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python3

# %% imports %matplotlib inline

import numpy as np

import tensorflow as tf

import matplotlib. pyplot as plt

# %% Let’s create some tov data

plt. ion ()

n_observations = 100

fig, ax = plt.subplots(1l, 1)

X% = np.linspace(—=3, 3, n_observations)



v8s = np.sin(xs) + np.random. uniform{-0.5, 0.5,

n_observations)

ax. scatter(xs, ws)

fig. show ()

plt. draw ()

# %% tf.placeholders for the input and output of the

network.

# Placeholders are variables which we need to fill in

when we

# are readv to compute the graph.

X = tf. placeholder (tf. float32)

Y tf. placeholder (tf. float32)

# %% We will try to optimize min (W, b) || (X¥w +

by — ¥ |72

# The “Variable()  constructor requires an initial value

for the

# wvariable,, which can be a "Tensor  of any type and

shape. The



# initial value defines the type and shape of the

variable.

# After construction, the twvpe and shape of the

variable are

# fixed. The wvalue can be changed using one of the

assign methods.

W = tf. Variable (tf. random normal([1]),

name="weight’)

b = tf. Variable(tf. random normal{[1]), name=’hias’)

Y _pred = tf.add(tf. multiply (X, W), b)

# %% Loss function will measure the distance between

our observations

# and predictions and average over them.

cost = tf.reduce sum{tf. pow(Y pred — Y, 2)) /

{n_observations — 1)

# %% Use gradient descent to optimize W, b



# Performs a single step in the negative gradient

learning rate = 0.01

optimizer =

tf. train. GradientDescentOptimizer (learning rate) . minimim

# %% We create a session to use the graph

n_epochs = 1000

init = tf. global wvariables_initializer ()

with tf. Session() as sess:

# Here we tell tensorflow that we want to initialize

all

# the wvariables in the graph so we can use them

sess, run (init)

print (xs)

print {vs)

# Fit all training data

prev_training cost = 0.0

for epoch 1 in range(n_epochs):



for (x, v) in zip(xs, ¥s):

sess, run (optimizer, feed dict={X: x, ¥:

¥i)

training cost = sess. run{cost, feed dict={X:

XS, Y. VSs}1)

curr W, curr_b = sess.run{[W, b]l)

print (curr W, curr_b, training cost)

if epoch 1 % 20 == 0:

ax. plot(xs, Y pred.eval(feed dict={X:

X5), session=sess), 'k’, alpha=epoch i / n_epochs)

fig. show ()

plt. draw ()

# Allow the training to quit if we’ve reached

a minimum

if np.abs(prev_training cost — training cost)

< 0.000001:

break

prev_training cost = training cost



fig. show ()

Rechnerprotokoll:

parallels@parallels—Parallels—Virtual-Platform:~% pvthon3

Pvthon 3.6.7 (default, Oct 22 2018, 11:32:17)

[GCC 8.2.0]1 on linux

Type "help”, "copyright”™, “credits” or *license” for

more information.

>»> # %% imports %matplotlib inline

import numpy as np

>>> import tensorflow as tf

>>> import matplotlib. pyplot as plt

>2> # %% Let's create some toyv data

plt. ion{)

>>> n_observations = 100

>>> fig, ax = plt.subplots(1, 1)

>>> xs = np.linspace(—3, 3, n_observations)



>>> v§ = np.sin{xs) + np.random. uniform{-0. 35,

0.5, n_observations)

>>»> ax.scatter(xs, vs)

<matplotlib. collections. PathCollection object at

0x7f560590bbel >

>>»> fig. show()

>>»> plt.draw ()

>»> # %% tf.placeholders for the input and output of

the network.

# Placeholders are wvariables which we need to fill

in when we

# are ready to compute the graph.

X = tf. placeholder(tf. float32)

> Y tf. placeholder (tf. float32)

>>> # %% We will try to optimize min (W, b) || (3w

+ b) — ¥lI"2

# The “Variable()  constructor requires an initial

value for the



# wvariable,, which can be a "Tensor’ of any type

and shape. The

# initial value defines the twype and shape of the

variable.

