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Abstract
After VVLSI fabrication technology.-€ntered deep-Submicron regimes, the increasing
difficulty in fabrication leaded te decrease in manufacturability and reliability of IC.
Post-CMP (Chemical Mechanical Polishing) wafer topography variation is one of the
main reasons. The variation caused change of metal line shape in lithography and
circuit performance related problems, especially in.DSM.

Due to advanced technology @ manufacturing variations, dummy feature
placement becomes the key process of VLSI fabrication in reducing
wafer-topography variation in chemical mechanical polishing. In this thesis, we
propose a faster and more effective algorithm, called Fast Model-based Dummy
Insertion (FMDI) algorithm, to deal with this issue. FMDI selects panels to insert
dummy feature by effective CMP low pass filter model, and obtain feasible solutions
with good quality very quickly. Compared with previous linear programming
approach that costs O(n3), FMDI is quite fast in O(nlogn), same complexity as in [6].
The experiments on a real design show that our approach has outperformed the
approach in [6], and is more efficient and effective in the smoothness of metal layers.
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Chapter 1

Introduction

With VLSI fabrication technology entering deep submicron(DSM) regimes, the in-
creasing difficulty in fabrication ledded to decrease in manufacturability and realiability of
IC. Post-CMP (Chemical Mechanical Polishing)-wafer topography variation is one of the
main reasons. The variation caused change of metfal line shape in lithography and cir-
cuit performance related problems, especially"in DSM. Recent studies, such as [1], show
post-CMP strongly depends on the features density (topography variation). Improving the
density uniformity through dummy feature filling usually gets better CMP planariazation
quality [2][3].

Methods for tiling can be classified into two categories: rule-based and model-based.
Rule-based tiling method are from the experience that inter-layer dielectric (ILD) thickness
is directly proportional to local pattern density. Compared to rule-based approach, model-
based methods are based on analytical expressions, which are not simply proportional re-
lations between local pattern density and post-CMP oxide thickness, allowing both local
tile density and insertion location to vary. Obviously model-based methods provide more
accurate and efficient results [1-3]. Until recently many algorithms [5-8] about dummy filling
have been proposed. The linear programming method gives us optimal solutions but it is
time-consuming. The greedy and Monte-Carlo methods are much faster: the Monte-Carlo
method selects a panel in each step according to priority assigned by panel effective density,
while the greedy method searches for the panel with the highest priority in each step and fills

with the maximum possible amount of dummy features. During dummy feature placement,



CMP process model is the key to efficiently solve this problem. An accurate 2-D low pass
filter CMP model has been developed and tested[9-12].

In this thesis, we propose a novel algorithm to efficiently and effectively insert-
ing dummy features to solve CMP problems, named Fast Model-based Dummy Insertion
(FMDI). FMDI algorithm contains accurate CMP model, smart and efficient dummy fea-
tures assignment, and dummy feature density extraction. FMDI algorithm has computa-
tional cost of O(nlogn), mainly constrained from Fast Fourier Transformation (FFT), which
is the same complexity as in [6]. However, through an experiment with a real design, our
approach has outperformed the approach in [6] in efficiency and performance (uniformity)
of dummy feature placement. The remaining parts of the thesis are organized as follows.
In Chapter II, we discuss the previous works about CMP low pass filter model, formulation
of dummy feature placement, and multi-layer. transfer function. In Chapter III, we present
our FMDI algorithm and further improvement in-efficiency. We show experimental results
in Chapter IV and conclude the thesis in Chapter V.



Chapter 2

Preliminaries

In this Chapter, we discuss-the previous works. First, the relation of panel density
and ILD thickness tells why we change the panel density to increase the layout uniformity:.
Then we illustrate the 2-D low passiltet.density-modelwhich is more accurate than original
local pattern density model. At last, the old objéctive and multi-layer structure will be

shown.

