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Abstract

Germanium (Ge) and high-x dielectric materials draw many attentions due to their fascinating electrical characteris-
tics comparing with silicon (Si) material. However, in physical and electrical simulation, the physical model may have
deviation to reality case due to the process condition and manufacturing technology. To computationally study the device
with Ge material, it is necessary to optimize the theoretical result with experimental data. This paper originally provides
anew method to examine the static characteristic of Ge metal-oxide-semiconductor field effect transistors (MOSFETs)
with aluminum oxide (Al,0;) by integrating device simulation, multi-objective evolutionary algorithm (MOEA), and uni-
fied optimization framework (UOF). To deal with the realistic problem, especially for the steep change of capacitance, we
consider not only residual sum of squares (RSS) (i.e. the sum of squares of residuals) function but also physically crucial
points in the optimization problem. Comparing to single-objective genetic algorithm (GA) with a weighted fitness, the
preliminary result of this study shows the method has great improvement to optimize the suitable parameters which not
only minimize the RSS of capacitance but also agree the key capacitance values from physical view.

Key words: germanium MOSFET, aluminum oxide, fitting, capacitance-voltage curve, residual sum of squares, device
simulation, genetic algorithm, multi-objective evolutionary algorithm, unified optimization framework, non-dominating

sorting genetic algorithm (NSGA-II)

1. INTRODUCTION

While the semiconductor industry is evolving,
germanium (Ge) is a raised and crucial material due
to its higher carrier mobility comparing with silicon
(Si) material. High carrier mobility can provide su-
perior on-state characteristic of metal-oxide-
semiconductor field effect transistors (MOSFETSs).
Also, the process of Ge MOSFETs has high compat-
ibility with process of silicon. Various high-x insu-
lating films are studied to boost the device’s perfor-
mance; among them, gate stack structures of
ALO5/Ge0,/Ge could form low-defect high-x oxide
layers, where the GeO, layer is a suitable interfacial
layer for realizing superior high-k Ge interfaces
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(Zhang et al., 2012). Based on the experimentally
measured data, we can estimate and achieve even
better device design by using semiconductor device
simulation with calibrated physical and structural
parameters. However, the simulation result with the
same experimental parameter input may differ from
experimental results. The deviations depend on the
process environment and the inaccuracy of physical
model, thus the parameter values in simulator should
vary in certain range. To accurately extract the cru-
cial parameters, cost-effective ways used to optimize
the results between simulation and targeted goal are
necessary. Genetic algorithm (GA), a kind of evolu-
tionary algorithm, is a globally-searching optimiza-
tion method in a large population and its evolution
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process is based on the mechanism of natural selec-
tion. Recent applications of GA in semiconductor
devices (Li et al., 2011) and electronic circuits (Li et
al., 2013) were reported and have shown remarkable
achievements on design optimization. For real-world
engineering optimization problems, there are many
goals to be optimized at the same time. Therefore,
we have to introduce a weighting factor for all con-
cerned goals so that a single-objective function can
be modeled empirically. However, to determine
weighting factors for each goal may lead the original
optimization problem to additional uncertainty. Intu-
itively, multi-objective problem (MOP) can find the
optimal population for each objective on its own
dimension without using any weighting factors
(Bansal et al., 2013; Hariharan et al., 2014). There-
fore, in contrast to diverse try-and-error methods, it
will be an interesting study for us to optimize ca-
pacitance- voltage (C-V) curve of Ge MOS devices
by using a device simulated based MOEA methods.

In this work, we implement a new method to au-
tomatically optimize the capacitance of Ge
MOSFET with Al,05/GeO, film by using a semi-
conductor-device-simulation-based MOEA method
running in the unified optimization framework
(UOF) (Li et al., 2008). The capacitance optimiza-
tion problem with material-, structure- and process-
related parameters can be formed as a multi-
objective optimization problem. By minimizing each
objective, the presented method can simultaneously
optimize seven designing parameters successfully.
This paper is organized as follows. In Section II, we
introduce the studied Ge MOS. In Section III, we
brief the problem modeling and the semiconductor-
device-simulation-based MOEA method in the plat-
form of UOF. Then, we report and discuss the opti-
mization results obtained from GA and MOEA
methods. Finally, we conclude this study and sug-
gest future work.

