),
w h ile th e PVBan d of th e m ask in Fig. 2(e) is 146776nm2 (Fig. 2(f )).
A lth ou gh Fig. 2(c) sh ow s sm aller PVBan d, bu t its cor r esp on din g
im age (Fig . 2(d)) h as m u ch low er delity, as w e can see m an y u n ex-
p ected h otsp ots (red cir cles) in th e im age . Th is is becau se PVBan d
tells th e d i eren ce of th e im age in tw o extr em e con dit ion s, bu t it

[Jiang et al., ASPDAC’19] 



SRAF Insertion with Binary Classification

 Sub-resolution assist feature (SRAF) insertion

 Non-printable auxiliary patterns to enhance neighboring layout features

 Xu et al., “A machine learning based framework for sub-

resolution assist feature generation,” ISPD’16

 Geng et al., “SRAF insertion via supervised dictionary learning,” 

TCAD’20

 Concentric circle area sampling (CCAS) for feature extraction

 Predict whether a grid is an SRAF grid
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[Xu et al., ISPD’16] 



Image-based SRAF Insertion

 Alawieh et al., “GANSRAF: sub-resolution assist feature 

generation using conditional generative adversarial networks,” 

TCAD’21

 CGAN-based

 A CycleGAN architecture is adopted for training with unpaired data 

16

[Alawieh et al., TCAD’21] 



Mask Rule-Compliant Optimization

 Yu et al., “Deep learning-based framework for comprehensive 

mask optimization,” ASPDAC’19

 Deep neural network (DNN)-based

 ML models for both OPC and SRAF insertion

 Edge-based OPC approach

 Only consider limited numbers of SRAFs and SRAF dimensions

17

[Yu et al., ASPDAC’19] 
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Data-driven Approaches from 

Simulation to Mask Optimization



LithoNet: A SEM Simulator

 Shao et al., “From IC layout to die photograph: a CNN-based 

data-driven approach,” TCAD’21

 LithoNet: GAN-based SEM simulator

 A CycleGAN extracts pattern contours of SEM images

 The generator outputs a deformation map

19

[Shao et al., TCAD’21] 
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OPC with Self-Supervised Learning

 Shao et al., “From IC layout to die photograph: a CNN-based 

data-driven approach,” TCAD’21

 OPCNet: GAN-based OPC engine 

 Self-supervised learning with the help of LithoNet

 Optimized by using the input–output consistency loss

20
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[Shao et al., TCAD’21] 



DAMO with Enhanced DCGAN

 Chen et al., “DAMO: Deep agile mask optimization for full chip 

scale,” TCAD’22

 DCGAN-HD: perform high-resolution feature extraction and high-

resolution image synthesis
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da tasets bu t a lso bein g op t im ize d by grad ien t back -p r opaga te d
fr om th e p re-t r a in e d DLS. After t r a in in g, th e gen era to r o f D M G
performs inference to generate the solutions.

3.1 Im provin g Accu racy by H igh er Resolu t ion
Di eren t from syn th esizin g ph oto-r ealist ic im ages in com pu ter

vision task s, th e OPC task u sin g gen era t iv e m odels h as it s ow n
p rop er t ies. In tu it iv ely, th e layou t in th e OPC task h as sim p ler pa t-
tern s (m ost ly rectan gles) bu t h igh er p recision dem an ds com par ed
w ith im age t ran sla t ion task s. M oreover, th e in pu ts o f t r ad it ion a l im -
age gen era t ion tasks are xed-size im ages w h ose w id th o r h eigh t is
bar ely m or e th an 2048 p ixels. H ow ever, lay ou ts con ta in th ou san ds
o f v ia / con tacts o r SRAF p at tern s, w h ose area can reach m ore th an
100⇥100 D< 2. Pr eviou s w ork GAN-OPC [9] con ver ts 1000⇥1000
=< 2 layou t to 256⇥256 p ixel im ages, w h ich m ean s 1-p ixel sh ift
er r o r w ill cau se an 8 n m sh ift in th e ou tpu t layou t , m ak in g th e
resu lt s vu ln erable fo r th e in du st r ia l O PC tasks. To elim in a te im age
t r an sfo rm at ion er ro r, w e set th e in pu t r eso lu t ion of ou r m odel
to be 1024⇥1024 p ixels to con ta in th e fu ll 1024⇥1024 =< 2 layou t .
Com bin e d w ith th e w in dow sp lit t in g a lgor ith m w h ich w ill be in -
t rodu ced in Sect ion 6, DAM O fram ew ork can p rocess in pu t layou t
of any size, even the large full-chip layouts.