2.1 Panel density and ILD thickness

The inter-level dielectric (ILD) variation must be kept in control due to aggressive
lithographic depth-of-field focus budget requirements and the potential impact of dielectric
thickness variation on circuit performance. This problem has become especially acute as
performance requirements have increased, dimensions have scaled, and larger die sizes have
emerged. Also, CMP has found wider application in VLSI technology development and
production serving as an enabling tool for shallow trench isolation , damescene metallization
technologies, and other novel process techniques.

Attempts to control CMP ILD thickness variation include an exhaustive search and

experimentation with different consumable and process choices (especially pads), but no
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Figure 2.1: Some parameters in Chemical Mechanical Polishing(CMP).

consumable choice currently available appears to reduce appreciably pattern-dependent di-

electric thickness variation; thus, the only viable choice available for reducing layout pattern

dependent dielectric thickness variation is to change the layout pattern in each metal layer.
The ILD thickness Z at location (x,y,).is solved from the following equation:

Zo—|[K;t T, t< 71/ Ky
Z = {ZO—OZI[—Kifi(pOE/az]y)ZI t(<p(0p012/1/12'i)} (1)

where K; is the blanket polishing rate; % is theheight of oxide deposition, Z; is the height
of existing feature, t is the polishing time, and py(i,j) is the initial pattern density (Figure
2.1).For a specific CMP process, all'K;, Zy, Z1, and t are constants. As a result, the final
topography is determined by the pattern'density p;(x,y).

2.2 2-D low pass filter CMP model

In chip-level CMP model, we need to predict the dielectric planarization performance
for any layouts. Thus a precise density model for detecting the location to insert dummy
features is significant. The effective density model proposed in [10] had excellent ability for
simulating CMP process and easy to implement.

The effective pattern density across a die is determined in two steps. First, local
pattern density is evaluated in small panels in a square grid across the die. The pattern
density in each panel is the ratio of metal pattern density and total panel area . Second, the
2-D filter (Figure 2.2) is used to determine the effective density for each panel by weighting

the influence of nearby panel density for each panel. The number of grid points is set to a



power of two so that the Fast Fourier Transform (FFT) may be used. The effective discretized
density, p(i,7) is given by:

p(i,j)=IFFT(FFT(d(i,j)) FFT(f(i,5)) (2)
where f(i,7) is discrete weighting filter, and d(i, j) is local pattern density.

Filter

L s R |
o I =S LN

Value of Filter

H

Figure 2.2: The illustration of the discrete weighting filter used by transfering local pattern
density to effective density.

2.3 Previous works on dummy insertion

Table 2.1 shows many algorithms for solving dummy insertion problem. All detailed

descriptions in time complexity and layout uniformity for those algorithms are listed.



Table 2.1: Algorithms performance comparison table

Rule-based | Linear programming | Greedy Monte-Carlo | Min-Var
Time complexity | fast O(n?) O(nlogn) | O(nlogn) O(nlogn)
Layout uniformity | worst best good good good

Rule-based method is developed according to that the ILD thickness is proportional
to local layout density. Rule-based method has execellent performance in time complexity.
After effective density model is proposed, we can predict the abstract level final topogra-
phy. So model-based algorithms lead us to better layout uniformity. Linear programming
approach [3] has best layout uniformity but worst time complexity. Greedy algorithm[ 7,8 |
choose the location to insert dummy pattern with highest priority. Monte-Carlo algorithm |
7,8 | selects location randomly,while min-var [ 6 | method randomly picks n location to insert
dummy pattern. Greedy, Monte-Carloj and min-var-algorithms have similar performance in

time complexity and layout uniformuity:.

2.4 Multiple layer dummy insertion

In order to control the layout uniformity more precisely, multiple-layer structure
consideration for dummy insertion is needed. Furthermore, the variation in ILD thickness
is cumulative from layer to layer. Each layer except first one cannot assume a perfectly
uniformity starting surface. Therefore, tiling each layer individually may not achieve yearn-
ing planarization when layers are stacked together in semiconductor manufacturing. In the
model for cumulative effective density, topography variation of one layer flats through the

CMP processes, each of which is modeled as a low-pass filter based on equations (1) and

(2).

