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ABSTRACT layout is simulated using a computationally efficient geometri-
Initial results have been obtained for automatic synthesis of cally accurate 3-D simulation of etching called Segs (Hubbard
MEMS mask-layouts using a genetic algorithm. An initial ran- and Antonsson, 1996; Li, Hubbard, and Antonsson, 1998), built
dom population of mask-layouts is produced. An initial fabrica- on earlier geometric (Hubbard and Antonsson, 1994) and cellu-
tion process sequence is also generated. The fabrication of eacHar automata (Hubbard and Antonsson, 1997) methods. The 3-D
geometrically valid layout is simulated using a 3-D simulation of results of the fabrication simulation are compared to the desired
etching. The 3-D results of the fabrication simulation are com- 3-D shape (by comparing individual contours using either turn-
pared to the desired 3-D shape. Resulting 3-D shapes that areing functions (Arkin, Chew, Huttenlocher, Kedem, and Mitchell,
determined to be sufficiently close to the desired shape are kept1991), Frechet or Hausdorff distances between polygons (Alt and
in the candidate population. A genetic algorithm is applied to Godau, 1995)). Resulting 3-D shapes that are determined to be
each member of the remaining population of mask-layouts (and sufficiently close to the desired shape are kept in the candidate
fabrication processes) to introduce random shape (and processpopulation. A genetic algorithm is applied to each member of
variations. The procedure is then repeated until one or more sim- the remaining population of mask-layouts (and fabrication pro-
ulated shape is sufficiently close to the desired shape to stop thecesses) to introduce random shape (and process) variations. The

iteration. procedure is then repeated until one or more simulated shape is
sufficiently close to the desired shape to stop the iteration.

Because reversing a fabrication process simulation (so that
INTRODUCTION g P (

a 2-D mask-layout might be produced) appears not to be possi-

MEhl/lnS't'al relftljlts have b_een obtalne_d folr aqtﬁ matl':(_: syntrie_flls of ble, and because each fabrication process would require (if pos-
mask-layouts using a genetic algorithm. Figure 1 illus- sible) a reverse simulator to be developed, an approach using

trates the overall approach. The process begins with a des'redexisting simulations of fabrication processes in an iterative re-

3-D shape, represented by a series of planar con_tqqrs, with e""Chﬁnement loop has been adopted, shown in Figure 1. One of the
contour_ parallel to the surfa_lce of the wafer. An initial random primary benefits of this approach is thaty fabrication process
population of mask-layouts is produced. These mgsk-layouts ar€can be utilized with the synthesis approach described here, as
checkgd to ensure that they are geometncally valid (non.-self In- long as an efficient digital simulation of the process exists. Thus
tersectlng,et.c)_.. An |n|t!al fabrication Process sequence Is a!so synthesis can be performed on devices to be fabricated from de-
g.en.erated (initially limited to.the. duration of each Of. two d'S'_ position, patterning and removal of surface layers by wet or dry
similar processes). The fabrication of each geometrically valid etching, or by bulk-wet etching, or any other processes for which
an accurate digital simulator exists.
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COMPARE WITH CLOSE ENOUGH plemented. The mask-layout synthesis method described here
DESIRED SHAPE is built upon an iterative genetic algorithm. Currently, a simple
sequential genetic algorithm has been used to iteratively synthe-
¢ size mask-layouts with evolved 3D shapes closest to the target

REFINE REFINE 3D shape.
MASK PROCESS

Coding Scheme

STOCHASTIC The solution space in our problem is all simple 2D polygons

OPTIMIZATION which serve as mask candidates. The mask polygons are pheno-

types in the GA (Goldberg, 1989). There are many ways to de-
DONE scribe a 2D polygon. Here we choose edge length and edge direc-

tional angle (turning angle) to describe each edge of a polygon.

A mask polygon is encoded into two real strings. One string con-
Figure 1. A SCHEMATIC REPRESENTATION OF AN GENETIC ALGO- tains edge directional angles and the other contains edge lengths.

RITHM MEMS SYNTHESIS TECHNIQUE. The size of each string is equal to the number of polygon sides.

