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Overview Lecture (preliminary)

e "Classic" Computer Vision Tasks, CNNs e.g. for

» Image Classification
» Object Detection

» Semantic Segmentation

* Recurrent Neural Networks, e.g. for
» Image Captioning
» Visual Question Answering
» Visual Touring Test

* How to deal with Less Supervision
 (Generative Adversarial Networks e.g. for data generation
e Memory Networks e.g. for VQA
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Overview Today’s Lecture

e Image Classification

4
4
>

using data-driven approaches (machine learning)
K-nearest neighbor classifier

linear classification (parametric approach)

loss functions and regularization

softmax classifier

optimization via gradient descent

e Image Features vs. ConvNets

e Slide credit:

>

32
\c‘/r

today’s slides taken from
Fei-Fei Li, Justin Johnson, Serena Yeung @ Stanford
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Image Classification:
a core task in computer vision

(assume given set of discrete labels)
{dog, cat, truck, plane, ...}

> cat
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Image Classification

The Problem: Semantic Gap
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What the computer sees

e.g. 800 x 600 x 3
(3 channels RGB)

An image is just a big grid of
numbers between [0, 253]:
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Image Classification

Challenges: Viewpoint variation
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All pixels change when
the camera moves!

licensed under CC-BY 2.0
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Image Classification

Challenges: lllumination
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Image Classification

Challenges: Deformation
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Image Classification

Challenges: Occlusion

: . _— ; his image by jonsson is licensed
s CC0 1.0 public domain Ihis image is CCO 1.0 public domain M‘ﬁ:dr!r _%Eﬁﬂz 0 Ib
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Image Classification

Challenges: Background Clutter

This image is CC0 1.0 public domain

CCO0 1.0 public domain

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Image Classification

Challenges: Intraclass variation

his image is CCQ 1.0 public domain

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Image Classification

An image classifier

def classify_image(image):

return class_label

Unlike e.g. sorting a list of numbers,

no obvious way to hard-code the algorithm for
recognizing a cat, or other classes.

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Image Classification

Attempts have been made

Find edges Find corners

>

V<N

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Machine Learning: Data-Driven Approach

1. Collect a dataset of images and labels
2. Use Machine Learning to train a classifier
3. Evaluate the classifier on new images

Example training set

def train(images, labels):
# Machine learning!
return model

def predict(model, test_images):
# Use model to predict labels
return test_labels

High Level Computer Vision | Bernt Schiele & Mario Fritz 14



First Classifier: Nearest Neighbor

def train(images, labels): Memorize all

o U oot data and labels

def predict(model, test_images): Predict the label
' PPRS KU SRS A > of the most similar
training image

return test labels

High Level Computer Vision | Bernt Schiele & Mario Fritz 15



Example Dataset: CIFAR10

10 classes
50,000 training images
10,000 testing images

bird
cat
deer
dog
frog
horse
ship

truck ﬂ.:iihﬂlvﬁib.u

Alex Krizhevsky, “Leaming Multiple Layers of Features from Tiny Images”, Technical Report, 2009.
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Example Dataset: CIFAR10

10 classes
50,000 training images
10,000 testing lmages

ﬂ&@l!!ﬂ‘
[ S E e Gl
il 518 2 T = i

ship HHE*IIIH
ruck @ Rk W s @

Alex Krizhevsky, “Leaming Multiple Layers of Features from Tiny Images”, Technical Report, 2009.

Test images and nearest neighbors
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First Classifier: Nearest Neighbor Classifier

Distance Metric to compare images

L1 distance:

test image
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First Classifier: Nearest Neighbor Classifier

What does this look like?

uff ini p ia High Level Computer Vision | Bernt Schiele & Mario Fritz
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K-Nearest Neighbor Classifier

Instead of copying label from nearest neighbor,
take majority vote from K closest points

High Level Computer Vision | Bernt Schiele & Mario Fritz
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K-Nearest Neighbor Classifier

What does this look like?
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K-Nearest Neighbor Classifier

What does this look like?
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K-Nearest Neighbor Classifier: Distance Metric

L1 (Manhattan) distance L2 (Euclidean) distance
di(L,B) =Y |IP - 12| d(lnB) = |3 (7 - 1)’
p [ P

dh
SPARINS”
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L1 (Manhattan) distance L2 (Euclidean) distance
di(I,I,) =) |I? - I3 da(I1,Ty) = \/z: %
P P
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Hyperparameters

What is the best value of k to use?
What is the best distance to use?

These are hyperparameters: choices about
the algorithm that we set rather than learn

j?\f N p nN High Level Computer Vision | Bernt Schiele & Mario Fritz
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Hyperparameters

What is the best value of k to use?
What is the best distance to use?

These are hyperparameters: choices about
the algorithm that we set rather than learn

Very problem-dependent.
Must try them all out and see what works best.