Mathematically
~ Zk*l ~ ~ .
+ X if k>1
~ :{ [dk ( 2 )p()(k:—l)] f
Potky L™ 0 ™ ifk<1
di

where



“as FFT operator;

Po(k) effective local density;

Zy, step height;

dy, local density, for all layer k;
f weighing function;

For example, the effective density for layer two is the ILD thickness of post-CMP

oxide of layer one passed through function (2) two times. i.e.,
G 70)
Po) [ d \z/f

2.5 Min-var problem formulation

Formula below is the the previous objective.from [6].

Minimize:

p—pt (3)
Subject to:

0 < pt< poli,g) < pf'< 1

0 <di(i,5) < 5(i, )

d(%]) :dl(lv.])—i_do(zvj) (4)
where p and p” are the maximal and minimal effective density in all panels, dy is the original

layout density at location (i,7), di(i,7) is the dummy feature density at location (i,7), and

S(i,7) is the salck of panel in layout.



Chapter 3

Fast Model Based Dummy pattern

Insertion algorithm

In this Chapter, we debate the core of the dummy filling problem. New objective
which is more appropriate to min-variation filling problem is modified by [6]. We will show
the pseudo code and flow chart of FMBDIL algerithm, meanwhile, the difference of FMDI
algorithm will be described. Then we show a new equation which is used to improve FMDI

algorithm.

3.1 Our problem formulation

Given a rule-correct design in an n * n panel, we add dummy feature in low effective
density panel to minimize the variation of effective density, and satisfy foundries design
rule. According to (1), minimizing the variation of effecitve density in panels is the same
as minimizing variation of ILD thickness. So we slightly modify the objective which is

min-variation problem for single layer presented in [6].

Minimize:

pH—p* (3)
Subject to:

0< pl< poling) < pf'< 1



0<d(ij) <d,

ax

d(%]) = dl(zvj) + do(iaj) (4)
where p and p” are the maximal and minimal effective density in all panels, d;(i,7) is the

dummy feature density at location (i, 7), and dpax is the max panel density in layout.

3.2 FMDI algorithm

In order to efficiently reduce the variation of effective density in all panels, we have
developed FMDI (Fast Model-based Dummy feature Insertion) algorithm. This algorithm
integrates with effective density model and the new processes we proposed. FMDI calculates
the effective density in every loop, and selects the lowest p panel to fill dummy features. If the
panel density or effective panel density exceeds constraints, we lock the panel from inserting
dummy features. Fill amount is determined by ‘the selected panel and mean effective panel
density. The above steps are repeated until‘the maximal number of iteration is reached or
uniformity of effective density cannot. be further improved. FMDI algorithm(Figure 3.1) is

described as follows:

Algorithm 1 Fast and effective Model-based Dummy Insertion (FMDI)
While(not terminated (maz iteration or uniformity reached){

Calculate the effective density for all panels

Find lowest p in n xn panel

Set panel(i, j) locked if mean(p) — p(i,j) or dmaz—d(i,j) < €

If selecting panel(i, j) is locked, stop the algorithm

v o &

Calculate the fill amount: Fill amount =
coef * (mean(p) — p(i, 7))+ basic

6. Assign dummy pattern in panel(i, j)

}

where mean(p) is the mean value for all panels, coef is the weight for accurately inserting
dummy feature (also shown in previous approaches), and basic is the basic amount for dummy

feature placement.
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Figure 3.1: The flow chart of the FMDI algorithm.
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FMDI algorithm is different from the other model-based algorithms in three parts.

1. If the panel density which is selected satisfies the max density constraints, the panel will
be locked. This will prevent to insert too many dummy patterns in one panel. If the
effective panel density is closed to mean value of the effective panel density, the panel
is locked. This step means effective panel density will converge to better solutions. As
can be seen that we do not have steps to remove excess dummy features, which makes

our approach more efficient.

