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Linear Regression
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Given: (x1, y1), …, (xn, yn)

Goal: findw and b such that

ŷi = wxi + b

fits the data, i.e.

arg min
w,b

∑n
i=1(ŷi − yi)

2

n

Linear Regression

Linear Regression
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Model: ŷi = wxi + b

Parameters: w, b, tensors of rank 0

w = t f . Va r i ab l e ( t f . ones ( [ ] ) ,

name=”weight ” )

b = t f . Va r i ab l e ( t f . ze ros ( [ ] ) ,

name=” b ias ” )

Linear Regression

Define model parameters
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ŷ1
...

ŷn

 =

x1
...

xn

�

w
...

w

+

b
...

b


yhat = t f . add ( t f . mu l t ip l y ( X , w) , b )

The scalarsw and b are converted into vectors of the same length as X

(broadcast);

https://www.tensorflow.org/performance/xla/broadcasting

Linear Regression

Define the model

https://www.tensorflow.org/performance/xla/broadcasting
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∑n
i=1(ŷi − yi)

2

n

l o s s = t f . reduce_mean ( t f . square ( yhat − Y ) )

Linear Regression

Define the loss
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## Opt imizer

opt imizer = t f . t r a i n . GradientDescentOptimizer (

0 .0 1 # l ea rn i ng ra t e

) . minimize ( l o s s )

with t f . Sess ion ( ) as sess :

## i n i t a l i z e parameters

sess . run ( t f . g l o b a l _ v a r i a b l e s _ i n i t i a l i z e r ( ) )

fo r i in range ( 2 0 ) :

## run one epoch

sess . run ( opt imizer )

Linear Regression

Optimization
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Do a linear regression to learn y = 2x + 1

X_data = np . a r ray ( [ 1 . , 2 . , 3 . , 4 . , 5 . , 6 . ] ,

dtype=np . f l o a t 3 2 ) . reshape (6 , 1 )

Y_data = 2∗ X_data + 1

Linear Regression

Hands on
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Multiple Linear Regression
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Tensorflow graphs use placholders for input values

input_dim = 13

X = t f . p laceho lder ( t f . f l oa t32 , [None , input_dim ] )

Y = t f . p laceho lde r ( t f . f l oa t32 , [None , 1 ] )

Defines placeholders for two tensors of rank 2,

the shape is [Number of examples, Dimension]

Multiple Linear Regression

Defining the input
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ŷ1
...

ŷn

 =

x1,1 . . . x1,input_dim
...

...

xn,1 . . . xn,input_dim

×

 w1
...

winput_dim

+

b
...

b


w = t f . Va r i ab l e ( t f . ones ( input_dim ) )

yhat = t f . add ( t f . matmul ( X , w) , b )

Multiple Linear Regression

Adapting the model
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## Opt imizer

opt imizer = t f . t r a i n . GradientDescentOptimizer (

0 .0 1 # l ea rn i ng ra t e

) . minimize ( l o s s )

with t f . Sess ion ( ) as sess :

## i n i t a l i z e parameters

sess . run ( t f . g l o b a l _ v a r i a b l e s _ i n i t i a l i z e r ( ) )

fo r i in range ( 2 0 ) :

## run one epoch

sess . run ( opt imizer , {X : data_X , Y : data_Y } )

Multiple Linear Regression

Getting data into the model
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Do a multiple linear regression with Boston housing prices

from sk l ea rn . datasets import load_boston

from sk l ea rn . p reprocess ing import s ca l e

data_X , data_Y = load_boston ( True )

data_X = s ca l e ( data_X )

data_Y = data_Y . reshape ( len ( data_Y ) , 1 )

Multiple Linear Regression

Hands on
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Logistic regression
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Binary classification, y = 0 or y = 1
pi = S(WXi + b)
Loss (Binary-crossentropy):

− 1

N

N∑
i=1

(yi log pi + (1− yi)(log 1− pi))

error =0

error → -∞
error → -∞

if y=1: if y=0:

error =0

Logistic regression

Classification with Logistic regression
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pi = S(WXi + b)
Loss (Binary-crossentropy):

− 1

N

N∑
i=1

(yi log pi + (1− yi)(log 1− pi))