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Setting Hyperparameters

Idea #1: Choose hyperparameters
that work best on the data

Your Dataset

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Setting Hyperparameters

Idea #1: Choose hyperparameters BAD: K = 1 always works
that work best on the data perfectly on training data

Your Dataset

j\f ini p 1 High Level Computer Vision | Bernt Schiele & Mario Fritz
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Setting Hyperparameters

Idea #1: Choose hyperparameters BAD: K = 1 always works
that work best on the data perfectly on training data

Your Dataset

Idea #2: Split data into train and test, choose
hyperparameters that work best on test data

train test

j\f ini p 1 High Level Computer Vision | Bernt Schiele & Mario Fritz
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Setting Hyperparameters

Idea #1: Choose hyperparameters
that work best on the data

BAD: K = 1 always works
perfectly on training data

Your Dataset

Idea #2: Split data into train and test, choose
hyperparameters that work best on test data

BAD: No idea how algorithm
will perform on new data

train

test

J0Y 1

j\f ini p 1 High Level Computer Vision | Bernt Schiele & Mario Fritz
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Setting Hyperparameters

Idea #1: Choose hyperparameters BAD: K = 1 always works
that work best on the data perfectly on training data

Your Dataset

Idea #2: Split data into train and test, choose BAD: No idea how algorithm

hyperparameters that work best on test data will perform on new data
train test

Idea #3: Split data into train, val, and test; choose Better!

hyperparameters on val and evaluate on test

train validation test

j\f ini p 1 High Level Computer Vision | Bernt Schiele & Mario Fritz
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Setting Hyperparameters

Your Dataset

Idea #4: Cross-Validation: Split data into folds,
try each fold as validation and average the results

fold 1 fold 2 fold 3 fold 4 fold 5 test
fold 1 fold 2 fold 3 fold 4 fold 5 test
fold 1 fold 2 fold 3 fold 4 fold 5 test

Useful for small datasets, but not used too frequently in deep learning

.‘. s
o o
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Setting Hyperparameters

Example of
Cross-validation onk o-fold cross-validation
for the value of k.

e - Each point: single
outcome.

The line goes

through the mean, bars
iIndicated standard
deviation

02 | . . (Seems that k ~= 7 works best
: for this data)

High Level Computer Vision | Bernt Schiele & Mario Fritz 33



Nearest Neighbor - not used for images :-)

- Very slow at test time
- Distance metrics on pixels are not informative

Original Boxed Shifted Tinted

(all 3 images have same L2 distance to the one on the left)

ol 1l p in High Level Computer Vision | Bernt Schiele & Mario Fritz 34



K-Nearest Neighbors: Summary

In Image classification we start with a training set of images and labels, and
must predict labels on the test set

The K-Nearest Neighbors classifier predicts labels based on nearest training
examples

Distance metric and K are hyperparameters

Choose hyperparameters using the validation set; only run on the test set once at
the very end!

j\f ini p 1 High Level Computer Vision | Bernt Schiele & Mario Fritz 35

J0Y 1



Linear Classification

Neural Network

Linear
classifiers

5
*"fj ini p ia High Level Computer Vision | Bernt Schiele & Mario Fritz




Recall CIFAR10

airplane ' )ﬂ=='i.
automobileiﬁ!ﬂﬂmﬂa
brd  EYREN] BB
O O
deer B i Bl 0 N i
dg  WEIRENEHER AN
g  EIENE® ™ RIEEE
horse &“.E
ship 05 I ) e R R
ruck g 8 el A s B

50,000 training images
each image is 32x32x3

10,000 test images.

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Parametric Approach

Image

> f(x,W)
Array of 32x32x3 numbers T
(3072 numbers total) W
parameters
or weights

_

10 numbers giving
class scores

A |

a"f‘ﬂ mpyni High Level Computer Vision | Bernt Schiele & Mario Fritz

38



Parametric Approach: Linear Classifier

mage. f(x,W) = WXx

. f(x,W) ,. 10 numbers giving

T class scores
Array of 32x32x3 numbers

(3072 numbers total) W

parameters
or weights

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Parametric Approach: Linear Classifier

3072x1

Iage ‘ f(X’W) a WE

10x1 10x3072 o
. f(x,W) ,. 10 numbers giving

T class scores
Array of 32x32x3 numbers

(3072 numbers total) W

parameters
or weights

High Level Computer Vision | Bernt Schiele & Mario Fritz



Parametric Approach: Linear Classifier

3072x1

Image ‘ f(x, W) |=[WEK +b | 10x1

10x1 10x3072 o
. f(x,W) ,. 10 numbers giving

T class scores
Array of 32x32x3 numbers

(3072 numbers total) W

parameters
or weights

High Level Computer Vision | Bernt Schiele & Mario Fritz



Parametric Approach: Linear Classifier

Example with an image with 4 pixels, and 3 classes (cat/dog/ship)

Stretch pixels into column

56

231

24

Input image

High Level Computer Vision | Bernt Schiele & Mario Fritz 42



Parametric Approach: Linear Classifier

Example with an image with 4 pixels, and 3 classes (cat/dog/ship)

Stretch pixels into column

56

231

1.1

Input image

g
Sonnnpnn

J0Y 1

02 | -05| 01 | 2.0
1.5 | 1.3 | 21 | 0.0
0 [025| 0.2 | -0.3

24

3.2

High Level Computer Vision | Bernt Schiele & Mario Fritz
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437.9