2. Comparing with the other model-based algorithm which approached the optimal so-
lution like damped oscillation, FMDL algorithm approaches the optimal solution like
exponential increase. That is thie reason why we can set the factor coef very small.
Once the coef is smaller, the assignment. of duminy feature is more accurate. So the
layout uniformity will be smoother. This part of FMDI algorithm can lead to nearly

optimal solution.

3. Obviously the termination of the dummy feature insertion algorithm will be slow if we
set coef small. So we add a factor basic in our algorithm. The usage of factor basic will
accelerate the termination of the dummy feature insertion algorithm, and basic must
be a positive integer. Factor basic cannot be too large, otherwise FMDI algorithm
will lose accuracy. Figure 3.2 demonstrates the improvement of algorithm speed by
factor basic. By applying this factor, our approach can reach uniform insertion, thus
obtaining accurate results, compared with other model-based approaches with non-

uniform dummy feature insertion .

3.3 Further FMDI algorithm improvement for efficiency

In this Section, we will illustrate the improvement of FMDI algorithm. Additionally

this improvement provides users a choice between execution time and layout uniformity.
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Standard deviation of effective density versus iteration with different basic

0.010

2

@ 0.008 A

[0)

ke

0

2

‘8 0.006 -

% no basic
u6 .................. basic=1
c 00044 % | me——_— basic=2
2 ——— basic=3
8

o

o 0.002 4

2

®

k)

cC

8 0.000 A

()]

T T T T T T T T T T T

0 2000 4000 6000 8000 10000 12000 14000 16000 1800020000 22000

Iteration

Figure 3.2: The improvement of algorithm speed by applying the factor basic. With appro-
priate basic value, we can reach good solutions with much less number of iterations.
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Standard Deviation Yalue of 10000 Loop
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Figure 3.3: This shows that number of iteration and layout uniformity is unlinear positive
corelation
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Table 3.1: Effect of number of iterations to execution time and standard deviation of effective
density.

Iterations | Standard-Dev | Time(s) | Dummy(num)
10000 4.6788e-05 48.93 350296
3000 6.0256e-05 18.13 126188

Table 3.2: Error rate between predicted iteration number and exact iteration number. This
shows that (5) can accurately predict the total number of iterations in reaching target
smoothness.

coef | pre iter | exact iter | error
0.05 | 2783 3000 0.072
0.04 | 3265 3600 0.093
0.03 | 4057 4297 0.056
0.02 | 5598 5729 0.023
0.01 | 10000 8571 0.167

Figure 3.3 shows the correlation between.number of iteration and layout uniformity:.
Actually the number of iteration which reaches 3000 is nearly convergent (Table 3.1). The
other 7000 iterations only imprové 1.3 timesto standard deviation of 3000 iterations, but
spend more time and dummy features. Thisshows that users can choose high uniformity or
high efficiency of the filler program.

We discover the most effective number of loop can be predicted by many factors.
The predicted function is as follows:

(Max ED—Min_ ED)x(Mea D—Min_ D)/X (5)
nkdum__wxdum__ Lxmxcoef [(die_wxdie 1)

where X =In(Iln(1/coef)), Max ED and Min FED are max and min effective density.

pre_iter =

Mea D is mean value of density. Min_ D is min density.And dum_w and dum_ [ are width
and length of dummy features. Factor n means that we seperate layout into n*n panels.

Obviously die_w and die [ are width and length of die. Part of X is to correct the function.

Table 3.2 shows that the predicted iteration and exact iteration with different coef.
The data predicting through (5) can be used for improving the efficiency of FMDI algorithm.

However users still can chooes efficiency and layout uniformity by their will.