# After construction, the type and shape of the

variable are

# fixed. The walue can be changed using one of

the assign methods.

W = tf. Variable (tf. random_normal{[1]),
name="weight’)
>>> b = tf. Variable (tf. random_normal([11),
name="bias’)
>>> Y _pred = tf.add(tf. multiplv (X, W), b)
>r>
>>> # %% Loss function will measure the distance
between our observations

# and predictions and average over them.

cost = tf. reduce sum (tf. pow(Y pred — Y, 2)) /



{n_observations — 1)

>>2

>>> # %% Use gradient descent to optimize W, b

# Performs a single step in the negative gradient

learning rate = 0.01

>»> optimizer =

tf. train. GradientDescentOptimizer (learning rate). minimim

>>2

>>> # %% We create a session to use the graph

n_epochs=1000

>>> init = tf. global wariables initializer ()

>»> with tf.Session() as sess:

# Here we tell tensorflow that we want to

initialize all

# the variables in the graph so we can use

them

sess, run (init)

print (xs)



print (¥vs)

# Fit all training data

prev_training cost = 0.0

for epoch i in range(n_epochs):

for (x, ¥) in zip(xs, vs):

sess. run (optimizer, feed dict={X:

X, Y: ¥1)

training cost = sess.run(cost,

feed dict={X: xs, Y: vs})

curr_ W, curr_b = sess.run{([W, bl)

print (curr_W, curr_b, training cost)

if epoch i % 20 == 0O:

ax. plot (xs,

Y pred. eval(feed_dict={X: xs}, session=sess), 'k’,

alpha=epoch i f n_epochs)

fig. show()

plt. draw ()

# Allow the training to quit if we've
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reached a minimum

if np.abs{prev_training cost —

training cost) < 0.000001:

break

prev_training cost = training cost
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[ <matplotlib. lines. Line2D object at 0x7f904511cbh70>]
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[ <matplotlib. lines. Line2D object at 0x7f90450b9048>]
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[ <matplotlib. lines. Line2D object at 0x7f90450bbl128>]
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[ <matplotlib. lines. Line2D object at 0x7f90450bb470>]
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[ <matplotlib. lines. Line2D object at 0x7f90450c0198>]
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[0.3339135] [-0.04186647] 0.22953229

[0.33398664]1 [-0.04166732]1 0.229527

[0.3340553] [-0.04147331] 0.22952192

[ <matplotlib. lines. Line2D object at 0x7f90450c31d0>]

[0.3341199] [-0.04128261] 0.22951706

[0.334180561 [-0.041095691 0.2295124

[0.33423772] [-0.04091252] 0.22950795

[0.33429137]1 [-0.0407331 0.22950365

[0.3343417] [-0.04055704] 0.22949953

[0.334389] [-0.04038462]1 0.22949556

[0.33443338] [-0.04021563] 0.22949179

[0.33447511 [-0.04005002] 0.22948812

[0.33451432] [-0.03988773] 0.22948457

[0.3345511 [-0.039728681 0.2294812

[0.3345856] [-0.03957277] 0.22947793

[0.33461811 [-0.03941998]1 0.22947481

[0.33464855] [-0.03927026] 0.22947179

[0.3346773]1 [-0.03912352]1 0.22946885
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[0.33470413] [-0.03897971] 0.22946607

[0.3347294]1 [-0.03883879]1 0.22946331

[0.33475336] [-0.03870068] 0.2294607

[0.3347759]1 [-0.038565311 0.22945818

[0.33479688] [-0.03843268] 0.22945575

[0.33481655]1 [-0.038302691 0.22945338

[ <matplotlib. lines. Line2D object at 0x7f90450c5198>]