61.95

Cat score

Dog score

Ship score
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Parametric Approach: Linear Classifier

Example with an image with 4 pixels, and 3 classes (cat/dog/ship)

Algebraic Viewpoint

Stretch pixels into column

f(x,W) = Wx

1.1 -96.8 | Cat score

J0Y 1

s

\;zfﬁ‘f".
e i [ N
¥ i

Li

56
0.2 | 05| 0.1 | 2.0

231
15 | 13 | 21 | 0.0

24
0 (025| 0.2 | -03 | |

2

W

3.2 | = | 4379 | Dogscore
-1.2 61.95 | Ship score

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Parametric Approach: Linear Classifier

Example with an image with 4 pixels, and 3 classes (cat/dog/ship)

Algebraic Viewpoint

Stretch pixels into column

f(x,W) = Wx

-96.8 | Cat score

J0Y 1

s

\;zfﬁ‘f".
e i [ N
¥ i

Li

56
0.2 | 05| 0.1 | 2.0

231
15 | 13 | 21 | 0.0

24
0 (025| 0.2 | -03 | |

2

W

1.1
3.2 4379 | Dog score
-1.2 61.95 | Ship score

Score

Input image

e
i
. I

"

7531
—T:’. pt.:\;j‘
24| 2,
T

1.3
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Interpreting a Linear Classifier

airplane EH g <L ¥ il Input image
automobileugﬂ!mﬁﬂﬁg N

bird  SARET EETH LS

ot I | |
deer .r‘;mﬁﬂ'u--g 02 | 05 15 | 13 o | 25
dog EHR!EIM o 04 | 2.0 21 | 00 0.2 | -03
g EIENa® "~ EIE S e v ! ¢
horse Q'.HE!“ b 11 3.2 12
ship H ' E e . I - = E Score -9:.8 4::!.9 61.*95
ruck @ Nl =B
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Interpreting a Linear Classifier:
Visual Viewpoint

airplane [ E5 ) o 0 Bl e 5 I o I et image
automobile {5 5% E20 O 50 o 16 5 25 6

bird K] EETHKE :

cat !.ﬂ@gungﬂ w Y \J
deer .dhain-.-E " 02 | 05 1.5 | 1.3 0 25
dog iﬂ”ﬂ!ﬁ]ﬁ 04 | 2.0 24 | 00 0.2 | -0.3
frog -.‘.ﬂi. v v v
hors i 1 P A o [ B[
ship H . a = . . i 2 E Score | -9 4379 61.95
truck il:‘&‘.ﬁﬁ‘ﬁ

horse
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Interpreting a Linear Classifier:
Geometric Viewpoint

4

~,
e
3
]2

u
airplane classifier «
" N

? deer classifier

.
/

Array of 32x32x3 numbers
(3072 numbers total)

Cat image by Nikita is licensed under CC-BY 2.0
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Hard Cases for a Linear Classifier

Class 1: Class 1: Class 1:
First and third quadrants 1 <=L2norm <=2 Three modes
Class 2- Class 2: Class 2:

Second and fourth quadrants Everything else Everything else

- gl
4 W

,\\f Nl p in High Level Computer Vision | Bernt Schiele & Mario Fritz 49
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Linear Classifier: Three Viewpoints

Geometric Viewpoint

Visual Viewpoint

Algebraic Viewpoint

One template Hyperplanes

f(x,W) = Wx
per class cutting up space
Stretch pixels into column *
Mty || [ |
(fjég 15 | 13 | 21 | 0.0 = 4|32 | = | 4379 DD? SCOre
il HENOS

50
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Linear Classifier...

So far: Defined a (linear) score function f(x,W)=Wx+b

==
. L |

Example class
scores for 3
Images for
some W:

How can we tell
whether this W
Is good or bad?

Cat image by Nikita is licensed under CC-BY 2.0
Carimage is CC0 1.0 public domain
Frog image is in the public domain

airplane =345 =0 .51
automobile —-8.87 6.04
bird 0.09 Bl
cat 2.9 . P
deer 4.48 —4 18
dog 8.02 3 Do
frog Fw 1@ 4.49
horse 1.06 g ]
ship =036 -2.09
truck -0.72 .. 97

3. 47
4.04
205

n
'_l

2.64
B4 98
-4 .34
i N
2l 19
6.14

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Linear Classifier...

airplane
automobile
bird

cat

deer

dog

frog

horse

ship

truck

“3 .45
-8.87

0.09
2.9
4.48
B.02
3.78
1.06
-0.36
=0 12

g 3.42
6.04 4.64
D3l 2+ 65
-4.22 Dal

~8,19 2.64
J:58 e 550
4.49 -4.34
=4 .37 it
=2.09 -4.79
~2..93 6.14

TODO:

1. Define a loss function
that quantifies our
unhappiness with the
scores across the training
data.

2. Come up with a way of
efficiently finding the
parameters that minimize
the loss function.
(optimization)

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Example

Suppose: 3 training examples, 3 classes.
With some W the scores f(xz,W) =Wz are:

cat 3.2 1.3 2.2
car 5.1 4.9 2.5
frog -1.7 2.0 -3.1

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Example

Suppose: 3 training examples, 3 classes.