!The factor basic can be a constant or a variable. The experiments we perform are applying constant basic.
If variable basic is used, it can reach better results. The variable basic can be obtained as follows: basic =
In(ini_max(p) — ini_min(p))/In(maz(p) — min(p)) * n, where n is a constant.
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Chapter 4

Experimental results

4.1 Single layer dummy pattern insertion

We test the FMDI algorithm by LDPC™ 1200 decoder chip with UMC 0.18um tech-
nology. Experimental results shows the layout-tmiformity, peak to peak value, number of
dummy features, and maximum local pattern density." For comparing, we implement the data
passed through min-var method and show the layout uniformity without inserting dummy
features. Because the data are too large, only metal layer 1,4 will be shown ,and min-var

method only demonstrate metal layer 1 results.

As shown in Figure 4.1, we experiment on Mentor Calibre DRC for design rules
checking and Cadence SOC encounter for extracting layout data. Then the data passed
through FMDI program and obtain the DEF format result. At last the DEF format file
received from FMDI algorithm must adds to original layout DEF file.
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Figure 4.1: Mentor Calibre DRC for design rules check and Cadence SOC encounter for
extract layout data. The data passed through FMDI program and obtain the DEF format

result.
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4.1.1 Effective density without inserting dummy features

Figure 4.2 demonstrates the metal 1 layer effective density without inserting dummy
features. Table 4.1 shows the information of effective density.

Effective pattern density without inserting dummy features
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Figure 4.2: Metal 1 layer effective pattern density without inserting dummy features



4.1.2 Local pattern density without inserting dummy features
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Figure 4.3 demonstrates the metal 1 layer local pattern density without inserting
dummy features. Table 4.2 shows the information of local pattern density.

Local pattern density without inserting dummy features
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Figure 4.3: Metal 1 layer local pattern density with inserting dummy features
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4.1.3 Effective density with dummy pattern insertion by FMDI algorithm

Figure 4.4 demonstrates the metal 1 layer effective density without inserting dummy
features. Table 4.3 shows the information of effective density.

metal 1 layer effective pattern density inserting dummy features
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Figure 4.4: Metal 1 layer effective pattern density with inserting dummy features by FMDI
algorithm
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4.1.4 Effective density with dummy pattern insertion by Min-Var algorithm

Figure 4.5 demonstrates the metal 1 layer effective density without inserting dummy
features. Table 4.4 shows the information of effective density.

metal 1 layer effective pattern density inserting dummy features
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Figure 4.5: Metal 1 layer effective pattern density with inesrting dummy features by min-var
method
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4.1.5 Comparison of FMDI and Min-Var

Through different processes, FMDI algorithm achieves better solution whether in
layout uniformity or execution speed. We will show the comparison table between FMDI
algorithm and min-var method, and then discuss the improvement of FMDI algorithm.

1. Layout uniformity

FMDI algorithm reaches the nearly optimal solution with excellent precision. Low standard
deviation and peak to peak value mean the high reliability and manufacturability. Further-
more, less dummy features inserted is achieved by better precision.

2. Algorithm speed

As the description in Section 3.2, parameter basic accelerates the speed of algorithm. Algo-
rithms proposed before will insert more amount of dummy patterns but less at the termina-
tion. By inserting steady number of dumiy features, basic can eliminate the drawback of
algorithms proposed before and accomplish therinsertion jobs more fast.

3. Side effect

RC consideration is now the major and significant affection of dummy feature insertion.

Although the improvement is not purpose in this‘research, but it is really a good side effect.
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Table 4.1: Metal 1 layer effective pattern density data without inserting dummy pattern
include maximal value, minimal value, standard deviation, and peak to peak value.

