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Class Schedule

Lecture materials (Kamiya’s part): http://conf.msl.titech.ac.jp/Lecture/
http://conf.msl.titech.ac.jp/Lecture/ComputationalMaterialsScience/index-numericalanalysis.html
#01 June 11 (Tue) Kamiya (Fundamental of computer, Sources of errors (A E 1 —2DEHE. RE))
#02 June 14 (Fri) Kamiya (Numerical differentiation/integration (3t{E# 5 /3& %))
#03 June 18 (Tue) Kamiya (Numerical integration (3{E#& %),
Differential equation (%> 5 %2z(), Molecular dynamics (5 F & 7 5%))
#04 June 21 (Fri)  Kamiya (Interpolation (##R&), Smoothing (£;&1t), Linear least-squares method (#ff4 & /N = %))
#05 June 25 (Tue) Kamiya (Numerical solutions of equations (A2 D $E#E%),
Nonlinear optimization (JE4R 2 &z 1k))
#06 June 28 (Fri)  Kamiya (Fourier transformation (Z7—!) TZ#) , Matrix (1751))
July 2 (Tue) No lecture (fK58)
#07 July 5 (Fri) Kamiya, Review (18%)



Evaluation (Kamiya)

- Small quiz
Not evaluate correctness of the answers
but consider how you answered them

= Term-end assignment
Problems will be given at the end of Q2
from T2SCHOLAR



Explanation of the answers, June 21
RERE OB



PROBLEM, June 21

PROBLEM:

Smoothen the data DOS(E) in dos.xlsx
by simple average method and polynomial fit method.

Add them and plot the raw DOS(E) and the smoothed data in an
Excel file.

You can choose smoothing parameters as you like, but explicitly
descrive them.

Submit the excel file.

See dos_smoothing_answer.xlIsx



Smoothing

Simple moving average (2m+1 points)
_ 1 I+m
yi,smoothed T om4+1 j=i—-m yj

Weighted moving average (2m+1 points)

_ 1 i+m
Yi,smoothed = Tirm Zij=i-mWi)j
s w
Jj=l-m l
e.g., one-side triangle C (W, Wy, wy) = %(1,2,0)
triangle c(W_q, Wy, Wy) = %(1,2,1)
Gaussian S w; L p(ai)?

T ¥ elai?

Order 2 and 3 polynomial fit using (2m+1) points

wp3(j) = 3m(m + 1) — 1 — 552 j=-m, ---,-1,0,1, - -

_ 1 +m .
Yi,smoothed — Woa j=i—-m Wp3 (])yj



i-i0

1p simple avg 7p

o

P o o o o o+~ o o o o

Weighted moving average (2m+1 points) Vi smoothed = Tw j’:’;” m WiYj
j=i—-m

e.g., one-side triangle: (w_,,wy, wy) = §(1,2,0)

triangle : (w_l,wo,wl) = l(1,2,1)

Gaussian 1 w; = = (aoz (‘”)2

[ . |
9p triangle linear exp Gauss 3p order.3 p

polynomial
0 0 0 0 0.006738 1.39E-11 0 0
0 1 0.2 0.2 0.018316 1.13E-07 0 0
1 1 0.4 0.4 0.049787 0.000123 0 -10
1 1 0.6 0.6 0.135335 0.018316 0 -3 15
1 1 0.8 0.8 0.367879 0.367879 0 12 30
1 1 1 1 1 1 5 17 35
1 1 0.8 0 0.367879 0.367879 0 12 30
1 1 0.6 0 0.135335 0.018316 0 -3 15
1 1 0.4 0 0.049787 0.000123 0 -10
0 1 0.2 0 0.018316 1.13E-07 0 0
0 0 0 0 0.006738 1.39E-11 0 0 0
7 9 5 3 215611 1.77264 5 35 105
m= 1 2 3 5 4 3 2

Weights for various smoothlng

~1p simple avg

triangle
~linear

Equivalent to convolution

using these functions




i-i0

Welights

Order 2 and 3 polynomial fit using (2m+1) points

3p order 3
polynomial

— Ol o o O O o o O o o o o

p

-10
15
30
35
30
15

-10

105

——3p order 3 polynomial

30

20

-10

Equivalent to

convolution using
these functions




A smart answer by student

Use Excel matrix functions:
mmult(rangel, range2):
Multiply matrixes (vectors) given in the ranges rangel and range2
transpose(rangel)
Transpose the matrix (vector) given in the rangel

See “Tp(transpose+mmult)” column in dos_smoothing answer.xlsx



PROBLEM, June 25

Submit electronic file(s) via T2SCHOLAR in 2 days
(If T2SCHOLAR doesn’t work, send the files to kamiya.t.aa@m.titech.ac.jp.
In this case, file name must include your STUDENT ID and FULL NAME)

PROBLEM:

Solve 5cos(x) — x = 0.

(i) Plot the functions y = 5cos(x) and y = x in the range x = 0 — 3, find an initial x
for Newton-Raphson method.

(i) Solve 5cos(x) — x = 0 by Newton-Raphshon method at least with four
significant digits.

(i11) Optional: Propose if you have any other numerical analysis you want to learn
In Computational Materials Science

(iv) Optional: Propose if you have any python program (should be simple) you
want to learn



How to solve equations?

Self-consistent method

B O RERX




Final unique solution is obtained just by one step calculation
= Linear least-squares method
= Up to 4™ order polynomical eq.

Five or higher order polynomial,
Transcendental equation (A=)

- Difficult to have an analytical solution
- Even numerical analysis cannot give final solution by one-cycle calculation

= > |terative calculation (x1#g:t&)



Simplest method: Self-consistent (SC) method

A simple case: Solve g(x) =0
SC method is applicable by converting to x = g(x) + x = f(x)
Note: not efficient nor stable for many cases

Simple procedure:

Initial value x,

1st iteration : x; = f(X,)

2nd iteration: x, = f(x,) ....

Difficult to converge: Diverge, Oscillation
(ERLIZCLY: SEEL. #RED)

Mixing factor GE& %% K.,;,: Stabilize convergence
Initial value X,
Ist iteration : x; = f(X,) =>  X"=(1—=Kiy) Xo + KpinXy
2nd iteration: x, = f(x,’) ....



Illustrative explanation of SC

Solve x = f(x)

f(x) = 1/4(-x3 + x°— 2)

3

X

y = 1(x)




3.0
2.5
2.0
1.5
1.0
0.5
0.0

Converge Y = T(X)
Stable solution

y=Xx

SC: Convergence process

— 2.6 -

3.0 -
2.9
2.8
2.1

2.5
2.4
2.3
2.2

Diverge
Unstable
solution

| 2.1

2 22 24 26 28 3

f’(X) <1 must be satisfied for convergence



Example of SC: Diode with series resistance

| = I{exp(ns_r(v —Rl)j—l}

Repeat

| = I{exp(%(v - Rlil)j—l}

until abs(l; — I, ;) < EPS is achieved

- E.g., initial voltages would be chosen
as V/2 for the diode and the R

- This SC is not so stable;
mixing factor k should be adjusted

For sequential calculations of | —V
characteristic, e.g., V from 0.0 to 1.0,
using a preconverged result for the
initial value of the next V will enhance

convergence.
BIZEVEIERZEZ TI-VEHEETE T HL5%

5 e . 4 CIZNERLI-EEZRDVIZE TS EAE
ELTHIATHERINETES,

SC-Diode.xlIsx

co~NO T HA~hWDN—=-0O

DO N MNNN = ek ek ek ek ek ek ek ek ok
WN—-—-—OCOWOoOO~NOOLA~WDMN - 0O C©

24

N N
o Ol

I

2

1.8

1.62
1.458
1.3122
1.18098
1.062882
0.956594
0.860934
0.774841
0.697357
0.627621
0.564859
0.508375
0.457554
0411914
0.371388
0.337412
0.315356
0.311113
0.312132
0.311814
0.311908
0.31188
0.311888
0.311886
0311887

