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Overview Today’s Lecture

e Supervised Learning — Image Classification
» using data-driven approaches (machine learning)
» K-nearest neighbor classifier
» cross-validation
» linear classification (parametric approach)
» loss functions and regularization
» optimization via gradient descent (backpropagation)

» Slide credit: today’s slides mostly taken from
Fei-Fei Li, Justin Johnson, Serena Yeung @ Stanford
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Classification Problem

 E.g.: Image classification:

(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.9. 800 x 600 x 3
(3 channels RGB)

An image is just a big grid of
numbers between [0, 255]:

;\.
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Image Classification

Challenges: lllumination
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Image Classification

Challenges: Deformation
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Image Classification

Challenges: Occlusion
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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.

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele



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): airplane .I )ﬁ.= I -ﬁ.
# Machine learning!
aummobuelgal:mmﬁ S

bird
def predict(model, test_images): cat
# Use model to predict labels
return test_labels deer
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First Classifier: Nearest Neighbor

—

def train(images, labels): Memorize all
¢ Machine learning! T

return model

Nearest Neighbor Rule:

def predict(model, test_images): Predict the label

return test_labels .. :
training image
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Example Dataset: CIFAR10

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

bird
cat
deer
dog
frog

e im e O I EA TP RS
o e
truck ﬂﬂjﬁﬂ-{wﬁﬁh

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 testlng lmages

airplane g --
automoblle.ga-uaﬂﬂg.
i TR EETHLE
cat !.u@'gungﬁ
deer [ P il o Bl S RV GRS
dog gl KNI I I i S P B
frog ol b T b, b

horse '

sp HEEIEEEESE

muck @ RRENC 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:  d.(Ii,1) Zu’f’ 2|
test image training image pixel-wise absolute value differences
56 | 32 | 10 | 18 10 | 20 | 24 | 17 46 | 12 | 14 | 1
90 | 23 | 128|133 8 |10 | 89 | 100 82 | 13 | 39 | 33 o
24 | 26 | 178|200 ] 12 | 16 | 178 | 170 - 12 110 | 0 | 30 e
2 | 0 |255(220 4 | 32 1233|112 2 32| 22 108
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First Classifier: Nearest Neighbor Classifier

What does this look like?
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K-Nearest Neighbor Classifier

Instead of copying label from nearest neighbor,
take majority vote from K closest points
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K-Nearest Neighbor Classifier

What does this look like?

E =
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K-Nearest Neighbor Classifier: Distance Metric

L1 (Manhattan) distance L2 (Euclidean) distance
d(I,I,) =) |I? - I} da(I1, 1) = VZ (7 -B)°
P p

dh
SPARINSY
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\

K-Nearest Neighbor Classifier

lllpll

L1 (Manhattan) distance L2 (Euclidean) distance
dy(I, 1) Z |7 — I7| dy(I, I) = \Z (IF - I7)?
K=1 K=1

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele

18



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

‘\:ﬂ ini p il EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
e [

19



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.
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Setting Hyperparameters

)&}

5

7
WO gy
ey

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

Your Dataset
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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
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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

train

test
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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
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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
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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

)&}

5
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Setting Hyperparameters

Cross-validation on k

.

120

Example of
5-fold cross-validation
for the value of k.

Each point: single
outcome.

The line goes

through the mean, bars
indicated standard
deviation

(Seems that k ~= 7 works best
for this data)
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Nearest Neighbor - not used for images :-)

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

Original Boxed Shifted Tinted

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

e 29
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Linear Classification

Linear
classifiers

Neural Network

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele

30



Recall CIFAR10

airplane ' )ﬂ==-i.
automobile'ﬂ!ﬁﬁmﬁg
bird R EETH RS
cat I 0 T e 0 O
deer -_'ﬂ EII.HE
oz  @EIREFHEFR AN
frog ﬂ-..”.
horse Q“.E * EIE P S
ship [ I P e R P
wuck gy 0 Nl A o o B

50,000 training images
each image is 32x32x3

10,000 test images.
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Parametric Approach

10 numbers givin
> f(x,W) > glving
) class scores
Array of 32x32x3 numbers T
(3072 numbers total) W
parameters
or weights

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Parametric Approach: Linear Classifier

f(x,W) = Wx

o 10 numbers giving
g f(x’;N) g class scores

Array of 32x32x3 numbers

(3072 numbers total) W

parameters
or weights

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Matrix - Vector Multiplication — Quick Reminder...