2. THE EVOLUTIONARY METHODOLOGY

2.1. The Structure of Germanium Metal-Oxide-
Semiconductor

The primary high-k material is Al,Os in the ex-
periment sample. The GeO, layer is naturally gener-
ated from germanium substrate and is a satisfactory
interfacial layer for realizing high quality interface
between high-k Ge substrate. Figure 1 shows the
simulation structure to calculate the electrical char-
acteristic of the Ge MOSFET. The device’s channel

length is fixed at 10 um. The measured thickness of
GeO, and Al,O; layers are 3 nm and 5 nm, and the
workfunction of metal gate is around 5 eV. We use
two-dimensional (2D) device simulation with
a small drain voltage and apply the gate voltage (V)
ranging from -2 to 2 V. According to the physical
observations, the entire gate capacitance — gate volt-
age (Cg-Vg) curve can be partitioned into three re-
gions: the accumulation, the depletion, and the in-
version regions. Some of the parameters are flexible
to be varied including the dielectric constant and
thickness of Al,O3 and GeO,, the parameter to adjust
doping profile in germanium substrate, the
source/drain doping level, and the workfunction of
metal gate induced by nanosized grain orientation
which may vary due to different treatments of fabri-
cation process.

A Vs A

Metal

. 2To A1203
To GeO2

S])—dopp-type Ge-substrate SD_dop

O Vs

Parameters to be optimized of the studied Ge MOS Structure
" Thickness of GeO, layer: To_GeO2 (nm)

Thickness of Al,O; layer: To_AI1203 (nm)

The ratio parameter of Gaussian doping : ratio_g

Doping concentration of the source/drain doping: SD_dop (cm™)

The dielectric constant of GeO,: eps_Ge0O2 (CV'm™)
The dielectric constant of ALO; : eps_A4I1203 (CV'm™)
Workfunction of metal gate: WK_Metal (¢V)

Fig. 1. A 2D plot of the studied Ge MOS structure with the high-
K oxide layers. There are seven parameters to be optimized.

With the purpose of exploring the physically
transport operation in Ge MOSFET, three governing
equations which include Poisson equation and cur-
rent-continuity equations for electron and hole
transportation in semiconductor are solved self-
consistently (Li, et al., 2002). The equations indicate
that the number of carriers is conserved and the elec-
trostatic potential due to the carrier charges obeys
Poisson’s equation.

- 259 -

28]
@)
Z
=
O
%)
%]
-
<
4
=
<
=
Z
%]
[a)
Q
I
5
=
-4
wl
=
2
[
=
Q
Y




COMPUTER METHODS IN MATERIALS SCIENCE

INFORMATYKA W TECHNOLOGI MATERIALOW

2.2. The Integrated Device Simulation, MOEA,
and UOF Methodology

Based on our earlier developed unified optimiza-
tion framework (UOF), we utilize integrated MOEA
and numerical semiconductor device simulator to
approach the experimental data of Ge MOSFET.
This framework provides flexible interfaces to deal
with different optimization method and numerical
simulation solver, enabling these two different re-
search fields to be bridged. The components of the
UOQOF consist of several classes for different purpose;
two primary classes are adapted for diverse problem
and solver components, as shown in figure 2. The
corresponding numerical simulation tool is defined
in the problem class and the optimization algorithm
is in the solver components. These two parts can be
adjusted independently allowing high-level code to
be reused, and rapidly adapted to other problems and
algorithms.