Ical
-1E-12
-1E-12
-1E-12
-1E-12
-1E-12
-1E-12
-9.1E-13
431E-12
2.09E-10
5.77E-09
1.14E-07
1.66E-06
1.86E-05
0.000163

0.00115
0.006655
0.031631
0.116849
0.272927
0.321305
0.308953
0.312754
0.311626
0.311965
0.311863
0.311893
0311884

lerror|
2
1.8
1.62
1.458
1.3122
1.18098
1.06288
0.95659
0.86093
0.77484
0.69736
0.62762
0.56484
0.50821
0.4564
0.40526
0.33976
0.22056
0.04243
0.01019
0.00318
0.00094
0.00028
8.5E-05
2.5E-05
1.6E-06
2 3E-06

I10=
n=
T=
R=
V=

k=

1.E-12 A
1
300 K

1 ohm

1

0.1



First-principles calculation:
Self-consistent field (SCF, & 2 &#&3) calculation

- Hamiltonian of one-electron quantum equation includes wave functions
1 Z r
vz 2y 2o v )l a()-ad ()
m 'Im m Im

- First-step calculation requires electron density guessed / assumed p;,;:
e.g,. by uniform density, sum of atomic electron density,,,

-

- Electron density py,, is calculated the solved wave functions, but
pgn, Would be different from p;.

Pini Must be equal to pg,,, otherwise
these loss physical meaning

- More appropriate p.,, IS guessed from pg, and p;;, SCF cycle
and repete the above calculations Repeat until pg, = iy,
eX.: Pnew = Pini + I(mix(pfin + pini)
K.ix : Mixing factor
A parameter to suppress divergence of the SCF calculation
close to 1 would be easily diverged, close to 0 causes slow convergence



Example: SCF/structure relaxation by VASP

| [] tkamiya@csrvO:~/Work/LaCrAsO/SpinPolarized o | DR

274 0(E) REE) HTTN) WFT) #F(B) ~NF(H)

1 F= - 2492220 E+05|EQ= -.24922201E+05 | d E =—. 249222E+03 mag= 17.6753 E

curvature: 0.00 expect odE= 0.000E+00 dE for cont |inesearch 0.000E+00

trial: gam= 0.00000 g{Fy= 0.620E+00 g{5i= 0.305E-01 art = 0.000E+00 {trialstep = 0.100E+01

}

zearch vector abs. value= 0.650E+00

hond charge predicted

M E dE o eps fnca Fms Fms )

Dbt s 1 -0.249250423204E+05 | -0.24926E+053  -0.54751E+01 35286 0.200E+01 0. 196E+00
DAY: 2 -0.249670910220E+03  -0.41455E+00  -0.52938E+00 4416  0.955E+00  0.161E+00
Db 3 -0.249672461360E+05 -0.14831E-02  -0.53514E-01 4640  0.336E+00 0.153E+00
Dad: 4 -0 249667 045995E+05 0.54154E-02  -0.45192E-01 4632  0.183E+00 0. 129E+00
Ddd: & -0, 2496629564 02E+ 05 0.4059E-02  -0.161T1E-01 4664  0.134E+00 0.113E+00
Dav: 6@ -0. 249064501 455E+03 -0.15151E-02  -0.488520E-02 4520  0.152E+00 0.943E-M
Dad: 7 -1, 249655663955E+ 05 0.55375E-02  -0.366659E-02 4626  0.103E+00 0.315E-m
Dad: -0. 24965725594 TE+ 05 0.14080E-02  -0.11030E-02 4432  0.529E-01 0. 406E-0
Dd: 9 -0, 249654661 655E+05 0.59426E-03  -0.64937E-03 3424  0.430E-01 0.219E-m
DAY 10 msleddS0EARSEN0AELOS 0.21237E-02  -0.117R6E-03 2523  0.225E-M 0.151E-M
Diddt: 11 -0. 24965461 245TE+05 | -0.74432E-04  -0.11566E-03 2520  0.213E-01

2 F= - 2A9B54G1E+03 El= -.24965461E+03 o E =-.432599E+00 mag=  15.2912

trial-energy change: -0.432599 1 .order -0.416777  -0.6560072 -0.183431

step:  1.306garm= 1.3932) dis= 0.06745 next Energw= -249 633668 (dE=-0.402E+00)

hond charge predicted

M E dE o eps nca Fms Fms )

Dbt s 1 -0. 249655 755237E+05 | -0.24966E+03  -0.537A0E+00 3536 0.623E+00 0.599E-m [

iﬁvr 2 -0 AASngnlNZ290eE+ns . -0.39315E-01  -0.48908E-01 4528  0.303E+00 0.67E-M




Typical iteration of SC calculation

Find the solution of f(x, p(x)) = O:
Case this Is easily done if p(x) Is provided

1. Assume p(x) and solve f(x, p(x)) = 0 to get approximate X;

2. Calculate p(x;) with the obtained x; solve f(x, p(x;)) = 0, and
get improved approximation X, ,

3. Repeat 1 — 2 so as to decrease |o(Xi,1) — o(Xi)|, |Xi.; — Xi| t0 required
accuracy
Self-consistent approach (B2 &8% &)

May be diverged if the obtained x; is used for x.,,
=> Stabilize convergece using mixing factor GE&#%%) K.,
Initial X,
First iteration: x; = f(x,) => x=(01-K. ;) X, + K X4
Next iteration: x, = f(x,’) ....



Problems of SC calculations

= Some solutions would not be obtained (XERLAWEAHYES)
f’(x) < 1 must be satisfied at the solution to obtain the solution of x = f(x)
=> Conversion of the equation may help, but not always

= Convergence is not stable
mixing factor may improve

For many cases, use another method such as Newton method

= Cases SC method is effective
Initial values close to the solution

Effect of SC parameters is small to the equation
(BEEEEEEHOAEXNOZEI/NIN)

SC parameters have good convergence
(BEEEEBEEHOIFRFENRL FRITES15E)



How to solve equations?

More sophisticated algorithms



Newton-Raphson method
Solve f(x) =0
Start from initial guess: X, y = f(X)

X,+dx Is supposed to be a solution
f(xo+dx) = f(Xo) + dx £°(%5) ~ 0
=> Xp = Xp+ X = Xp— T(Xp) / £7(Xo)

1°(Xo)

Stabilize convergence:

|
|
Xeos = Xe— Fx) 1 f7 (%) | (L + A) / I
|
|
!
|
|

A Dumping Factor 1 /
Y/
05 /

| / ;
/
. | | | | | A" |

0.2 0.4 06 08 1 12 14 16 sz 2

ol Xo— f(X0) 1./(%o)




Program: equation-newton-Raphson.py
Usage: python equation-newton-raphson.py x0 dump t

sleep

f(x) = exp(x) — 3.0x

python equation-newton-raphson.py -0.50  python equation-newton-raphson.py -0.5 3

. Figure 1 9 — O x
e X = %= 00 Lf (0) L+ 2)
T A: Dumping Factor -
Solve equation Solve equation
3.0 304 \
2.5 o ‘ 2.5 o ‘
2.0 . 2.0 .
§ 1.5 5 1.5
.
1.0 - 1.0 - “~.
~, \‘
0.5 - h 0.5 - . .
® )
0.0 \ - , 0.0 \ - :
-1.0 —05 0.0 05 -_{.'0 15 2.0 -1.0 —05 0.0 05 1 0 15 2.0
X X
x=-0.8125 y=1.25124 x=0.360887 y=1.13179