Max(p)
0.151912

Min(p)
0.101997

Sta_Dev(p)
0.00826395

peak to peak(p)
0.049915

Table 4.2: Metal 1 layer local pattern density data with inserting dummy features include
maximal value, minimal value, standard deviation, and peak to peak value.
Max(d) | Min(d) | Sta_Dev(d) | peak to peak(d)
0.388521 | 0.147992 | 0.0284971 0.240529

Table 4.3: Metal 1 layer effective patternidensity data with inesrting dummy features by
FMDI algorithm contain maximal value, minimal value, standard deviation, and peak to
peak value, and number of inserted.dummy features.
Max(p) | Min(p) | Sta_Dev(p)
0.160358 | 0.160137 | 1.58499e-05

# of dummy
125670

peak to peak(p)
2.21e-04

Table 4.4: Metal 1 layer effective pattern density data with inesrting dummy features by
min-var method contain maximal value, minimal value, standard deviation, and peak to
peak value, and number of inserted dummy features.

Max(p)

Min(p)

Sta_Dev(p)

peak to peak(p)

# of dummy

0.160291

0.159892

3.913e-05

3.99e-04

144457

Table 4.5: Compare the performance between FMDI algorithm and min-var method.

Algorithm | Max(p) | Min(p) | Sta_Dev(p) | peak to peak(p) | # of dummy | iteration
FMDI 0.160358 | 0.160137 | 1.58499e-05 2.21e-04 125670 15388
Min-var | 0.160291 | 0.159892 | 3.913e-05 3.99¢-04 144457 29915

Table 4.6: Compare the number of inserted dummy pattern and maximal local pattern

density.
Algorithm | # of dummy | Max(d)
FMDI 125670 0.388521
Min-var 144457 0.450274
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4.2 Multi-layer dummy pattern insertion

Figure 4.6 shows the metal 4 layer effective density in single layer dummy feature
insertion and Table 4.7 shows the metal 4 layer effective density data. Definitely the layout
uniformity of metal 4 layer is perfect, but actual situation in manufacturing won’t be ideal.
It means that the layout uniformity of lower level will affect the layout uniformity in high
level, and ILD thickness variation accumulates through first one layer to last one. Then we
simulate the actual layout uniformity in manufacturing by single-layer consideration data.

Figure 4.7 shows the real status of metal 4 layer in manufacturing. Obviously multi-
layer consideration is unavoidable.

Metal 4 layer effective density with dummy pattern insertion by FMDI algorithm
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Figure 4.6: Metal 4 layer effective density with single layer dummy pattern insertion by FMDI
algorithm
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Table 4.7: The table contains the analysis data of metal 4 layer effective density include
maximal value,minimal value, standard deviation, peak to peak value, and number of dummy
pattern inserted.

Max(p) | Min(p)
0.0614075 | 0.0612909

Sta_Dev(p) | peak to peak(p)
1.15803e-05 | 1.166e-04

# of dummy
199994

Metal 4 layer effective density actual situation with multi-layer strcuture
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Figure 4.7: Simulate metal 4 layer actual(multi-layer) effective density with single layer data
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Chapter 5

Conclusion and future works

Chemical mechanical polishing(CMP) has became an improtant process for layout
uniformity in chip manufacturing. #I'hrough the development of CMP technology, layout
global planarization can be accomplished more-conveniently and effectively. But there are
still some problems in CMP process like dishing.and erosion. Since ILD thickness is pro-
portional to local pattern density. Therefore dummy féature insertion is a useful method to
avoid the defects in CMP process with control local pattern density.

From the large amount of researches|2][3][4][5][6][7][8] before which studied inten-
sively in dummy feature insertion algorithm, we remain the best part like density model and
concept of problem formulation. The 2-D low pass filter for improving the detection of low
density part is preserved. According to the drawbacks of algorithm processes we improve
the algorithm speed and precision by correcting filling amount calculation and reform the
RC problems by deceasing the number of dummy features and keeping away from critical
path. Therefore we have proposed fast model-based dummy insertion(FMDI) algorithm to
resolve the problem.In experiment, FMDI algorithm performs efficient and high speed CMP
dummy pattern insertion and new method has an O(nlogn) time complexity. The experi-
mental results shows that the layout uniformity is very smooth. Additionally the precision
of FMDI algorithm can decrease the number of inserted dummy features.

We will study the problem for consequent problems in capacitance increase and time

issues as future works.
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