Problem relative parts
| Initializer }-->| Replace_Mask ‘

‘_‘___._
/ | Run_Simulator ‘-—>| Collect_Result ‘

UOF
Solver relative parts
Algorithm o Crossover/
\ \ Mutation
v AN
| Fitness_Assign | ’1 Selection

Fig. 2. The class components of unified optimization framework
(UOF).

Figure 3 shows the built-in class specializations
of the most important two classes in current UOF.
As shown in figure 3a, NPProblem, FunctionProb-
lem, and ExtSimProblem are directly inherited from
UOFProblem. The UOFProblem class has general
interfaces for the user to define any problems.
NPProblem provides convenient interfaces for defin-
ing NP-hard problems such as TSP and the sin-
gle/parallel machine scheduling problem. Moreover,
optimization problems of linear and non-linear con-
tinuous functions can be defined by FunctionProb-
lem class. The population-based solver includes
several heuristic methods such as GABaseSolver for
genetic algorithm (GA), PSOSolver for particle
swarm optimization (PSO) (Kennedy & Eberhart,
1995), ACOSolver for ant colony optimization
(ACO) (Dorigo & Gambardella, 1997) and multi-
objective evolutionary method (MOEA) (Deb et al.,
2002).

a)
UOFProblem
| FunctionProblem | | NPProblem | _| ExtSimProblem |

_—— I A

SPICE TCAD ECAD
Poission Eq.
Electron/hole current
Continuity Eq.

b)

UOFSolver

L

BFGSSolver PopBaseSolver

ACOSolver | PSOSoIver—” GABaseSolver || MOEABaseSolver

Fig. 3. The concept of class hierarchy of the UOFProblem (a)
and UOFSolver (b). The solid lines indicate inheritance. TCAD
and MOEABaseSolver are used in this work.

Because the UOF is based on C++ language and
consists of several classes, it has high coding flexi-
bility. The class to call simulator and the class to call
optimization algorithm are separated, thus we can
achieve different simulators and algorithm to solve
various problems. The program “main” governs the
process step of optimization flow, as listed below.

void main

{

1. Set max iteration count, min error, popu-
lation size, cross rate, mutation rate

2. Readfiles( fileList ) // file list contains
// the name of intermediate file, input
// and output file of simulator

3. ReadSetting( configure file) // configure
// file contain cross/mutation rate,
// command for simulator, and the key
// word in output files.

4. Problem GeMOSCV()
5. Algorithm NSGAIIL()
6. NSGAII->iteration

H

To achieve the device characteristic of the indi-
viduals, as listed below, we replace the values in
simulator file by the values of population. For each
population, the simulation parameter values are set
and then the device characteristic is solved by simu-
lation tool. While the simulation is finished, the
value of characteristic are obtained by simulator and
recorded the results in its own output files. The sub
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function defined in the problem class can receive the
values in certain output file. Then, it calls the func-
tion defined in algorithm to assign fitness of the
individuals.

void Problem: Run_Simulator

{

1. Remove old results

2. Real values of individuals

3. Replace these values into intermediate
file

4. Call TCAD and solve Poisson and elec-
tron/hole current continuity equations

5. Collect Result

}

In this work, we implement the non-dominating
sorting genetic algorithm (NSGA-II) in algorithm
class. The computational complexity of NSGA-II is
O(MN?) , where M is objective number and N is the
population size. In addition to technically sorting by
several fronts, NSGA-II defines crowd distance to
ensure that the Pareto front can keep a good diversi-
ty. The components of algorithm class are listed
below.