Effect of dumping factor (UXzRiBED )
f(x) = exp(x) —3x =0 (initial x =0) Exact 0.619061

Newton-Raphson (Dumping factor = 0)

Iter. X IX; — X4

1 0.5

2 0.610059654958962 0.110059654958962

3 0.61899677974154 0.00893712478257794
4 0.619061283355313 6.4503613773092e-005
5 0.619061286735945 3.38063244722622e-009
6 0.619061286735945 -1.94296000199483e-016
Newton-Raphson (Dumping factor = 0.1)

1 0.476190476190476

2 0.597901649246081 0.121711173055605

3 0.617090542717403 0.0191888934713221

4 0.618900291486661 0.00180974876925825

5 0.619048316423879 0.000148024937217564
6 0.619060243007723 1.19265838440254e-005
7 0.619061202754359 9.59746635487409e-007
8 0.619061279978579 7.72242198569211e-008
9 0.619061286192231 6.21365241490959e-009
10 0.619061286692197 4.99965669237101e-010
11 0.619061286732425 4.0228535713285e-011
Newton-Raphson (Dumping factor = 1.0)

1 0.333333333333333

2 0.485235618882813 0.15190228554948

3 0.556317491275292 0.0710818723924794

4 0.589692022113926 0.0333745308386341

5 0.605333177012923 0.0156411548989961

6 0.612649553494255 0.00731637648133212

7 0.616067929129785 0.00341837563553035
8 0.617664103982484 0.00159617485269905
9 0.618409199563502 0.00074509558101794
10 0.618756961315507 0.000347761752005284
11 0.618919262817103 0.000162301501596124



Effect of dumping factor: Convergence process
f(x) = exp(x) — 3x =0 (initial x = 0)

1.E+00

1.E-02

1.E-03
Pa

©

1.E-04

1.E-05

1.E-06

1.E-07

iteration

1.E-01 -

5

—NR(df=0)

4
—NR(df=0.1)

E NN

——Secant

—NR(numerical diff.) \ N\

\

—Bisection

\

Exact 0.619061

1.E+00

1.E-01

1.E-02
1.E-03
1.E-04
1.E-05
1.E-06
1.E-07
1.E-08
1.E-09
1.E-10
1.E-11

1.E-12

iteration —

11 16

—NR(df=0.1)_

—NR(df=1)

—NR(num. diff.)

\

\— Secant

— Bisection

Xis1 = Xie= T(Xi) 1 (7 (%) + 4)
A Dumping Factor

NR: Newton-Raphson method
df: Dumping Factor



Case Newton method succeeds

f(x) = tan-1(10x)
Initial x = 0.1

o )
r 4

f(x)

[AEY

| =y
=4

1
s

o
G0

A case to reach convergence

0
1
2
3
4

0.1
-0.05708
0.011686
-0.00011
1.15E-10

f(x)

0.7854
-0.5187
0.11633
-0.0011
1.2E-09

df /dx dx
5 -0.1571
1.54257 0.06877
9.86527 -0.0118
9.99999 0.00011
10 -1E-10

o

(=)

AW

\

(0]

[u

N

[EY

o ]
A

| =y
o)

=

o

v

[

o

(0]

Y

[NEY

(0]

N




Case Newton method falils

f(x) = tan'1(10x)

Initial x = 0.15

Diverged (A=0)

i X f(x) df/dx

N

~~ 0.15

-0.16941
0.232112

0.98279
-1.0375
1.164

3.07692
2.58404

X
N
Y 1.56553

1 5 \/
L.J

-0.51141
3.229546
-157.529

-1.3777
1.53984
-1.5702

0.36827
0.00958
4E-06

[MEN
A
SO WDN—=O

389486.7 1.5708 1.1E-12

X3

[
J

.

A Dumping Factor

-08 -06 -04

-0.4

0.6 08 1 Stabilize convergence

o J?QD
NN
o_
~

X by choosing A(A = 1)
[ f(x) df/ dx
0.98279 3.07692

[ X
0.15

[MEN

-0.09106
0.023161
0.001466

—-0.7387 5.46675
0.2276 9.49088
0.01466 9.99785

0.000133
1.21E-05
1.1E-06

0.00133 9.99998
0.00012 10
1.1E-05 10

N

1E-07
9.09E-09
8.27E-10

1E-06 10
9.1E-08 10
8.3E-09 10

©ocoo~NOOOaWDMNMN-—-O0O

dx

-0.3194
0.40152
—-0.7435
3.74095
-160.76
389644
-1E+12

Xirr = Xe= T 1 (7 (%) + 4)

dx

-0.2411
0.11422
-0.0217
-0.0013
—-0.0001
-1E-05
-1E-06
-9E-08
—-8E-09
—-8E-10



Program: Electron density in metal

Issues for integrating N(e)f(e)

- Wide integration range E = 0 ~ E¢ + akgT — several eV (accuracy at the order of exp(-a))

* Important range for accuracy is the range of akgT ~ 0.1 eV around E

* For numerical integration, E mesh AE should be very small around E¢ (if 0.01akgT, AE ~1 meV)
=> Not good to use the same AE for the whole integration range E = 0 ~ E; + akgT

=> = Divide integration range (Analytical integration may be employed for 0 ~ Eg — akgT)
= Better to employ accuracy-guaranteed library for integration
python integrate.quad() can accept accuracy as epsrel variable

Program: N-integration-metal.py

Ex.: python N-integration-metal.py 300 5.0 2E+21
At 300K, E-=5.0eV

Time is measured for 300 cycles calculation

1.5E+21
8 digit accuracy (epsrel = 1e-8), a = 6:
range time (300 cycles) 1E+21
(1) 0~ Eg + akgT 0.109 s
(2) 0 ~ Eg — akgT 0.063 s
(3) Eg —akgT ~ Eg + akgT 0.016s SE+20
(2) + (3) is faster by ~30 % than (1).
Employing analytical integration for (2) 0

Is faster by a factor of 10

N(e)
f(e) x 102
N(e)f(e)

@ //

e

(2) (3)

0.5 1 1.5
Energy e (eV)



Program: T dependence of E¢ for metal

Er(T) is determined by N, = [ N(e)f (e, Er)de for the given electron number N,
N(e)f(e, Eg) is integrated in the range E = 0 — oo (acutualy up to E. + akgT)

The initial value of E-(T) can be taken as the analytical form of E.(0) at 0 K.
Since the variation of E.(T) is small, the Newton method stability converges.