It is kn ow n th a t th e adver sa r ia l t r a in in g m igh t be u n stable an d
h ard to con verge for h igh -r eso lu t ion im age gen era t ion task s, as
m en t ion e d in [16, 22, 23]. Th er efo r e, w e p resen t DCGAN -H D , a
n ew con d it ion a l GAN s m o del qu a li ed w ith h igh -r eso lu t ion in p u t
images, which is the basic architecture of DLS and DMG.

3.2 DCGAN-H D: Solu t ion for H igh Resolu t ion
Pr eviou s w ork GAN-O PC is a con d it ion a l GAN fram ew ork fo r

design to m ask tran sla t ion w h ich con sists o f a gen era to r ⌧an d
a d iscr im in a tor ⇡ . It adop ts U-Net [24] as th e gen era tor w ith th e
in pu t reso lu t ion of 256⇥256, We teste d th e GAN-OPC fram ew ork
d ir ect ly on h igh -r eso lu t ion im ages an d fou n d th e t ra in in g is u n sta -
ble an d th e gen erate d resu lts u su ally becam e em p ty. DCGAN [16]
is on e of th e popu lar an d su ccessfu l n etw ork design s for cGAN al-
low in g fo r h igh er reso lu t ion an d deep er m odels. Based on D CGAN
w e presen t D CGAN-H D , a robu st h igh -r eso lu t ion con d it ion a l GAN
m odel con sist in g of a n ew ly design e d gen era to r , m u lt i-sca le d is-
cr im in a to r s, an d a n ovel adversa r ia l lo ss fu n ct ion . Th e ar ch ite ctu re
is illustrated in Figure 2.

3.2.1 High-resolution Generator for DCGAN-HD. Th e left p ar t o f
Figu r e 2 sh ow s th e h igh -r eso lu t ion gen era to r . In DLS par t , th e
gen era to r o f D CGAN-H D resem bles lith ograph y sim u la t ion w h ich
requ ir es m ask -to -w afer m app in g. In DM G par t , w ith th e grad ien t
backp r opaga te d from D LS, th e gen era to r fo cu s on syn th es izin g th e
mask patterns from design and SRAF pattern groups.

UNet++ Back bon e. Previou s w ork [9] an d [14] adop t t r ad i-
t ion a l UN et [24] fo r m ask gen era t ion . In pu t fea tu r es a re dow n -
sam p le d m u lt ip le t im es. W ith th e decreasin g of featu r e resolu t ion ,
it is easier fo r a n etw ork to ga th er h igh -level fea tu r es su ch as
con text fea tu r es w h ile low -level in fo rm at ion su ch as th e p osit ion
of each sh ap e becom es h arder to co lle ct . H ow ever, in O PC tasks,
low -level in fo rm at ion m at ter s m ore th an in th e com m on com pu ter
v ision tasks. For exam p le , th e sh ap e an d rela t iv e d istan ce o f design
or SRAF pat tern s m u st rem ain u n ch an ge d after th e deep m ask
op t im iza t ion or deep lith ograph y p rocess. Th e n u m ber an d rela t iv e

…

DeconvolutionConvolution Residual

DecoderEncoder

Residual Blocks

UNet++ Backbone

High-resolution Generator Multi-scale D

Design Mask WaferDMG DLS

DCGAN-HD

Figu r e 2: Arch itectu r e of DCGAN-H D with h igh -r esolu t ion
gen erator an d m u lt i-scale discr im in ator s, u sed in both
DMG an d DLS.