Class Algorithm
{

void Selection, Crossover, Mutation
void Evaluation

bool Dominate

void CrowdDistance

}

In this work, we consider several objectives, in-
cluding the six crucial values of the C-V curve. The
CLmax 18 the capacitance value for the lowest meas-
ured gate voltage, the Cgqpe is the most negative
slope for capacitance decrease while the gate voltage
increase, the Vgope 1s the gate voltage where the
capacitance is Cgjope, the Cppin 1s the minimum capaci-
tance value of entire curve and the Vi, 1S its corre-
sponding gate voltage, and the Cry,y is the capaci-
tance value for the highest measured gate voltage.
The deviations of these values between the simula-
tion result and given specs are considered as objec-
tives directly. Our ultimate goal is achieving the goal
capacitance perfectly by adjusting the most crucial
material/structure parameters, so we define RSS as
the sum of square to summarize the capacitance-
value deviation between the simulation result and
the given specification. The seven objective func-
tions are all minimization problem since the results

can fit the target well if all deviations are zero. The
objectives are given by:

Objective 1=C

L max ¢ _CL max, spec (1)

Objective 6=V, . — Ve minspec ()

and

2
Objective 7 = min er (C,)’ 3)

v==2
wherer (C))=C, —-C

egies are applied to include these objectives; one is
combining these objectives by weighting coeffi-
cients while another is directly using multi-objective
evolutionary algorithm with all objectives at the
same time.

. In this study, two strat-

v,spec

3. RESULTS AND DISCUSSION

The optimization problem in this work is non-
linear and is not exactly formulated, that’s the reason
we use the simulation-based technique. If we use
GA and consider only RSS, it’s hard to promise an
acceptable deviation between simulation result and
specification. To lead the evolution process to match
the spec curve eventually, we consider physical key
parts of C-V curve as well as RSS and use empirical
weighted sum to model the problem into a single-
objective fitting problem. The achieved results from
GA and MOEA are shown in figure 4, we select the
result with the minimum RSS in the population of
the last generation. This diagram shows that adding
those key consideration points to adjust the fitness
can achieve desirable approach with small RSS by
both two methods. Because these objectives have
mutual interference and relate to different set of
parameters, the fitting curve has inevitable differ-
ence to the specified curve. Once we have some
objectives optimized by this way, the results are
based on this set of weighting parameters. If we try
to optimize other objectives, it is a difficult process
to obtain another set of weighting coefficients. Alt-
hough the RSS can be minimized by more evolu-
tionary generations, the shape of C-V curve cannot
be satisfied from device engineering’s view point for
some gate bias region. Although the objective can be
scaled and emphasized, the results still cannot high-
light those important points simultaneously. The
MOEA which use all objectives directly can achieve
even better optimized result comparing with GA
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Fig. 4. The optimized results by using the weighted objective
sum and GA.
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Fig. 5. The optimized result of MOEA with different evolution settin

method. The optimized curve fits the specified curve
well everywhere. It is worth mentioning that the
generation of MOEA method still keeps great diver-
sity, meaning that the population will be continuous-
ly improved for more generations. In particular,
results of the neighborhood of C,;;, which is the most
physically complex point in the curve can be im-

gs.

proved. We can find strong coupling between the
capacitance and designing parameters around C,
region. As shown in figure 4, the comparison of
results between GA and MOEA indicates the semi-
conductor-device-simulation-based MOEA method
is computationally effective to handle the complex
curve shape with suitable objectives. The reason is
that the MOEA method can approach several charac-
teristic with respect to each objective function; con-
sequently, the optimization process governed not
only by RSS but also the physical objectives.

Figures 5a-d show the optimized |Cpnin-Cinspec|
versus | Cyiope-Ciiope,spec| from the MOEA. We observe

two important objectives, |Cpin-Crinspec] and
1e-1 | .
1e-2 f
Crossover rate 0.6 x @ 2‘ §
1e-3 | Mutation rate 0.4 R . X e
o Generation 0 e ox
1e-4 b x  Generation 20 X x o
€- v Generation 30
®  Generation 40
1e_5 Il Il Il Il Il
0.051 0.052 0.053 0.054 0.055 0.056 0.057
ICmin - Cmin,specI
b)
1e-1 _
1e-2 N
Crossover rate 0.7 Tet % D‘ 3
1e-3 | Mutation rate 0.4 VT x .
@ Generation 0 a %
1e-4 H * Generation 20 x0 o8
v Generation 30
e  Generation 40
1e_5 I I Il Il Il
0.051 0.052 0.053 0.054 0.055 0.056 0.057
min "~ min,spec
d