Compare with the approx. form E.(T) = EF(0) — %2 (kgT)?>N'(E(0))/N(EL(0))

. Figure 1 — O

Program: EF-T-metal.py A € 9> $Q =V

EX.: python EF-T-metal.py

T (K) Er(Newton, eV) Eg(approx., eV) #9500 R
0 4.948988 4.948988 — EF(approx)

600 4.948554 4.948544

1200 4.947248 4.947211

1800 4.945069 4.944990 = voson

2400 4.942013 4.941880 L

3000 4.938075 4.937882 |

3600 4.933247 4.932994

4000 4.929529 4.929243

0

500

1000 1500 2000 2500 3000 3500 4000

T(K)




Density of states, n,, and n,, in semiconductor

Total density of states: D(E) = D,(E) + Dy, (E) + Dp(E) + D4(E)

f(E, Ee)

KEEE

A Er

fu(E, Er)

Ev Ea

Valence band
Dn(E) = DyogJEy — E
Ds(E) = Nj6(E — Ey)

1
I Er) = G Emmn

Free hole density

ny, = -0 fu(E, Ex)Dy(E)dE
lonized acceptor density
Ny~ = Ny(1 — fr(E4, EF))

- >
Ep Ec IHRILE—

Conduction band
De(E) — Dco\/E — E¢
Dp(E) = Np6(E _1ED)
Je(E. BR) = o a—smn
Free electron density

n, = fE°Z f.(E)D,(E)dE
lonized donor density
NDJr = Np(1 — fo(Ep, EF) )




How to determine E¢ for semiconductors

&
©
©
g DC(E):DCO E-Ec
8 Valence Conduction
band | band S
Ey Ea EpEc Energy

E,=Ec-Ey
Charge neutrality condition

N, + N, = Ng*+ N,
N, = [/ De(E)A.(E.E.
ND+ — ND[l_ fe(ED’ EF )]

Er




How to calculate E-: Hlustrative solution
N, = [, D.E)L(EEJE N,

ND+ = ND[l_ fe(ED’ EF )]

D, (E)1, (€€, e

Ny = NA[]'_ fh(EA’ Er )]

fh(E’ EF):]'_ 1Ee(E’ EF)

Plot AQ = (N, + N,) — (Np*+ N,) w.r.t. Ec and find AQ =0

8.E+14

3.E+14
<2 E+14 0

-71.E+14

-1.E+15

T =300.0 Np = 3.0e17
E,=1.12 Ep = 1.02
Nc = 1.0e19 N, = 1.0e13
Ny = 1.0e21 Eo=0.1
8 0.9 h 1.1 1

N M

Log |AQ|

30
20
10

0

-10

-20
-30

E.=0.997 eV

)

0.5

o

E
1.5

/\"

~




Bisection method (=4£): Continuous func GE#tE %)

Solution of f(x) = 0 for (monotonic) continuous function f(x)
1. Start from a range [X,, X;] where f(x;) <0 & f(x;) >0
(or f(x,) >0 & f(x;) <0)
* Solution exist in this range for a monotonic function
2. Solve the equation by the following iterative procedure

Case f(x,) < 0 and f(x,) > 0: Judge by f(x,)-f(x;) <O
1. X, = (Xg+ %) /2.0
2. 1T f(x,) > 0 (f(x,) - f(x,) < 0), X, Is replaced with x,
If f(x,) <0 (f(x)-f(x,) <0), X, Is replaced with x,
3. Solution X, is obtained when |x; — X,|, [f(X;) — f(X,)| becomes less than EPS.
4, Repet1 -3




E- by bisection method: Convergence procedure

Initial range: [E, E,] =[E, =0, Ec = E]
FInd AQ = (N, + N,) —(Np*+N;) =0

1.E+01 — 25
Iteration
1.E+00 . ; ; . 20
1E-01 \ 10 20 30 40 15 N— gg(g )
— 1.E-02 o
LLJ \ TR <
| 1.E-03 ~ 5
«~ 1.E-04 \\ g 0 iteration
W 1 Eo0s5 N S5 0 10 20 30
1.E-06 = o
1.E-07 \\ ig
1.E-08 \ )
1.E-09 -20
-25

After 30 times iterations
E-=[0.9985173589, 0.9985173599]
dQ = [-3x108, 8x108]



Program: EF-T-semiconductor.py

Program: EF-T-semiconductor.py
Usage: python EF-T-semiconductor.py EANA ED ND Ec Nv Nc

EX.. python EF-T-semiconductor.py 0.05 1.0e15 0.95 1.0e16 1.0 1.2e19 2.1e18
E.=0,E.=1.0eV (= band gap)

EA - 005 eV, NA - 1015 Cm'3, %, Figure 1 - m|
- — 16 -3
E;=0.95eV, Ny =10 cm A €9 Q=W
N, = 1.2x10 cm-3
N, = 2.1x108 cm?3
il )—‘\
1.0
10%5 3 \
0.8 1 1014 4
— 1013
< 0.6 - i
‘E E 1012
- z
0.4 4 1011 .
107 5 — Ne
0.2 4 Nh
107 5 — NA-
—— ND+
0.0 T T lOB T T
0 500 1000 0 10 20

T(K) 1000/T (K™-1)




Multi-values equation: Kronig-Penney model

2 2
Solution of (_Zh_m% + V(x)) d=E¢p Vo—E a > —
€S>
P (x) = exp(ikx)u(x), u(x+a) = u(x) W,
Inwell:  ¢(x)= Aexp(iax)+ Bexp(-iax) a=~2mE/hn b

In barrier: ¢(x) = Cexp(px) + Dexp(-Ax)  B=+2m(,-E)/#

Boundary condition: ¢, (x) and ¢, (x) are continuous at x = 0 and -b

Bloch’s theorem : ¢, (x + a) = A¢;(x), A = exp(ika)

1 1 -1 -1

la -l - p Jo)
exp(iow,) exp(-iaw,)  —Aexp(-=pb) —Aexp(pb)
laexp(iow,) —iaexp(-iaw,) -—pAexp(-pb) pAexp(pb)

The determinant of the left matrix must be 0:
B(E)* — a(E)*
2a(E)B(E)

Scan E in possible range to find all the solutions,
then use them for initial values
to obtain accurate values by Newton-Raphson method

o O O O

O 0O o >»

cos ka = (

sin a(E)w,, sinh B(E)b + cos a(E)w,, cosh B(E)b)



Program: Kronig-Penney model

Program: kronig_penney.py

Lattice parameter (Si) a =5.4064 A Effective mass m* = 1.0m,
Barrier width 0.5 A Barrier height 10.0 eV

___python kronig_penney.py python kronig_penney.py band

M
1

o

sinaw,, sinhf b + cosaw,, coshf b
E (eV)

2 _ 2
coska— B d

2af

|

|
N

delta

E (eV) I k(i':u'a]



Non-linear (NL) optimization
JEFRTZ AL




Optimization
Objective: FInd parameters x; to minimize or maximize
a objective function F(x;)

Maximization problem for F(x;)
IS equivalent to minimization problem for —F(x;)

Examples:

 Linear least-squares method: A linear minimization problem for L2 norm of errors
« Curve fitting: A non-linear minimization problem for L2 norm of errors

« Structure relaxation: A non-linear minimization for total energy

Focus on minimization problem



NL optimization of crystal structure:

Illustrative approach
TERE: KFEICKDLHEE

Calculate total energy by quantum calculations by varying a lattice parameter
ex. Si

-1160.137
-1160.138+ Exp.(RT)
ac=0.5431 nm
- -1160.139+ Vg = 270.5 a.u.® (primitive cell)
x
3. -1160.140¢
>
- I Opt.
o -1160.141 ac = 0.5472 nm
|V, =276.67a.us
-1160.142+
-1160.143
-1160.144

260 270 280 290 300
Volume / a.u.3

E=E,_ +1/2B,(V/V,)

min

B, (GPa) =87.57 GPa (exp: 97.88 GPa)



Profile models used for spectroscopy

Lorentz function
IL(X): L
1+[(x—x, )/ w]

Gauss function

1
| (x) = > exp{— [(x — X, )/(aww)]2 ) 1
a,wWrz a1
W a, =(In2)™* = 0.832554611 0.
Voigt function:

E.g., observed is convolution of sample
spectrum 1, (x) and apparatus function I5(x)

w: half width at half maximum

IV(x):ﬁoIG(x')IL(x—x')dx' i
g xp(-x") i /i
T a,” +(x—=x") /

Pseudo-Voigt function:
Simplified Voigt function
Lo, (X)= Tl (X) + @ )1, (X)
fg: Gauss fraction

o




EX.: Deconvolution of powder XRD peak

Incorporate the intensity ratio from Ko, and Ka, at 2:1

L& ZnS Powder(original).TXT - CurveFit - &
Jr{ME) $REE(E) FR(V) Option A" (H)
D || ] & [ @ [pofcalcr|cu [m m| &) ® J
Thput: |¥Samples¥2n5 Powderiorigina) TET Path ﬂ Dr\Programs!\CurveFit\CurveFit2013\Samples\ZnS Pow der(ung;
PEC: |Samp|es¥2n5 Powder(originall#0pfc  Path ﬂ 100000
Output: |D:¥Prngrams¥6urveFit¥GurveFit2[lIE Path ﬂ
Optimize Region: |4ﬁ = |49 WiewRreg| |
Output Fegion: |‘“S - |‘*EI WiewRreg| | 20000
Hidd Peal |Qe|ete F'eak| Clear F'eaks| Peak Search |
| 474657 83924 00963 0.388 1.000 |
0 Position |474687 = 1w OPT[ Gurve Fitlx) . 60000 -
Gl Tatal) 889230 =W OPT  Save PFG z
Gauss Fraction 0387785 = [/ OPT =
FWHM Ratio 1 e — OFT Setup LG 40000
= [v Auto redraw
ClGaugzs) 448330486 = [T OPT
A —_ I Log | Redraw
FitHM(Gauss) |00963353 v OPT
= Delta Mag. 0000
o Larentz) B4440 54543 = OPT |71
FWHM( Lorentz) | 00963353 : [~ OPT
fzy mmetric o = OFT
Backeround = Cthers 0 I | | | | | |
= Gal || | Ligat: [T58056 A
]l |1?|]27"2 W OPT | | L(kasy (154430 4 468 47 472 474 476 478 48
b1|6.71438 :l |_ OFT | | pxasi/mkal) s iffraction angle 2Theta / deg. RS
b2 |0 < >
Crange  |B
N EETRTAICk [Fl] LTSN




Methods of non-linear (NL) optimization

To find a minimum (maximum) of target function F(x):

Direct search method (B &%)
Trial and errors to find a minimum,
but following a certain defined procedures

Gradient method (& E2;%):
Use first differential to find the direction of minimum



Global minimum ¢kiras/ME) vs local minimum @&/1hvi)

If start from here and
search minimum by gradient, ...

Local minimum

Global minimum
>

How to avoid to be trapped by local minimum:
1. Employ a large initial search range
2. Not use a direct value of gradient



Line search (BE#&#%:%): Armijo condition
KEME, T2EE REEEZ DA, BB T ¥ 4t (2006)
Armijo (7/L3%) condition (eq. (1)) and algorism:
1. Provide initial x, choose constant{ and7 (0 < ¢ <1,0<17< 1)
2. Find search direction d, (e.g., by steepest descent method)
3. Find « > 0 so as to satisfy F(x + ady) < F(xy) + ¢ady - VF(xy,) (1)
() Bro=11i=0
(1) If F(xg + Bridr) < F(xg) + &Py idy - VF (xg) go to step 4, or go to (i)
(1) By,i+1 = Pk, and go to (ii)
4. a =P
X
y =F(xy) +Sady - VF(xg)

Satisfy eq. (1) /

Yy = F(xk + C(dk)
Satisfy eq. (1)

\ ~—> ad
tangent: y = F(xy,) + ady, - VF (x) a'®



Line search (BE#&#%:%): Armijo condition
KEME, T2EE REEEZ DA, BB T ¥ 4t (2006)
Armijo (7/L3%) condition (eq. (1)) and algorism:
1. Provide initial x, choose constant{ and7 (0 < ¢ <1,0<17< 1)
2. Find search direction d, (e.g., by steepest descent method)
3. Find « > 0 so as to satisfy F(xy + ady) < F(xy) + éady - VF(xy) (1)
(i) Bo = 1,i =0
(1) If F(xg + Bridr) < F(xg) + &Py idy - VF (xg) go to step 4, or go to (i)
(1) Br,i+1 = TPy, and go to (i)
4. a = P,

Y
y =F(xy) +Sady - VF(xy)

Satisfy eq. (1) /

/

/. Notsatisfy eq. (1) o/ v = F (x) + ady)

Satisfy eq. (1)
——
tan\gent: y = F(x;) + ad;, - VF(x;) a©

C(dk



Line search (BE#&##%:%). Wolfe condition

KEME, T2EE REEEZ DA, BB T ¥ 4t (2006)

Wolfe (% ,12) condition:
1. Find search direction d;, (e.g., by steepest descent method)
2. Choose constants &; and &, thatsatisfy 0 < &, <&, <1
3. Find a > 0 so as to satisfy:
F(xk ~+ Cldk) < F(xk) + fadk . VF(xk) (1)
€2dk . VF(xk) < dk . VF(xk ~+ adk) (2)

Y gradient = &,d, - VF(xk)

/ | \
Satisfy eq. (1) /1
/o Satisfyeq. (2) [v = F d
SRR &)y = F(xy + ady)

/ Satisfy eq. (2)

= >C(dk

tangent: /
y = F(x) +ady, - VF (x;) y = F(xg) +Sady - VF(xy)



Bisection method (=4 %) vs Golden-section search (245 £11E%)

Bisection method: Find solution of f(x) = 0 for monotonous continuous function
Unique solution exists in the range [X,(©, x,(0] if f(x,(@)f(x,(?) <0
Add Xl(o) in [XO(O)’ XZ(O)] (XO(O) < Xl(o) < XZ(O))
Case 1: If f(x,@)f(x,@) < 0, solution is in [x,©, x,©]
Next search range is reduced to x, := x,©), x,D := x,0=
Case 2: If f(x,)f(x,) < 0, solution is in [x,©), x,(0]

Next search range is reduced to: x,M := x,©), x, ;= x,0 =

(0) 45, (0)
%’ X, := x,©)

(0) 4 ,(0)
AR ;xz %, 1= X,
Golden-section search: Find minimum for single downward convex continuous func f(x)

Unique solution exists in the range [%o©@, x;O7 if f(x, @) < f(x,©), f(x;,@) for x,© < x,© < x,©
Add XZ(O) in [XO(O)i X3(0)] (XO(O) < Xl(o) < XZ(O) < X3(0))
Case 1: if f(x,©) < f(x,@), solution is in [x,©, x,©]
Replace x,© with x,© in [x,©), x,(]
Next search range is reduced to x, := x,(0 < x, (D := x,0 < x,(1) 1= x, 0 < x,(1) := x,0)

f(x) \< B /

<—y >

/4—‘[—»

.0 %0 y© x,0




Golden-section search (Z£ 9 EER)

For downward convex continuous function, unique solution exists
in the range [x,©@, ;@7 if f(x,©), f(x,(9) < f(x,©), f(x5@) for x,©@ < x,©@ < x,(0 < x,©)
Case 1: if f(x,©) < f(x,@), solution is in [x,©, x,]
Replace x,(0 with x,© in [x,©), x,©]
Next search range is reduced to x, := x,© < x, 1 := x,0 < x,0) 1= x, O < x,) := x,0)
Case 2: if f(x,©) > f(x,(0) , solution is in [x,©), x;@]
Replace x,© with x,© in [x,©), x,]
Next search range is reduced to X, := x, 0 < x, D := %, < x,(D := x,0 < x, (1) 1= %,