[0.33483511 [-0.03817529] 0.22945113

[0.33485246] [-0.03805044] 0.22944891

[0.3348689]1 [-0.03792807]1 0.2294468

[0.33488408] [-0.03780816] 0.22944477

[0.3348983]1 [-0.03769065]1 0.22944279

[0.33491185] [-0.03757549] 0.2294409

[0.33492458]1 [-0.03746263]1 0.229439305

[0.33493653] [-0.03735201] 0.22943726

[0.3349477]1 [-0.03724361 0.22943555

[0.3349582] [-0.03713737] 0.22943386

[0.334967934]1 [-0.03703327]1 0.22943226
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[0.33497703] [-0.03693125] 0.22943069

[0.33498561 [-0.03683123]1 0.2294292

[0.33499357] [-0.03673325] 0.22942773

[0.335300117]1 [-0.03663723]1 0.22942631

[0.3350081] [-0.03654309] 0.22942497

[0.33501482] [-0.03645087]1 0.22942366

[0.33502105] [-0.03636049] 0.22942236

[0.33502698] [-0.036271931 0.22942114

[0.3350325] [-0.03618513] 0.22941992

[ <matplotlib. lines. Line2D object at 0x7f90450c5550>]

[0.33503768] [-0.03610006] 0.22941877

[0.33504245] [-0.03601667]1 0.22941762

[0.3350471] [-0.03593496] 0.22941655

[0.335305127]1 [-0.03585487]1 0.2294135

[0.33505526]1 [-0.0357764]1 0.2294145

[0.335059051 [-0.03569948]1 0.22941352

>>»> fig. show ()
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. _ 6
xsi=seq(x, x,-3, 3, 99 )

{_3 _97 _95 31 _91 _89 29 85 _83 _27[]

* 33° 33* 11* 33® 33" 11® 33* 33° 11_

approx (ans)
{—3,—2.939393939,—2.878787879,—2.818181818.—E

vei=sin (xs)+randList (100)-0.5

. 119201 . (97),2292690 . {95} 6
{_Sln(3)+?432868’ Sm[33]+5420887’ S“‘[33] 2"
approx {ans)
{-0.1250829952, 0. 2221125851, 0. 4918305463, —0)»
STAT-Menii | EEE
v1(x)

0.3279082301-x-0.03169543679
sum{ (v1({xs)—-vs)"2)/99
0.3084205225
Daten von Tensorflow,
vss.={—0.18295909, 0.11708618, -0.40319602, B
{-0.18295909,0.11708618,-0. 40319602, -0. 79582B

LinearReg xs,vss, 1, v2
done
DispStat.

done
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Lineare Regression
v=a¥x+b
a = 0.3555142
b = -9.113g-3
r = 0.7722933
r* = 0.5964369
MSe = 0.2670806

2

cost = 0.26442605
0.26442605%99/98
0.267124275

Anlage:

Bild mit wverrauschten Daten bei linearer

Regression
Download fiir dieses Dokument:
www. informatik. htw—dresden. def

~paditz / Tensorflow—Uel 3. pdf
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Lineare Regression (sin-Daten verrauscht)

xs:=seq(x,x,-3,3,6/99), ys:=sin(xs)+randList(100)-0.5

£ Zoom Analyse Calc ¢
T —————————

3
= e[l ]alal -

y=0.327908230053314-x+-0% 03169543678649
1.5

Xc=0.6771665 yc=0. 190353
y=0.327908230053314-x}-0.03169543678649 O8

2n  Auto C (]




Lineare Regression (sin-Daten verrauscht)

£ Edit Calc Grafik einst &

MEDREE R

[A]
[Z]

I

XS

—t b b b b b
OMELWON--LO0DO0O-~-1O000O1 WK —

16

. 788
.727
. 667
. 606
. 045

Stat. Berechnung

Lineare Regression

| y=a-x+b

OK

-1.278
—-1.068
-0.35
-1.08
-1.263
—1.023

. 485

OK

-0.66
-0. 47
0.0784
-0.522
-0.724
—0. 505

Abbrechen

list=

eAct\vs

2n

Auto

Standard




Lineare Regression (sin-Daten verrauscht)
Mit tensorflow generiert:

schrittweise Iteration der Regress.-Geraden erkennbar:
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