e Multiplication:

mn
w11 W12 Wi ,n 1 Zizl wi,; L4
mn
w2,1 W22 w2 n Z2 Zizl w2, ;L4
Wax = =
mn
Wm,1 Wm,2 Wm,n Ln Zz’—l W, T4
W :mxn x:nx1 Wx:mx1
e Dimensions:
» W has m rows and n columns
» X has nrows (and 1 column)
» Wx has m rows (and 1 column)
l\tﬁ: ini p il EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele 34



Parametric Approach: Linear Classifier

3072x1

f(x,W)|=|WK

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

1‘ class scores
Array of 32x32x3 numbers

(3072 numbers total) W

parameters
or weights
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Parametric Approach: Linear Classifier

3072x1
f(x,W)|=|WK +(b | 10x1

10x1 10x3072
10 numbers giving
e g f(x’;N) g class scores

Array of 32x32x3 numbers

(3072 numbers total) W

parameters
or weights
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Parametric Approach: Linear Classifier

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

Stretch pixels into column

= :
| e |
Inputimage 2

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Parametric Approach: Linear Classifier

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

Stretch pixels into column

56
-y 02 | 05| 0.1 | 2.0 1.1 -96.8 | Cat score
Lﬁ:'?;ﬁiﬁ. 231
7Y~ 15 | 1.3 | 21 | 0.0 32 | — | 4379
Ve + Dog score
£.N2) 24
— 0 [025] 02 |-03 1.2 61.95 | Ship score
Input image 2
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Parametric Approach: Linear Classifier

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

Algebraic Viewpoint
f(x,W) = Wx

Stretch pixels into column

: 56
L | 02 [-05| 01 | 20 | { 14 -96.8 | Catscore
a1 15 [ 1.3 | 24 | 00 | —— 4| 3.2 | = | 4379 | Dogscore
PN . -
0 [025| 02  -03 | ; -1.2 61.95 | Ship score
Input image 2 |

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Parametric Approach: Linear Classifier

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

Input image
Algebraic Viewpoint N ma
,";‘;""-i\"
24 Lz,
g.“‘ =
f(x,W) = Wx
v A J
02 | -05 15 | 1.3 0 | .25
Stretch pixels into column
\ * "
. . (s | 01 | 20 21 | 0.0 02 | -03
] 0.2 | 0.5 | 01 2.0 t 1 1.1 -96.8 | Cat score
et 1231, - &
254 ';; 15 | 1.3 ‘ 21 | 00 j..|. 32 | = | 4379 | Dogscore * {r *
[ | . 4 > (v
T 0 [025| 02  -03 = ‘ 1.2 61.85 | Ship b 11 32
W — b
Score -96.8 4379 61.95

40
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Interpreting a Linear Classifier

airplane n Iip.ut image
automobile ' 5
bird -}
cat u . v 1. 3
deer . “; " 0.2 | 0.5 15 | 13 0 | 25
ol =)
dog ..u 01 | 20 21 | 00 02 | 03
frog o] v v v
horse o b 11 32 12
. [ ]
ship Y
Score | -96.8 437.9 61.95
truck
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Interpreting a Linear Classifier:
Visual Viewpoint

Input image

bird
cat

deer

dog

frog

horse

ship

truck iﬁsﬂl.ﬁﬁiﬁ
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Interpreting a Linear Classifier:

Geometric Viewpoint

e\
SNE

car classifier

airplane classifier «

2 deer classifier

Plot created using \Walfam Cloud

f(x,W)=Wx+Db

Array of 32x32x3 numbers
(3072 numbers total)

Calimage by Nikilg is licensed under CCHBY 2.0

72
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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

€
lQ\ﬂ

i
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Linear Classifier: Three Viewpoints

Algebraic Viewpoint Visual Viewpoint Geometric Viewpoint
f(x,W) = Wx One template Hyperplanes
per class cutting up space

dog frog horse ship truck
24
0 (025 02|03 —— |12 61.95 | Ship score E | m,wd,s,m
1 - -
w : ) :
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Linear Classifier...

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

L . = o ——

Example class
scores for 3
Images for

; airplane -3.45 -0.51 J.42Z

some W: cac || o g i

bird 0.09 5.3 2.65h

cat 2.9 -4.22 5.1

How can we tell - e o o
whether this W dog 8.02 3.58 5.55

= X .7{ 5 K

is good or bad? - o o 1.34

horse 1.06 -4 37 -1.5

-::g' u',-]f‘-r."py.wislicer.sedqu.jerr':'l.x';‘u Ship _0'36 _2. 09 _4 . 79
%'Tsﬁfﬁﬁz'ﬁmﬁ" truck —0 .72 -2.93 6.14
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Linear Classifier...

airplane -0.51
automobile 6.04
bird 931
cat -4 .22
deer -4.19
dog 3.58
frog 4.49
horse -4 .37
ship -2.09
truck -2.03

3.42
4.64
2. 65
51
2.64
D=
-4.34
=L
-4.79
6.14

TODO:

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

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

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Example

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

cat 3.2 1.3 2.2
car 5.1 4.9 2.5
frog -1.7 20 '3.1

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Example

Suppose: 3 training examples, 3 classes.