A\ 4

A

(ON

p . -
v Strategy: keep the ratio of x,®), x, 0, x,(0, x;®)

« Y — constant for iteration steps
\\\\\ «—r—»/ B = X0 — x,®
T /// v = 3,00 — x, 0 = x, 00 _ x, 0

—— T=L—-Yy
X, = x,0) +7

A 4

XO(O) X l(0) XZ(O) XB(O)

To keep the ratio for next step (k+1)
Xl(o) Xz(o) X4(O) XB(O) ,8 LY = X3 (k+1) _ xo(k+1) . xz(k+1) _ xo(k+1)
Xo® %, X, x,M = 3B — 3, () 2y, () o () =0 7
T=0—yhHb
B _ 1++/5
2

Golden number




Golden-section search (Z£ 9 EER)

Minimum solution of downward convex continuous function f(x)

f(X) 8 . B _ 148
\4— Y > 14 2
< Y — T _ By _ 2 _V5-1
% <—T—>/ N=3="p% =" Ba Vi
S 1. For x,© < x,0 < x,00 < x,, assign initial parameters as:
\\/ BO) = 5, (0 _ 4 (©
, 70 = 4 ﬁ(o)
X0 @ x| x© %, © = x,©@ 4 £ (©

1, = x,© _ 70

X, ) x,(0 x 49 X, (0)
( ) Xl(l) X, x3(1) 2. Terminate if |3()| < eps

3. B+ = (k)
T(k+1) — U,B(RH)
4. 1 f(x,9) < f(x,®), substitute x,® for x,®0 = x,0 —7 ) as:
X k4D = %, (), x (kD) =y (0 —g )y (k1) = (K) x (k+1) = (K
If f(x,®) > f(x,®), substitute x,® for x,® = x,® +7&) as:
Xo(k+D) = x, (), x (kD) =y (0 x (k+1) = x (K400 x (k+1) = x (K
Gotostep 1



Methods of non-linear (NL) optimization

To find a minimum (maximum) of target function F(x):

Direct search method (B &%)
Trial and errors to find a minimum,
but following a certain defined procedures

Gradient method (& E2;%):
Use first differential to find the direction of minimum




Steepest descent method (SD, &2 T i)

Search minimum/maximum only by first derivatives
Objective function (multi-variable, xj): F(x;)
Concept: Minimum/Maximum may be found in the direction (9F (x;)/dx;)
x; KD = x, () — g F (x; () f0x;

Need to choose/find an appropriate a so as to take the minimum F (x; ()

Variations to choose a.:
(1) Simple: Choose small o
(ii) Direct search (EIEE )
Armijo / Wolfe condition




Steepest Descend (SD) method (& %)
KEME, T2EE REEEZ DA, BB T ¥ 4t (2006)
Search minimum only by first derivatives. Simplest one among gradient methods

= SD: S?2 would decrease in the vector —(df / dx;)dx;
X, (D) = x. (0 — ou(df / dx;)
o, may be a small constant step
or determined by a line search method
ex. in right figure:
S2 = f(x;) = 5x,% + x,2, initial x, =0.7, x, = 1.5
= SD method
o = 0.3: Diverged (not shown in the graph)
0.2, 0.15: Converged, but oscillated :
0.1: Reach final solution by one cycle calculation et
0.01: Not oscillated, but slowly converged a=0.2 Z
= Newton method
One cycle calculation provides the final solution

for quadratic problems
EAMEOHRS E—EEOHATREEICE;E -

2.5

Problem: If S2 is highly anisotropic, the SD direction
would be different largely from the minimization

direction s2axz=EntHmss. BaaiRAmERMEAmED
KECBBEBIENHS

=> Conjugate Gradient (CG) method (% B EL:X)

-l 0.5 0.5 1




Steepest descend method

Without direct search: o
use fixed step parameter With direct search
25

25

1.5

Newton

NN NN



SD method in Deep Learning

» All batch data are divided to mini batches,

. DL: SD method i
and apply SD to each mini batch 5

a=0.1, Nyg = 10

Example:
S2=1(a, b; x; Xy) =ax;*+bx,%, a=5b=1 2
1000 batch data (Xy;, X, f(x;)) are generated at random
(note: the data were re-generated for different runs)
Speculate aand b 1
Initiala=0,b=0

05 k=0.05, ny,5z = 10
SD (Convergence iterations with all batch data) -

3 0 1 2 3 4 5 6
2.5

25 a=0.1

2

Line search 2 a=0.05, ny,z =100

15 15

1

0.5

k=0.1n,; =100



Multiple variable Newton-Raphson method
Extend to multiple variable optimization: Minimize F(x;)

fr(x;) = OF(x;)/0x;, =0
To solve f(x;) =0 (k,j=1,2,---N)

fr(xj + 6x;)~fr(x;) + Zi) 6x1,0f 1 (x;)/0%1,= 0

== Xj1= Xjo0— (afk(xi)/axkr)'l(fk) = X0~ (F”e) (F7)
. 02F(x;) Hessian matrix (~y+475l)
F' 1y = (~NYEITHIDEEEEAYS T EELR)

axkaxk,

Hessian matrix is not always positive definite (EEETH B EIFRSAELY)
(Maximum, Saddle point #Ex{E. #5)
=> F” dose not always give decreasing direction

Convert F”’ to positive definite and suppress divergence
Xj1 = X0— (F”0 + A)HF?)
A Dumping Factor



SD vs. Newton- Raphson methods

Steepest direction + OptImIchtlon direction

1.5

0.1
Newton

a=0.2 < .0

*
&
4
®
,,z

-0.5

Improve SD method to follow optimization directions



Program: optimize-newton-raphson2d.py

F(x,y) = 3.0 — 10x — 30x2 + 1.5x3 + 3x* + 30y —30y2 + 3y* + 3xy?
Usage: python optimize-newton-raphson2d.py X, Y,
From (0.00.0) Newton From (-1.0-1.0)

| .

[ 1800
"t 600

il '
Pl
\}\\\!'.','///i/”’ll,"

- 200
llll

-4 -3 -2 -1 0 1 2 3 4 —4 T : ,
4 3 2 -1 o 2 3 4

) From (-2.0 -1.0) From (-2.0-2.0)
4 R




Quasi-Newton method (#:Newton;)

] o KEME, T2EE REEEZ DA, BB T ¥ 4t (2006)
Target function to minimize: F(x]-)

i : : -1
Iteration: x; ("D = x;() — (9%F/dx;0xy,) ~(9F/dxy)
F' 1, = 0°F/0x,0xy,: Hessian (™wt) matrix

Issues of Newton method:
(1) Calculation of Hessian matrix is very high cost as it is a 2D matrix

(2) Eigen value of Hessian matrix can be negative => lead to maximum
(3) Easy to diverge

Quasi-Newton method:
(1,2) Hessian matrix is approximated from 15t differentials

(3) Line search algorism is applied along the search direction
—(GZF/axkaxk,)_l(aF/axk)



Davidon-Fletcher-Powell (DFP) method

KEME, T2EE REEEZ DA, BB T ¥ 4t (2006)
F(x;® + ad) = F(x;®) + aVF(x;)Td + %aszB(k)d ~0

Search direction d is determined from B®d = —VF(x;(®)

DFP method: The first formulation of quasi-Newton method

T
(0 B 5(K))., (OT 1, (1). (1, (k) _ g(K) 5(K))
ST 5, (k)
sUOT(y()_ g1 5(10)
(sUOT .y

B (0. (T 4 (1), () 5k N ( S(k)TB(k)Suo)

pk+) — gy |

y(k) . y(k)T

— g _
s(OT .5 (k) s(OT .y)(k)