, A loss function tells how
With some W the scores f(xz,W) =Wz are:

good our current classifier is
Given a dataset of examples

{(.CL‘Z, yz) i =1

Where x;.is image and
Yi is (integer) label

Loss over the dataset is a
sum of loss over examples:

ZL 33'?/? ) yz)

frog -1.7 2.0 -3. 1

High Level Computer Vision | Bernt Schiele & Mario Fritz o4



Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes. Multiclass SVM loss:
With some W the scores f(xz,W) =Wz are:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

cat 3.2 1.3 2.2 O N
car 5.1 4.9 2.5 L”;“J;i{sj—syﬁl otherwise
frog -1.7 2.0 -3.1 = ) max(0,s; — sy, +1)

J#Ys

High Level Computer Vision | Bernt Schiele & Mario Fritz 95



Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes. Multiclass SVM loss:
With some W the scores f(xz,W) =Wz are:
“Hinge loss”
Syi k.
S .
o |
cat 3.2 1.3
0 if 8y =85+ 1
car 5 1 4_9 {sj — 8, +1 otherwise

max(0,s; — sy, + 1)

frog -1.7 2.0

High Level Computer Vision | Bernt Schiele & Mario Fritz 56



Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes.
With some W the scores f(xz,W) =Wz are:

cat
car

frog

| osses:

3.2
5.1

-1.7
2.9

1.3
4.9
2.0

2.2
2.5
-3.1

Multiclass SVM loss:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

Li = )., max(0,s; — sy, +1)

= max(0,5.1-3.2+ 1)
+max(0, -1.7-3.2+ 1)

= max(0, 2.9) + max(0, -3.9)

=29+0

=29

High Level Computer Vision | Bernt Schiele & Mario Fritz o7



Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes.
With some W the scores f(xz,W) =Wz are:

cat 3.2
car 5.1

frog -1.7
Losses: 2.9

Multiclass SVM loss:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

Li = )., max(0,s; — sy, +1)

=max(0,1.3-49 + 1)
+max(0, 2.0-4.9 +1)
max(0, -2.6) + max(0, -1.9)
0+0

0

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes.
With some W the scores f(xz,W) =Wz are:

cat 3.2
car 5.1

frog -1.7
Losses: 2.9

1.3 2.2
4.9 2.5

20 | -31
0 12.9

Multiclass SVM loss:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

= max(0, 2.2-(-3.1) + 1)
+max(0, 2.5-(-3.1) + 1)
max(0, 6.3) + max(0, 6.6)
6.3 + 6.6

=12.9
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Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes. Multiclass SVM loss:
With some W the scores f(xz,W) =Wz are:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

cat 3.2 13 22 s
car 5 1 4-9 2 5 Loss over full dataset is average:
fog  -17 2.0 -3.4 L=5Y L

Losses: 2.9 0 12.9 L=(29+0+12.9)/3
= 5.27

High Level Computer Vision | Bernt Schiele & Mario Fritz 60



Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes. Multiclass SVM loss:
With some W the scores f(xz,W) =Wz are:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

cat 3.2 1.3 2.2 Li = )., max(0,s; — sy, +1)

= 9.1 4.9 2.5 Q: What happens to
frog -1.7 2.0 -3.1 loss if car scores

Losses: 2.9 0 12 9 change a bit?
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Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes.
With some W the scores f(xz,W) =Wz are:

cat 3.2 1.3 2.2
car 5.1 4.9 2.5

frog -1.7 2.0 -3.1
Losses: 2.9 0 12.9

Multiclass SVM loss:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

Li = )., max(0,s; — sy, +1)

Q2: what is the
min/max possible
loss?

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes. Multiclass SVM loss:
With some W the scores f(xz,W) =Wz are:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

cat 3.2 1.3 2.2 Li = )., max(0,s; — sy, +1)

e 5.1 4.9 2.5 Q3: At initialization W
frog -1.7 2.0 -3.1 is small so all s = 0.

Losses: 2.9 0 12 9 What is the loss?
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Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes. Multiclass SVM loss:
With some W the scores f(xz,W) =Wz are:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

cat 3.2 1.3 2.2 Li = )., max(0,s; — sy, +1)

. o1 49 25 o4 Whatif the sum
frog -1.7 2.0 -3.1 was over all classes?

Losses: 2.9 0 12.9 (including j = y_1)
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Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes. Multiclass SVM loss:
With some W the scores f(xz,W) =Wz are:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

cat 3.2 1.3 2.2 Li = )., max(0,s; — sy, +1)

e 0.1 4.9 2.5 Q5: What if we used
frog -1.7 2.0 -3.1 mean instead of

Losses: 2.9 0 12.9 sum?
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Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes. Multiclass SVM loss:
With some W the scores f(xz,W) =Wz are:

Given an example (:133', yz)
where g, is the image ana
where Yi is the (integer) label,

and using the shorthand for the
scores vector: s = f(z;, W)

the SVM loss has the form:

Li = )., max(0,s; — sy, +1)
Q6: What if we used

L; = Z#yé max(0, s; — sy, + 1)2

cat 3.2 1.3 2.2
car 5.1 4.9 2.5

frog -1.7 2.0 -3.1
Losses: 2.9 0 12.9
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flx, W) =Wz

L=1%Y 3, max(0, f(zi;W); — f(zs; W)y, + 1)

E.g. Suppose that we found a W such that L = 0.
Is this W unique?