d istan ce o f v ia p a t tern s in an in p u t lay ou t h ave a cru cia l in u en ce
on th e resu lt . Th e fea tu r es o f O PC datasets determ in e th e vita l im -
p or tan ce of th e low -level featu r es. UNet++ [25] is h en ce p rop osed
fo r bet ter fea tu r e ext ract ion by assem blin g m u lt ip le UNet th a t h ave
d i eren t n u m bers of dow n sam p lin g op era t ion s. It redesign s th e
sk ip pa th w ays to br idge th e sem an t ic gap betw een th e en co der an d
decoder fea tu r e m ap s, con t r ibu t in g to th e m ore accu ra te low -level
fea tu r e extract ion . Th e den se sk ip con n ect ion s on UNet++ sk ip
pa th w ays im pr ove grad ien t ow in h igh -r eso lu t ion tasks. A lth ou gh
UNet++ h as a bet ter p er fo rm an ce th an UNet , it is n o t qu a li ed
to be th e gen era to r o f DCGAN-H D. For fu r th er im pr ovem en t , w e
m an ipu la te th e UNet++ backb on e w ith th e gu idelin es su ggeste d in
D CGAN [16]. We w ill sh ow la ter th a t ou r h igh -r eso lu t ion gen era to r
outperforms UNet and UNet++ by a large margin.

Residual block s. M ost im p or tan t ly, fo llo w in g Joh n son et al. [26]
set t in gs, a set o f residu a l blo cks are added a t th e bo t t len e ck of
UNet++, w h ich h as been p roven su ccessfu l in sty le t r an sfer an d
h igh -r eso lu t ion im age syn th esis task s. Sin ce in O PC tasks, m ost
st ru ctu r es a re sh ar ed in ou tpu t an d in pu t im ages (design an d
SRAFs), r esidu a l con n e ct ion s m ake it easy fo r th e n etw ork to lea rn
th e iden t ity fu n ct ion , w h ich is app ea lin g in th e m ask gen era t ion
p rocess. Sp eci ca lly , w e u se 9 residu a l b lo cks, each of w h ich con -
tains two 3⇥3 convolution layers and batch normalization layers.

3.2.2 Multi-scaleDiscriminatorsfor DCGAN-HD.Th e h igh -r eso lu t ion
in pu t a lso im p oses a cr it ica l ch a llen ge to th e discr im in a tor design .
A sim p le d iscr im in a to r th a t on ly h as th r ee con volu t ion a l lay er s
w ith LeakyReLU [27] an d D rop ou t [28] is p r esen te d . Sin ce th e pa t -
tern s in OPC datasets h ave sim p le an d h om ogen e ou s d ist r ibu t ion ,
a deep er discr im in a tor h as a h igh er r isk of over - t t in g . Th er efor e,
w e sim p lify th e d iscr im in a tor by redu cin g th e dep th of th e n eu ra l
n etw ork . M ean w h ile , a d rop ou t lay er is a t tach e d after each con vo-
lu t ion a l lay er. W e u se 3 ⇥3 con volu t ion kern els in gen era to r fo r
param eter -savin g pu rp oses an d 4 ⇥4 kern els in d iscr im in a to r to
increase receptive elds.

H ow ever, du r in g t ra in in g , w e n d th a t th e sim p le d iscr im in a to r
fa ils to d ist in gu ish betw een th e rea l an d th e syn th esize d im ages
w h en m ore via p a t tern s occu r in a w in dow . Becau se w h en th e
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[Chen et al., TCAD’22] 



Optimization for Full Chip

 Chen et al., “DAMO: Deep 

agile mask optimization for 

full chip scale,” TCAD’22

 Layout splitting for full-chip 

application

 Identify high-via-density 

clusters

 Assign each via to a 

specific window

 Simulate/correct each 

window separately

22

[Chen et al., TCAD’22] 
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Future Research Directions



Future Directions

 Data-driven approaches for complicated layouts

 Existing studies only consider contact/via hole layouts or simple and 

few layout clips

 Complicated layouts are required to verify existing models

 More sophisticated models and design strategies may be required

 Simultaneous OPC and SRAF insertion with GAN-based models

 Unified models are desirable for both SRAF insertion and OPC

 A GAN-based model may be developed

 Full-chip simulation/mask optimization for complicated layouts

 The stitching problem of layout patterns emerges among windows
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