Broyden-Fletcher-Goldfarb-Shanno @res) method

KEME, T2EE REEEZ DA, BB T ¥ 4t (2006)

BFGS method: Regarded as most efficient among quasi-Newton methods

T
B (WsW)T 00T
S(k)TB(k)S(k) S(k)T.y(k)

gk+1) — g

Algorism:
STEP 0: Provide initial values x(© and initial matrix B© (can be unit matrix)
STEP 1: Search direction d® is determined from B®d = —VF (x;(*))
STEP 2: Step width a® is determined by line search algorism
STEP 3: Calculate xk*1) = x®) + gkdk)
STEP 4: End if self-consistency is achieve.
If not, goto STEP 5
STEP 5: Calculated s® and y®, and then B&*1), and go to STEP 1



SD vs. Newton- Raphson methods

Steepest direction + OptImIchtlon direction

1.5

0.1
Newton

a=0.2 < .0

*
&
4
®
,,z

-0.5

Improve SD method to follow optimization directions



APPENDIX

related to linear least-squares methods



RAHETE &

LEB#HEL:
EF (x),) DECBHEEZ, BEHID/ NFX—H (a,,) DIEFRZELTH

POX = xila) =TI, {mexp [~ L4} =TT, (=) - exo[- £ 24
HEETEE, FHIZX = (x;) 7.’7‘/797.’7‘9 Tl ‘5&[,
INTGA=E (a,) MENTZIFLELLLD (BFE) 2RI EREZEERBMEALL,
LREDHERZEREBELEHN (a,) DEEELT
TEREE P(a;) = P(x;|a;) ELVD,

=AM EE
RE = f(x,a)-y, BB o ODERDFAICHSIET D, T—2(X, y)ITxT
BINSA—A (a) DAERBRIE

P(a) = II; (=) - exp [~ Zipts]
LEEZHERKIET SN )‘—’)"’E;k&)éa)?ﬁ‘rﬁﬁ*ﬁﬁﬁjo
max P(a;) = max1In P(a;) = minY; 4 /IN_FEIT—HTH

l




FETH1E D fEHT: SafisEiE

” . a-1GZO TFT
Ips = _ﬂcox [(VGS — Ven)Vps — DZS ] 200 V_=0-15V_ |
. 150 GS [
< /J
1 |
Vps >V, =Vgs—Vy, M :
114 -
Ips = ﬁﬂcox(Vc;s Vin)* ——
OO 5 10 15
14 :
W [
ID.S’l/Z = E:UCOX(VGS Vin) 12 ’
\ 10|
1,52 vs. VBT Bk < gl
VeIt Vy, §
{EE: NI 2 6}
Saturation mobility, p,, 4
)|
O [

20 2 4 6 8 10 12 14 16
VGS (V)

Ips (MA)



T—hBE CoxDER
F—hERE: 7EILIF7R SIO,
A EE: 11.9¢, (g,= 8.854418782e-12 C2N"Im™?)
[EE 100 nm

1 mY-YBERE
Cox = 11.95,/ 100e-9 [m] = 0.00105 F/m?



TFTiv.py

10—4 i

10—5 4

Ids (A)

lo—]l} 4

10—12 i

1078 4

—— Vds=0.02'V
— Vds=004V
—— Vds=0.06V
—— Vds=0.08V
— Vds=0.1V
—— Vds=02V
Vds=04V
— Vds=06V
Vds=08V
— Vds=1.0V
—— Vds=20V
— Vds=4.0V
—— Vds=G.0V
—— Vds=8.0V
— Vds=10.0V
—— Vds=0.02'V
Was=0.04 W

— Vds=0.06 v jpifigmme

Vds=0.03 v
Vds=0.1V

T Vds=02V

vds=04av .0
—— Vds=06V
— Vds=08V

0
vgs (V)

T
10

T
20

A)

Ids {

7095

0.00040

0.00035 +

0.00030

0.00025 -

0.00020

0.00015

0.00010 ~

0.00005 A

0.00000 -

—— Vigs=2.0V
— Wgs=4.0V
—— Vigs=6.0V
—— \Vgs=80V
— Vgs=10.0V
—— \igs=12.0V
Vigs=14.0V
— Vgs=16.0V
Vigs=18.0V
— Vgs=200V

1ds 2 {AIJE)

0.020 A

0.015 A

0.010 A

0.005 ~

0.000 ~

T
-10

vgs (V)

EfRICRZ31.9~10.0V T, numpy.polyfit) T—RZERIZT1vT125
ai = np.polyfit(xfit, yfit, 1)

#y = ai[1] + ai[0]x

Vth = -ai[1] / ai[0] = 1.794 V
1

dlg2
dvgs

w
1051/2 = ZﬂCOX(VGS - Vth)

Hsat =

(dIgs2/dVgs)®
w

2Cox

ai[0] = 0.001114 AY2}\/

= 0.000392 m?/Vs = 3.92 cm?/Vs

T
10

T
20




FOTSL (k)

importre  # ERRIWED 21— ILZHAHAL def read_csv(fname):
print(")
#m——=——=———————-——-—o-—————————————o— with open(fname) as f:
# parameters fin = csv.reader(f)
#:::::::::::::::::::::::::::::::::::
infile = TransferCurve.csv' labels = next(fin)
xlabel = labels[0]
dg = 100e-9 #m
erg = 11.9 # labelfTHY EXF DIZE. T—H2ELTIE
ylabels =]
W = 300.0e-6 #m for i in range(1, len(labels)):
L =50.0e-6 if labels[i] == "
break

# 1ds™N(1/2)-Vgs 7By k%9 B Vds ylabels.append(labels[i])
Vds0 = 10.0 ny = len(ylabels)
# RETGEXFNEFNTNEIXFIMNDS, x =]
#FEHINRICEBRTEDIRIDXFIZLYHL, ylist =[]
4 FEINE AT RLTRYT for i in range(ny):
def pfloat(str, defval = None): ylist.append([])
# XFIID, FENRICEZIDIXNFINEHRLTLSEHZEYY
HY for row in fin:

m = re.search(r'([+¥-eE¥d¥.]+)', str) x.append(pfloat(row[0]))
# —HL-XFINERF for i in range(1, ny+1):

valstr = m.group() v = pfloat(rowl[i])

try: if v is not None:

return float(valstr) ylist[i-1].append(v)
except: else:
return defval ylist[i-1].append(None)

return xlabel, ylabels, x, ylist
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TFTiv_errorcheck.py
471 EH 2.0 ~ 10.0V

= Vgs Tl Vds < Vp =Vgs — Vth &£%4Y
ERMDHAND
B/ ZFICANTIELITELY

0.020 -
0.015 -

%
S 0010
H-'é
~0.005 -
0.000 - ~
—20 ~10 0 10 20 S HoEELY Vgs EIET
Vgs (V) o 249T4TTBHM
0.000 1 BULWEKIZHEYES

0 2 4 B 8 10 12
Vags (V)



BRI _FEZy=-a+bx DRE

SEHFEITER, M.C.BarfordZ , EEERIFELRE. AE

f(x;) = a+ bx;
=f(x)) —(a+bx;) BHEHS=Y¢*Zm/ME
(:; Sixx) (Z) - (:xyy) Sx = XX Sy = LYo Sex = LX) Sxy = XX
(ATADF 1Y

(=35 () Amnsa—sd =nEe - ()

NSyy—SxS 2 (xi—(x)(yi—=(y)) SxxSy —SxSx
b= = = =——1— = —bx)