Two elements from each string with the same element position
describe an edge of the polygon. These two real strings are geno-
Starting from CIF, the polygonal mask-layouts are re- tyPes in our GA (Goldberg, 1989). A schematic illustration of the
encoded into a form that can be modified with a genetic algo- €0ding scheme is shown in Figure 2.
rithm. This coding of geometry utilizes the turning functions of This coding scheme directly captures the shape of mask the
polygons (Arkin et al., 1991) (each side of the polygon is repre- polygons, and can be directly used to measure the shape differ-
sented as a length followed by an angle to turn to the next side). €nce between any two mask polygons. When considering the

This representation can be directly modified by stochastic opti- fithess of candidate shapes, a shape difference (such as the turn-
mization methods, such as genetic algorithms. ing functions (Arkin et al., 1991), Frechet or Hausdorff distances

between polygons (Alt and Godau, 1995)) is a meaningful metric

distance between the two candidate samples (mask polygons) in
THE GENETIC ALGORITHM the:* search space. Sugh metric distances can be used to define the
neighborhood of a point in search space as well as calculate the
correlation length of the search space, which can further be used
to tune different components of the GA (Manderick, de Weger,
and Spiessens, 1991).

The genetic algorithms (GA's) require a complete set of hi-
erarchical objects that can be used to build top-level genotypes
(strings of genetic information) and phenotypes (individuals built
from the genetic information) with a binary or real coding
scheme. One or more genetic operation functions such as rank-
based selection functionsary tournament selection scheme and Crossover and Mutation
stochastic remainder without replacing selection function are ap- The genetic operators are applied to genotypes in the GA.
plied to these objects (Goldberg, 1989). Both generational and As stated above, the genotypes in our problem are the two real
steady-state, with or without elitist selection, can be easily im- strings of edge directional angles and edge lengths. Two geno-
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types are randomly paired. Simple crossover is separately ap- 2. The pure shape mismatch value (explained below) and size
plied to the pair of edge directional angle strings and the pair of mismatch value between each of the etching evolved 3D
edge length strings. For each string pair, a random site is chosen  shapes and the specified target shape is calculated. The tar-
among the string bits and string elements right to the random site get shape is also represented as a stack of polygonal lay-
are exchanged. The two new children is generated and become  ers. The calculated pure shape mismatch value and size
the members of the next generation. Mutation is applied on string mismatch value are stored as the objective function values
element basis. If mutation is applied to a string element, the el- of each individual in the generation.

ement value will be set as a real random number uniformly gen- 3. After obtaining the objective function values of all the in-
erated between a specified lower and upper bounds. Typically, dividuals in the generation, the fithess values are calculated
crossover serves as the major genetic operator and the crossover according to the following:
rate is set 0.6. The usage of mutation is highly restricted by set-

ting the mutation rate 0.005 and each time only one element (at

most) of a string is allowed to be mutated. Fitnessi) = =

pure shape mismatéh size mismatch)
Average pure shape mismatch Average size mismatc

Selection Scheme

In our genetic algorithm, the selection scheme is separated
into the selection algorithm and the sampling algorithm (Grefen-
stette and Baker, 1989). The selection algorithm assigns a sam-
pling rate to each individual in the generation. The sampling
algorithm samples individuals from the current generation based
on the assigned sampling rate of each individual. Different selec-
tion algorithms and sampling algorithms are provided. A selec-
tion scheme is the coupling of the chosen selection algorithm and
chosen sampling algorithm. In our application, rank-based se-
lection algorithm is chosen to assign the sampling rates based on
individual's rank (Baker, 1985) through the following formula:

i = individuali
Average pure shape mismatch = average pure shape
mismatch value of
the generation
Average size mismatch = average size
mismatch value of
the generation

By taking the reciprocal of the combined normalized mis-
match value, the good individuals with small mismatch val-
ues are spread by a larger degree according to fithess values.
This can be helpful to increase the selection pressure during
the final stage if a selection scheme sensitive to the magni-
tude of relative fithess values is chosen.

Sampling raté) = 1.0+ bias— 2« bias«i/size

i = individuali
size = population size In the above fitness evaluation cycle, the mismatch between
bias = extrafitness awarded to the evolved 3D shape and the specified target shape of each in-
the top-ranked individual dividual needs to be calculated. Both shapes are represented by
compared to the average-ranked a stack of polygonal layers. The etching simulation will ensure
individual whose fitness is.Q that the polygon layers of both shapes vertically match. There-

the selection pressure. Currently, the bias value is gradually in- Of the mismatch between the two polygon layers in each verti-

creased as the genetic iteration proceeds to control the rate ofc@l level. The weights are introduced to concentrate the major

convergence. effort of the genetic algorithm on certain polygon layers of the
Stochastic universal sampling is chosen as the sampling al- target shape which may carry the major function of that shape.

gorithm to eliminate the sampling bias and reduce the sampling The mismatch between two polygon layers can further be decom-
spread (Baker, 1987). posed into the pure shape mismatch and the size mismatch of two

polygons. The size mismatch is simply the length difference of
, . the two polygons. The pure shape mismatch are obtained by the
Fitness Evaluation _ o _method introduced by Arkiet al. (Arkin et al., 1991).