High Level Computer Vision | Bernt Schiele & Mario Fritz
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flx, W) =Wz

L=1%Y 3, max(0, f(zi;W); — f(zs; W)y, + 1)

E.g. Suppose that we found a W such that L = 0.
Is this W unique?

No! 2W is also has L = 0!

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Suppose: 3 training examples, 3 classes. g = Z#y_ max(0,s; — sy, + 1)
With some W the scores f(xz,W) =Wz are: 1

Before:

=max(0,1.3-49+ 1)
+max(0,2.0-4.9 + 1)

= max(0, -2.6) + max(0, -1.9)

=0+0

=0
cat 3.2 1.3 2.2 With W twice as large:
car 5.1 4.9 2.5 i Trﬁzs(%,zfd ° 98_8++1 )1)
frog _1 7 20 _31 : Bn'ixéo, -6.2) + max(0, -4.8)
Losses: 2.9 0 ~d
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flx, W) =Wz

L=1%Y 3, max(0, f(zi;W); — f(zs; W)y, + 1)

E.g. Suppose that we found a W such that L = 0.
Is this W unique?

No! 2W is also has L = 0!
How do we choose between W and 2W?
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Regularization

Data loss: Model predictions
should match training data

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Regularization

N

Data loss: Model predictions
should match training data

J0Y 1

'~

Regularization: Prevent the model
from doing too well on training data

j\f ini p 1 High Level Computer Vision | Bernt Schiele & Mario Fritz
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Regularization

)\ = regularization strength

(hyperparameter)
N
|
L(W) = N Z Li(f(zi, W), ;) + AR(W)
=1

N J W_/
Y
Data loss: Model predictions  Regularization: Prevent the model
should match training data from doing too well on training data
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Regularization

)\ = regularization strength

(hyperparameter)
N

N J W_/
Y
Data loss: Model predictions  Regularization: Prevent the model
should match training data from doing too well on training data

Simple examples

L2 reqularization: R(W) = Y-, >, W},

L1 regularization: R(W) = >, >, [Wk,]

Elastic net (L1 + L2): R(W) =3, 3, BW72, + [Wiy|
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Regularization

)\ = regularization strength

(hyperparameter)
N
|
L(W) = N Z Li(f(zi, W), ;) + AR(W)
=1

N v J W_/

Data loss: Model predictions  Regularization: Prevent the model

should match training data from doing too well on training data
Simple examples More complex:
L2 reqularization: R(W) = Y-, >, W}, Dropout
L1 regularization: R(W) = >, >, [Wk,] Batch normalization

Elastic net (L1 + L2): R(W) = ZkZI/BWkQ,l + |Wi:| Stochastic depth, fractional pooling, etc

j\f ini p (N High Level Computer Vision | Bernt Schiele & Mario Fritz 75
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Regularization

)\ = regularization strength

(hyperparameter)
N
|
L(W) = N Z Li(f(zi, W), ;) + AR(W)
=1

N J W_/
Y
Data loss: Model predictions  Regularization: Prevent the model
should match training data from doing too well on training data

Why regularize?
- Express preferences over weights
- Make the model simple so it works on test data

j\f ini p 1 High Level Computer Vision | Bernt Schiele & Mario Fritz 76
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Regularization: Expressing Preferences

L2 Regularization

ri—= :1,1,1,1] R(W) _ S:k S:zwk%l
wi = (1,0,0,0]
wsy = [0.25,0.25,0.25,0.25]

High Level Computer Vision | Bernt Schiele & Mario Fritz 7



Regularization: Expressing Preferences

L2 Regularization

r=1[1,1,1,1
i ] R(W) = Sjk :z Wk2,l
wi = (1,0,0,0]
W9 = [025’ 025’ 025, 025] !:2 regularizﬂation Iikfes to
spread out” the weights
(.. -
wir=w,x =1
R(ws) =0.25% +0.25% 4+ - .- = 4% 0.25% = 0.25
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Softmax Classifier

Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities

cat 3.2
car 5.1
frog -1.7

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Softmax Classifier

Softmax Classifier (Multinomial Logistic Regression)

s = f(zi; W)

cat 3.2
car 5.1

frog -1.7

PLY =RX — @) =

e’k

Zj e’

Want to interpret raw classifier scores as probabilities

Softmax
Function

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Softmax Classifier

Softmax Classifier (Multinomial Logistic Regression)

s = f(zi; W)

Probabilities
must be >=0

cat 3.2 24.5

exp

car 51 —|164.0
frog -1.7 0.18

unnormalized
probabilities

PLY =RX — @) =

e’k

Zj e’

. Want to interpret raw classifier scores as probabilities

Softmax
Function

High Level Computer Vision | Bernt Schiele & Mario Fritz

81



Softmax Classifier (Multinomial Logistic Regression)