In tensorflow:
Don’t use – numerical problems!

p = t f . sigmoid ( yhat )
l o s s = −1.0 ∗ t f . reduce_mean ( y ∗ t f . log ( p ) + (1−y ) ∗ t f . log (1−p ) )

Optimized version (Use this instead!)

l o s s = t f . reduce_mean (
t f . nn . s igmoid_cross_ent ropy_with_ log i t s (

l a b e l s =y , l o g i t s =yhat ) )

Logistic regression

Classification with Logistic regression
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Classification with Logistic regression



Oct 24, 2019 Tensorflow – Regression Models, Fabian Barteld, Benjamin Milde, Prof. Dr. Chris Biemann 17/21

from sk l ea rn . p reprocess ing import StandardSca le r

s c a l e r = StandardSca le r ( )

s c a l e r . f i t ( x_ t ra in )

x_ t ra in = s c a l e r . transform ( x_t ra in )

x_test = s c a l e r . transform ( x_test )

Logistic regression

Scaling the input data
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Dataset: http://scikit-learn.org/stable/modules/
generated/sklearn.datasets.load_breast_cancer.html

from sk l ea rn . datasets import load_breast_cancer

from sk l ea rn . model_se lect ion import t r a i n _ t e s t _ s p l i t

## load the data

bc = load_breast_cancer ( )

x_data = bc [ ’ data ’ ] # shape : ( 569 , 30 )

y_data = bc [ ’ t a rge t ’ ] . reshape (

len ( bc [ ’ t a rge t ’ ] ) , 1 ) # shape : ( 569 , 1 )

x_tra in , x_test , y_t ra in , y_ tes t =

t r a i n _ t e s t _ s p l i t ( x_data , y_data )

Logistic regression

Hands on: Binary classification

http://scikit-learn.org/stable/modules/generated/sklearn.datasets.load_breast_cancer.html
http://scikit-learn.org/stable/modules/generated/sklearn.datasets.load_breast_cancer.html
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Names dataset http://www.nltk.org/book/ch06.html

def gender_features ( word ) :

re turn { ’ l a s t _ l e t t e r ’ : word [ − 1 ] }

def gender_features ( word ) :

re turn { ’ s u f f i x 1 ’ : word [ − 1 : ] ,

’ s u f f i x 2 ’ : word [ −2 : ] }

from sk l ea rn . f ea tu re_ex t r a c t i on import D i c tVe c t o r i z e r

f e a t _ v e c t o r i z e r = D i c tVe c t o r i z e r (

dtype=numpy . int32 , sparse= Fa l se )

t ra in_X = f e a t _ v e c t o r i z e r . f i t _ t r ans fo rm (

t r a i n_ f e a t s )

test_X = f e a t _ v e c t o r i z e r . transform ( t e s t _ f ea t s )

Logistic regression

One-hot encoding of nominal features

http://www.nltk.org/book/ch06.html
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Logistic regression

One-hot encoding of nominal features

http://www.nltk.org/book/ch06.html
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with t f . Sess ion ( ) as sess :

## i n i t a l i z e parameters

sess . run ( t f . g l o b a l _ v a r i a b l e s _ i n i t i a l i z e r ( ) )

fo r i in range ( 2 0 ) :

## run one epoch

## update f o r each t r a i n i n g example

fo r x , y in z ip ( x_data , y_data ) :

sess . run ( opt imizer , {X : x , Y : y } )

Usually the data is shuffled and

passed in small batches to the optimizer.

Logistic regression

Stochastic gradient descent
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Logistic regression

Stochastic gradient descent
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Fit a logistic regression model to the names dataset

http://www.nltk.org/book/ch06.html

import n l t k

## names must be i n s t a l l e d by running

## n l t k . download ( ’ names ’ )

from n l t k . corpus import names

import random

labeled_names = (

[ ( n , 0) fo r n in names . words ( ’male . t x t ’ ) ] +

[ ( n , 1 ) fo r n in names . words ( ’ female . t x t ’ ) ] )

random . shu f f l e ( labeled_names )

Logistic regression

Hands on

http://www.nltk.org/book/ch06.html
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