In eac.h generatlop, the fltr.1ess value of each individual is The method calculates the minimum difference between the
evaluated in the following steps: accumulated turning angles of each edge weighted by the scaled
1. The 3D etching simulation (Segs (Hubbard and Antonsson, length of that edge. Arkin's method, however, is both translation
1996)) is run on each candidate mask polygon. Each etch- and rotation invariant. Here in our problem, the rotation invari-
ing result is an evolved 3D shape represented by a stack of ance is removed by a minor adjustment to the original method to

polygonal layers. obtain translation invariance only.
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Figure 4. GENETIC ALGORITHM SYNTHESIS RESULTS FOR PYRA-
MIDAL TARGET SHAPE.

Figure 6. GENETIC ALGORITHM SYNTHESIS RESULTS FOR RECT-
ANGULAR TARGET SHAPE.

EXAMPLES to 100. The crossover rate is set as 0.6 and mutation rate is 0.033.
Our initial interest is to test the feasibility of using a genetic  All of them found global optimum within 50 iterations.
algorithm to iteratively synthesize the mask-layout for some sim- Example results, showing the closest simulated 3-D shape at
ple desired MEMS devices. The current goal is to find a mask six different times during the synthesis, is shown in an oblique
which produces a bulk-etched 3D shape which matches a speci-view in Figure 4. The dark polygon, on the left-hand pair of
fied target shape as closely as possible. shapes at each iteration, is the candidate mask-layout shape. The
Our first test is a target shape with a 3D pit with four slanted nested polygons, on the left at each iteration, contours at three
sidewalls whose normals oriented alofid 1) crystal directions ~ depths of the simulated 3-D shape. The stacked square polygons,
(shown in Figure 3) in &100) wafer. For anisotropic wet-  on the right at each iteration, are contours at three depths of the
etching of a pit shape ofiL00) wafer (.g, using EDP type S  desired shape. By iteration 44, the resulting shape matches the
at 100C (Seidel, Csepregi, Heuberger, and Baumgartel, 1990)), target shape.
it is known that{111} crystal planes are the dominant planes The next test used a target shape that is the same as the one
because of their slowest etching rates. So by choosing long above except the four sidewalls are vertical (shown in Figure 5).
enough etching times, we can expect a large set of 2D masks The sidewalls ar¢110} crystal planes. Note in this case, there
to be evolved to our target shape. This means the solution spaceis a conflict between the lateral polygon shape and the vertical
is large enough for the genetic algorithm to easily find global op- wall formation. If the edge normals of lateral polygons are per-
timum. We ran several tests with population sizes varies from 20 fectly aligned with(111) directions, the sidewalls are dominated
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by {111} planes and th¢110} sidewalls can never be reached.
We ran the genetic algorithm to see how it evolves an optimum
mask that compromises the lateral polygon shape with the verti-
cal sidewall formation.

Figure 6 shows a result from the genetic algorithm. The
tradeoff is clearly shown through iteration 40 and 43. In it-
eration 40, the shapes of all etched lateral polygon layers are
very close to those of target shape but the sidewall is slanted off
heavily. In iteration 43, the bottom lateral polygon size is in-
creased and the top lateral polygon size is decreased with more
nearly vertical sidewalls while the top lateral polygon corners are
chopped off. This example points out that some desired shapes
can only be approximated, with one fabrication process.

CONCLUSIONS

Thus far we have completed the iterative mask-layout syn-
thesis loop by combining the genetic algorithm and forward etch-
ing simulation. We have also completed the initial testing stage,
which gave us reasonable and promising results. During the ini-
tial testing stage, we found that the genetic algorithm does not
work well in cases where the target geometric shapes are com-
plicated. This is likely caused by the fact that during the initial
sampling, most of the randomly generated mask candidates are
invalid polygons €.g, self intersecting) which severely limits the
variety of the initial sample of the genetic iteration. A more in-
tuitive encoding combined with heuristic crossover operator as
well as efficient valid mask polygon random generator is being
developed now to increase the searching capability of the ge-
netic algorithm. We also plan to develop an approach to more
optimumly balance the exploration and exploitation effort of the
genetic algorithm to raise the efficiency of the searching.

Current work is extending this genetic algorithm approach
to multiple processes, thus significantly expanding the range of
shapes that can be synthesized exactly, or with a close approx-
imation. As an additional extension of these methods, we plan
to introduce expected variations into the fabrication simulation
(e.g, mask mis-alignment, process variatioes;). By doing so
the stochastic optimization will produce mask-layouts and pro-
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