| Csiope-Cslope.spec] Which determine the behavior near
the point C,;, and are mutual interference. These
four plots show the results of MOEA method under
different crossover rate and mutation rate. The popu-
lation moves toward smaller objective value with
more iteration. The achieved Pareto fronts under
four optimization settings are very similar. If we
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increase mutation rate, as shown in figures 5a and b,
individuals may move away from the Pareto front to
find other potential optimizers. On the other hand,
high crossover rate makes the individuals evolve
near the Pareto front and achieve smooth Pareto
front surface, as shown in figures 5a and c.

4. CONCLUSIONS

In this study, based upon a unified optimization
framework, an alternative way to optimize high-x
Ge MOSFET has been reported by using a semicon-
ductor-device-simulation-based MOEA method. The
MOSFET’s Cg-Vg curve optimization problem has
been modeled as a MOP with simultaneously con-
sidering capacitance’s physical constraints. Different
from conventional try-and-error tuning method in
device engineering, the main findings of this study
indicate that the semiconductor-device-simulation-
based MOEA method not only enables us to ap-
proach the capacitance in accumulation, depletion,
and inversion regions of Ge MOSFET, but also
achieves better results than the GA’s results. Nota-
bly, the MOEA method can effectively capture the
complicated curve’s behavior compared with the GA
method. The GA with a single-objective function
strongly depends on empirically estimated weighted
sum of multi- objectives which is difficult for real-
world applications. We are currently using this
method to optimize and design new experiments.
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SYMULACJA I WIELOKRYTERIALNA
OPTYMALIZACJA ALGORYTMEM GENETYCZNYM
POLPRZEWODNIKOWYCH STRUKTUR TLENKU
GERMANU

Streszczenie

German (Ge) i materialy o wysokiej statej dielektrycznej sa
interesujace ze wzgledu na swoje niezwykle ciekawe charaktery-
styki elektryczne w poréwnaniu do krzemu (Si). Jednakze
w symulacjach fizycznych i elektrycznych, model fizyczny moze
odbiega¢ od przypadku rzeczywistego ze wzgledu na warunki
procesu i technologie produkcji. Badania z wykorzystaniem me-
tod obliczeniowych dla urzadzen wykonanych z germanu wyma-
gaja optymalizacji wynikow teoretycznych z danymi doswiad-
czalnymi. W pracy zaproponowano metode badania statycznych
charakterystyk tranzystoréw polowych z tlenku germanu — pot-
przewodnika (MOSFETs) z tlenkiem aluminium (ALO3),
z wykorzystaniem zintegrowanego systemu skladajacego si¢
z urzadzenia do symulacji charakterystyk elektrycznych polprze-
wodnikéw, wielokryterialnego algorytmu ewolucyjnego (MOEA)
oraz zunifikowanej platformy do optymalizacji (UOF). Dla roz-
wigzania rzeczywistego problemu, zwlaszcza przy gwaltownej
zmianie pojemnosci, w zadaniu optymalizacji rozwazano nie tylko
sume kwadratow reszt (RSS), ale rowniez kluczowe, z punktu
widzenia fizyki, aspekty. W pordéwnaniu z jednokryterialnym
algorytmem genetycznym (GA) z wazong funkcja dopasowania,
wyniki przeprowadzonych badan pokazaly, ze opracowana meto-
da, ktora minimalizuje nie tylko btad RSS dla pojemnosci, ale
takze bierze pod uwage kluczowe wartosci pojemnosci z fizycz-
nych obserwacji, znacznie poprawita zadanie optymalizacji wy-
branych parametréw zagadnienia.
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