() -@»? _ 1 (nsxy=sxsy)”
=00 -0 - T ["Sw 2 r——
2
&ﬁ;}%%S— ay [(x?) s, = oy
@2 ((x2)-x2) (-2 (x2)-2)

THESFRE: r—\/%



BEOHE
REDEEA

T a b DIE#ELREo, 0o DEXRIDIESE. f(a,b) DIRE(X
5f(a,b) = (%)b Sa + (Z_];)a 5b
8a,8b MIER S MICHESI/S . 6f (a, b)) DIRERE o (X

oy = j (@), o] +[@), ]

B/INEFEETy=a+bx DIEHERE o, o, NBONTF=D -
* Ven(a,b) = —a/b
§ V., = —8a/b + adb/b? Slog Vyp, =

th

= 6a/a — 6b/b

v = J[() o]+ ()]
- u(a, b) = b?/ |

Slogu = (Z—“ = §[const + 2Inb] = 2%
o, = 2uoc,/b

ovin =Vl | (D) oa] +(

b

o]



TFTiv_

R/ ZFEDRELHERE

errorcheck.py

0.00030 A

5 10 15 20
Vgs max for fitting (V)

0.00020

0.00015

0.00010

Variance of error

0.00005 A

5 10 15 20
Vgs max for fitting (V)

Vth (V)

1.9 A }
} [ 0.995 -
b
=]
1.8 - } } s
[15]
“= 0.990
=
I
1.7 - =
} T 0.985
o
[=]
1.6 ]
} 0.980
T T T T T T T T
5 10 15 20 5 10 15 20
Wvgs max for fitting (V) Wgs max for fitting (V)

T4 TAV T EEZELITHEMEBEREIE 1.0 1TiED5<
xEE A AWV EHBFREIEREAZY DT,

T LLBVWERGEOIEEICITE-oTUVELN

REeDIRERE 0., 13 Vos > 16V THREIZKELS:

Vgs > 16 VD T—AZE AN TIELMFELY

BEE. VIh (14 VETDT—E2EANSERKIEFES

BERIIEV, J4vTAV T BB R EMDORIENEE

BRERE X 16 TRRLTWSILITEE,

36 ZRATDHREE



TFTiv_errorcheck.py

#E . HERYEGTEMAE —REEXARER/N_F
def Isgl(x, y, iPrint = 0):
n = len(x)
#METEDEE
#si: T DA
#sij: T i &) DIEDID
SX = sum(x)
avx =sx/n
sy = sum(y)
avy =sy/n
sxx = sum([x[i] * x[i] for i in range(n)])
avxx = sxx /n
sxy = sum([x[i] * y[i] for i in range(n)])
avxy = sxy /n
syy = sum([y[i] * y[i] for i in range(n)])
avyy =syy /n
delta = n * sxx - sx * sx

avi: i DE
sij: i*j D 4

#y=a+bx
b =(n * sxy - sx *sy) / delta
a=avy - b *avx

HIREDZEM Y REDEERE o(s)
sum_ei2 = sum([pow(y[i] - a- b * x[i], 2) for i in range(n)])
sigma_ei = sqrt(sum_ei2 / (n - 1))
sigma_y2 = avyy - avy * avy - pow(avxy - avx * avy, 2) / (avxx -
avx * avx)
sigma_y = sqrt(sigma_y?2)

#INTA—F a, b DIRHERELHBERE

Sa = sigma_y * sgrt(avxx) / sqrt((n - 2) * (avxX - avx * avx))
Sb =sigma_y / sqgrt((n - 2) * (avxx - avx * avx))
r =sxy/sqrt(sxx * syy)

70554 (BE)

# RYMENZ DT, MetE. ZERE. HEGRKE
HHBER (\va, EEER) TRT
#HEEBOMEIE, {key:val}

res = {'sx": sX, 'Sy": sy, 'SXX': SXX, 'SXy': SXY, 'Syy": syy,

'Sa": Sa, 'Sb': Sb, 'r': r, 'sigma_ei": sigma_ei, 'residual: sum_ei2}

return a, b, res

def main():
# RIN_FERT
= Isql(xfit, yfit, 0)
#BFELTHITai[2] ITAD
res = ai[2]
#a, b DIRERZE . HHERK
HtIREERDER (X EHAkey|TRITES
Sa =res['Sa’]
Sb =res['Sb’]
r =res[r]

Vth =-ai[0] / ai[1]
grad = ai[1]
mu =grad * grad / (W * Cox/2.0/L)

#IREGBRIASVIh &y DIZERELEETE
SVth = sqrt(pow(Sa / ai[1], 2) + pow(Sb * ai[0] / ai[1] / ai[1], 2))
Smu=2.0*mu* Sh/ai[l]

# ITS5—N\—R{EJZ70TOvk
ax4.errorbar(xecheck, ymu, yerr = ySmu,
capsize = 3.0, fmt = ‘o’, markersize = 3.0, ecolor = ‘b’
markeredgecolor ='b', color ='w’)



	スライド 1: Computational Materials Science (計算材料学特論)
	スライド 2: Computational Materials Science 計算材料学特論
	スライド 3: Class Schedule
	スライド 4: Evaluation (Kamiya)
	スライド 5: Explanation of the answers, June 21 課題解答の解説 
	スライド 6: PROBLEM, June 21
	スライド 7: Smoothing
	スライド 8: Weights for various smoothing
	スライド 9: Weights
	スライド 10: A smart answer by student
	スライド 11: PROBLEM, June 25
	スライド 12: How to solve equations?  Self-consistent method 自己無撞着法
	スライド 13
	スライド 14
	スライド 15
	スライド 16
	スライド 17
	スライド 18: First-principles calculation： Self-consistent field (SCF,自己無撞着) calculation
	スライド 19
	スライド 20
	スライド 21
	スライド 22: How to solve equations?  More sophisticated algorithms
	スライド 23
	スライド 24
	スライド 25
	スライド 26
	スライド 27: Case Newton method succeeds
	スライド 28
	スライド 29: Program: Electron density in metal
	スライド 30: Program: T dependence of EF for metal
	スライド 31: Density of states, ne, and nh in semiconductor
	スライド 32: How to determine EF for semiconductors
	スライド 33: How to calculate EF: Illustrative solution
	スライド 34: Bisection method (二分法): Continuous func（連続関数)
	スライド 35: EF by bisection method: Convergence procedure
	スライド 36: Program: EF-T-semiconductor.py
	スライド 37: Multi-values equation: Kronig-Penney model
	スライド 38: Program: Kronig-Penney model
	スライド 39: Non-linear (NL) optimization 非線形最適化
	スライド 40: Optimization
	スライド 41: NL optimization of crystal structure:  Illustrative approach 安定構造: 図解による解法
	スライド 42: Profile models used for spectroscopy
	スライド 43: Ex.: Deconvolution of powder XRD peak
	スライド 44
	スライド 45
	スライド 46
	スライド 47
	スライド 48
	スライド 49
	スライド 50
	スライド 51
	スライド 52
	スライド 53
	スライド 54
	スライド 55
	スライド 56
	スライド 57
	スライド 58
	スライド 59
	スライド 60
	スライド 61
	スライド 62
	スライド 63
	スライド 64: APPENDIX  related to linear least-squares methods
	スライド 65
	スライド 66: FET特性の解析: 飽和領域
	スライド 67: ゲート容量 COXの計算
	スライド 68: プログラム
	スライド 69: プログラム (抜粋)
	スライド 70: フィッティング範囲の妥当性
	スライド 71
	スライド 72: 誤差の計算
	スライド 73: 最小二乗法の誤差と相関係数
	スライド 74: プログラム (抜粋)