~ Want to interpret raw classifier scores as probabilities
S = f(:]}z’ W) P(Y = le = 332) — €% | Softmax

B .
>.j €7 | Function

Probabilities Probabilities
must be >=0 must sum to 1
cat 3.2 24.5 0.13

exp

car 51 —{164.0|=""% 0.87
frog -1.7 0.18 0.00

unnormalized probabilities
probabilities

S0 1N p il High Level Computer Vision | Bernt Schiele & Mario Fritz 82
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities
S = f(:]}z’ W) P(Y = le = 332) — €% | Softmax

B .
>.j €7 | Function

Probabilities Probabilities
must be >=0 must sum to 1
cat 3.2 24.5 0.13

exp

car 51 —[164.0|="""% 0.87
frog -1.7 0.18 0.00

Unnormalized unnormalized probabilities
log-probabilities / logits probabilities

A
" ipni High Level Computer Vision | Bernt Schiele & Mario Fritz 83
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Softmax Classifier (Multinomial Logistic Regression)

- Want to interpret raw classifier scores as probabilities
S = f(:]j“ W) P(Y = le = 332) — €% | Softmax

B .
>.j €7 | Function

B iDe>s0 musteumton L= leP(Y =wiX =a)
cat 3.2 24.5 0.13 | _ L =-0g(0.13)
- 51 [164.0|=™=! 0.87 S
frog |-1.7 | |0.18 0.00 | Chocsproaio’c s

Unnormalized unnormalized probabilities
log-probabilities / logits probabilities

ipni High Level Computer Vision | Bernt Schiele & Mario Fritz 84



Softmax Classifier (Multinomial Logistic Regression)

- Want to interpret raw classifier scores as probabilities
S = f(:]j“ W) P(Y = le = 332) — €% | Softmax

5 =
>_; €7 | Function

Probabilities Probabilities
must be >= 0 must sum to 1 L; = —log P(Y = 3| X = ;)
cat 3.2 24.5 0.13 [+ compare ~— 41,00

exp

car 51 —[164.0|="""% 0.87 0.00
frog -17 018 OOO OOO

Unnormalized unnormalized probabilities Correct
log-probabilities / logits probabilities probs
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Softmax Classifier (Multinomial Logistic Regression)

. Want to interpret raw classifier scores as probabilities
S = f(:]j“ W) P(Y = le = 332) — €% | Softmax

5 =
>_; €7 | Function

Probabilities Probabilities
L must be >=0 must sum to 1 Li = —log P(Y = 5| X = =)
cat 3.2 24.5 0.13 [ compae~— 1,00

exp

l Kullback—Leibl
car 51 I 1 640 lilaas 087 udffeigenife 7 OOO

frog | -1.7 | |0.18 0.00 ;(?@;) 0.00

Unnormalized unnormalized probabilities QW) Correct
log-probabilities / logits probabilities probs
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Softmax Classifier (Multinomial Logistic Regression)

cat
car

frog

s = f(zi; W)

Probabilities
must be >=0

3.2
5.1
-1.7

24.5
.1164.0

0.18

Unnormalized

log-probabilities / logits

unnormalized
probabilities

normalize
—_—

PIF = H X —3) = ;‘;j

Probabilities
must sum to 1

. Want to interpret raw classifier scores as probabilities

Softmax
Function

Li =—log PUY = | X —=a;)

—> compare <«——

0.13
0.87

Cross Entropy
H(Pa ) —

0.00

H(p) + Dk (P||Q)

1.00
0.00
0.00

probabilities

Correct
probs

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Let's double check...

e Entropy & KL-divergence:

Z P*(y)log P'(y

P(y)
Q(y)

Dicr,(P']|Q) = ZPt ) log

* Cross Entropy the sum of both:
H(P', Q) = H(P') + Dgr(P'|Q)
P(y)
=) Py (1
Z ) (Og Qy)
= — ZPt )log Q(y

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Let's double check...

e Cross Entropy in our classification case:
» Target "distribution" / output:

1 y=y
Pi(y) = Z
) { 0 y#uy
» Output of the network:

Qylri) = P(Y = k|X = z;) =
* Then Cross Entropy Loss for image z;
L; = L(z;) = ZPt ) log Q(

=—1- log Q(Yi|Ti)

ek

2.5

y|z;)

eSi

= —log P(Y = y| X = x;)

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities
S = f(:]j“ W) P(Y = le = 332) — €% | Softmax

5 =
>_; €7 | Function

Maximize probability of correct class Putting it all together:

Li = -log P(Y =yi|X =2:) [, = —log(

cat 3.2 D€ )

car 5.1
frog -1.7

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities
S = f(:]j“ W) P(Y = le = 332) — €% | Softmax

5 =
>_; €7 | Function

Maximize probability of correct class Putting it all together:

Li = -log P(Y =yi|X =2:) [, = —log(

cat 3.2 D€ )

5 1 Q: What is the min/max
' possible loss L_i?

frog -1.7

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities
S = f(:]}z’ W) P(Y = le = 332) — €% | Softmax

5 =
>_; €7 | Function

Maximize probability of correct class Putting it all together:

Li = -log P(Y =yi|X =2:) [, = —log(

cat 3.2 D€ )

car 5 1 Q: What is the min/max
' possible loss L_i?
frog -1.7 A: min 0, max Infinity

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities
S = f(:]}z’ W) P(Y = le = 332) — &+ _| Softmax

>_; €7 | Function

Maximize probability of correct class Putting it all together'

L?;:—logP(Y:yﬂX:wi) L :—log(

cat 3.2 2. e’)

5 1 Q2: At initialization all s will be
' approximately equal; what is the loss?

frog -1.7

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Softmax Classifier (Multinomial Logistic Regression)

Want to interpret raw classifier scores as probabilities
S = f(:]}z’ W) P(Y = le = 332) — &+ _| Softmax

>_; €7 | Function

Maximize probability of correct class Putting it all together'
Li:—logP(Y:yﬂX:wi) L - _10
cat 3.2 g5 >, € )
car 5 1 Q2: At initialization all s will be
' approximately equal; what is the loss?
frog -1.7 | A:log(C), eg log(10) = 2.3

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Softmax vs. SVM hinge loss (SVM)
-2.85
matrix multiply + bias offset max(0, -2.85 - 0.28 + 1) +
—»{ | 0.86 max(0, 0.86 - 0.28 + 1)
001 | -005 | 0.1 | 0.05 15 0.0 ~
D 1.58
0.7 0.2 0.05 0.16
22 oA 0.2
00 | -045 | -0.2 | 0.03 44 03 cross-entropy loss (Softmax)
-2.85 0.058 0.016
|44 56 b
ex| normalize
> | 0.86 _‘:. 236 | — 5 | 0631 | -109(0-353)
:CZ (to sum =
to one) 0.452
0.28 1.32 0.353
Yi | 2

High Level Computer Vision | Bernt Schiele & Mario Fritz



Recap...

-  We have some dataset of (x,y) g
- We have a score function: s = f(z; W) =Wz
- We have a loss function:

= Softmax
L; = —log(=——=
1 g( ZJ eJ ) SVM regularization loss
L o wH . _l |
LZ = ZJ§£yz maX(O, S] Syz + ].) . sr:orefunctlor}:mf(mi,w)l ki =z
L= % Zfil L; + R(W) Full loss E

High Level Computer Vision | Bernt Schiele & Mario Fritz 96



Recap

How do we find the best W?

-  We have some dataset of (x,y) g
- We have a score function: s = f(z; W) =Wz
- We have a loss function:

= Softmax
L; = —log(=——=
1 g( ZJ eJ ) SVM regularization loss
L o wH . _l |
LZ = ZJ§£yz maX(O, S] Syz + ].) . sr:orefunctlor}:mf(mi,w)l ki =z
L= % Zfil L; + R(W) Full loss E
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Optimization

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Strategies

#1 Random Search

» can work...
» but very expensive

#2 “Follow the Slope”

» aka: gradient descent...

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Gradient Calculation (numeric)

In 1-dimension, the derivative of a function:

fW +h) = f(W)

In multiple dimensions, the gradient is the vector of (partial derivatives) along
each dimension

The slope in any direction is the dot product of the direction with the gradient
The direction of steepest descent is the negative gradient

100
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Gradient Calculation (numeric)

current W: gradient dW:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

3

~= ~ ~u ~u -~ ~
~u

.\) .\) .\) .\) .\) .\) .\) .\)

~u

[]

[]
Rl
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Gradient Calculation (numeric)

current W: W + h (first dim): gradient dW:
[0.34, [0.34 + 0.0001, [?,
-1.11, -1.11, ?,
0.78, 0.78, ?,
0.12, 0.12, ?,
0.55, 0.55, ?,
2.81, 2.81, ?,
-3.1, -3.1, ?.
-1.5, -1.5, ?,
0.33,...] 0.33,...] ?,...]
loss 1.25347 loss 1.25322
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Gradient Calculation (numeric)

current W: W + h (first dim): gradient dW:
0.34, [0.34 + 0.0001, -2.5,

-1.11, -1.11, ?,

0.78, 0.78, ?, \
0.12, 0.12, (1.25322 - 1.25347)/0.0001
0.55, 0.55, =-25

2.81, 2.81, GOV) _ OV )~ FOV)
3.1, -3.1, W e

-1.5, -1.5, 7,

0.33,..] 0.33,..] 2]

loss 1.25347 loss 1.25322
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Gradient Calculation (numeric)

current W: W + h (second dim): gradient dW:
[0.34, [0.34, [-2.5,

-1.11, -1.11 + 0.0001, 0.6,

0.78, 0.78, ?, \

0.12, 0.12, ?,

0.55, 0.55, (1.25353 - 1.25347)/0.0001
2.81, 2.81, =0.6

-3.1, -3.1, AWy _ . SOV +h) — JOV)
-1.5, -1.5, S
0.33,...] 0.33,...] 2,..]

loss 1.25347 | loss 1.25353
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Gradient Calculation (numeric)

current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

W + h (third dim):

[0.34,

-1.11,

0.78 + 0.0001,
0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

gradient dW:

[-2.5,
0.6,

?,\

High Level Computer Vision | Bernt Schiele & Mario Fritz
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Gradient Calculation (numeric)

current W: W + h (third dim): gradient dW:
[0.34, [0.34, [-2.5,

-1.11, -1.11, 0.6,

0.78, 0.78 + 0.0001, 0,

0.12, 0.12, ?,

0.55, 0.59, Numeri’; Gradient
2.81, 2.81, - Slow! Need to loop over
-3.1, -3.1, all dimensions
-1.5, -1.5, - Approximate
0.33,...] 0.33,...] g—

loss 1.25347 | loss 1.25347
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Gradient Calculation

This is silly. The loss is just a function of W:

L = %Zfil[’i +Eka2
I4 = Zj?'éyi maX(Oa Sj — Sy; i § 1)
s=f(z; W) =Wz

want VL
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This is silly. The loss is just a function of W:

L= %Zi\;Li +kak2

Lz' — Zj#yi max(O, Sj — Sy, T 1)

s=f(z; W) =Wz

want VL

Use calculus to compute an
analytic gradient

p (| High Level Computer Vision | Bernt Schiele & Mario Fritz 108



Gradient Calculation

current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

dW = ..
(some function
data and W)

\

gradient dW:

[-2.5,
0.6,

0,

0.2,
0.7,
-0.5,
11,
1.3,
2.1,..]

High Level Computer Vision | Bernt Schiele & Mario Fritz
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In summary:

- Numerical gradient: approximate, slow, easy to write

- Analytic gradient: exact, fast, error-prone

|In_practice: Always use analytic gradient, but check
Implementation with numerical gradient. This is called a
gradient check.
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Gradient Descent

General gradient descent: Start with initial point xp,

Sequence: W, 1 = Wi + aud;
Steepest Descent:
dy = —V f(W;)(we move in the opposite direction of the gradient).

Starting

100 A / Point
k.

E 0- Af positive \\I eration 4 /

=S Af T/
5 AW AW \Ml

===

0 i 4 J ' HH— 1t >
0 2 4 6 8 10 B A
W FI;'\RI
while
weights grad = evaluate gradient(loss fun, data, weights)
weights += - step size * weights grad # fer

7

74
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Gradient Descent

original W

o
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Stochastic Gradient Descent (SGD)

Full sum expensive

N
1 .
L(W) . ﬁ Z Li(mi,yi, W) 4 )\R(W) when N is large!
Z? Approximate sum
: using a minibatch of
L — AT L% 19 Y A
Vw L(W) N Z VwLi(xi,ys, W) + AVw R(W) i

=1

32/64 /128 common

while
data batch = sample training data(data, 256)
weights grad = evaluate gradient(loss fun, data batch, weights)
weights += - step size * weights grad : :

j\f ini p 1 High Level Computer Vision | Bernt Schiele & Mario Fritz
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Aside: Image Features

» Class
scores

plane car bird cat deer
dog frog horse ship truck
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Aside: Image Features

f(x) = Wx

e HHHHHHHH Hu Hun HHUHHHUHHHHLI dp o = Class
Jh g = scores
Feature Representation
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Image Features: Motivation

Cannot separate red
and blue points with
linear classifier
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Image Features: Motivation

o y 6 @
. ¢ “
. ® o
® 04° o f(x, y) = (r(x, y), 6(x, y)) o 0
X ® e r o) N
o * @ o
® .
0 .
° .
O o ° ..
o
Cannot separate red After applying feature
and blue points with transform, points can
linear classifier be separated by linear
classifier
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Example: Color Histogram
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Example; Histogram of Oriented Gradients (HOG)

Divide image into 8x8 pixel regions Example: 320x240 image gets divided
Within each region quantize edge into 40x30 bins; in each bin there are
direction into 9 bins 9 numbers so feature vector has

30*40*9 = 10,800 numbers

Lowe, “Object recognition from local scale-invariant features”, ICCV 1999
Dalal and Triggs, "Histograms of oriented gradients for human detection,” CVPR 2005
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Example: Bag of Words:

Step 1: Build codebook

am W EEEN
uster paicnes 1o

form “codebook

patches > of “visual words”
N
N
Step 2: Encode images |:| - |:| 1 |:||:| . I:I _
P RN EENE
- _
J:LD..IZI DI:II:IDDDD
N | - N

Fei-Fei and Perona, “A bayesian hierarchical model for leaming natural scene categories”, CVPR 2005

High Level Computer Vision | Bernt Schiele & Mario Fritz 120



Aside: Image Features

. HHHHHHHH\
e ] H HU”H”HUH””UH” — ﬂﬂﬂﬂﬂnﬂﬂﬂmﬂnﬂnﬂﬂuﬂﬂﬂnﬂuﬂﬂtﬂﬂﬂnﬂ

]

=70 \ H : . . . 8 /
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Image Features vs. ConvNets

: —_—
Feature Extraction {0 Aumibers givitis
scores for classes
‘}J]‘]u[I“J]‘]Jl'1[lI]f'‘‘[|[']f'I]"”ﬂ"‘L[I”tftlﬂﬂnEL -
training
AT | -

P 10 numbers giving

scores for classes

training
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