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

good our current classifier is
Given a dataset of examples

{(17?:,%) z‘]\Ll

Where ;. is image and

cat 3.2 1.3 292 Y; is (integer) label
car 5 1 49 25 Loss over the dataset is a

1 7 2 0 3 1 sum of loss over examples:
frog -1 - =J. 1
L=+ Z Li(f(zi, W), i)

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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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(z, W) = Wz are:

Given an example (:I:i, yi)
where g, isthe 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:z 0 if s, > s;+1
= 5 1 4.9 2 ) 5 {Sj — 8y, +1 otherwise

J#Yi

frog  -1.7 20 3.4 CZmelwesd

JF#Yi

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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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(z, W) = Wz are:
“Hinge loss”
Sy; .
SI\ I J
o |
cat 3.2 1.3 2.2
if 8, > 8;+1
{ — 8y, +1 otherwise

max(0, s; — sy, + 1)

car 5.1 49 25 T2
frog -1.7 20 '3.1 ;

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele 31




Multiclass Support Vector Machine (SVM) Loss

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

Given an example (:I:i, yi)
where g, isthe 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 = 3,4, max(0,s; — sy, +1)

cat 3.2 1.3 2.2
car 5.1 4.9 2.5
frog -1.7 20 '3.1

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele



Multiclass Support Vector Machine (SVM) Loss

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

Given an example (:Ei, yi)
where g, isthe image ana
where Yi is the (integer) label,

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

t the SVM loss has the form:
ca
Li = 3,4, max(0,s; — sy, +1)
car =max(0,5.1-3.2+1)
+max(0, -1.7-3.2+ 1)
frog = max(0, 2.9) + max(0, -3.9)
=29+0
Losses: —29
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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(z, W) = Wz are:

Given an example (:Ei, yi)
where g, isthe image ana
where Yi is the (integer) label,

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

t the SVM loss has the form:
ca
Li = 3,4, max(0,s; — sy, +1)
car 2.5 = max(0, 1.3-4.9 + 1)
3 1 +max(0,2.0-4.9 +1)
frog . = max(0, -2.6) + max(0, -1.9)
=0+0
Losses: -0
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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(z, W) = Wz are:

Given an example (:Ei, yi)
where g, isthe 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 2.7
Li = 3,4, max(0,s; — sy, +1)
car 2.5 = max(0, 2.2 - (-3.1) + 1)
1 +max(0, 2.5 -(-3.1) + 1)
frog '3- = max(0, 6.3) + max(0, 6.6)
=6.3+6.6
Losses: 29 =12.9
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Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes.

With some W the scores f(z, W) = Wz are:

cat 3.2 1.3
car 5.1 4.9
frog -1.7 2.0
Losses: 2.9 0

2.2
2.5
-3.1

12.9

Multiclass SVM loss:
Given an example (:I:i, yi)
where g, isthe 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 = 3,4, max(0,s; — sy, +1)

Loss over full dataset is average:
1 N
L= N iz Li
L=(2.9+0+12.9)/3
= 5.27
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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(z, W) = Wz are:

Given an example (:Ei, yi)
where g, isthe 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 = 3,4, max(0,s; — sy, +1)

cat 3.2 1.5 2.2

car 5.1 4.9 2.5 Q: What happens to
frog -1.7 2.0 -3.1 loss if car scores

Losses: 2.9 0 129 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(z, 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 (:Ei, yi)
where g, isthe 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 = 3,4, max(0,s; — sy, +1)

Q2: what is the
min/max possible
loss?

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele




Multiclass Support Vector Machine (SVM) Loss

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

Given an example (:Ei, yi)
where g, isthe 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 22 Ea = Z_# max(0,s; — sy. + 1)

= 5.1 4.9 2.3 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(z, W) = Wz are:

Given an example (:Ei, yi)
where g, isthe 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 22 Ea = Z_# max(0,s; — sy. + 1)

el 5.1 4.9 2.5 Q4: What if 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.
With some W the scores f(z, 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 (:Ei, yi)
where g, isthe 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 = 3,4, max(0,s; — sy, +1)

Q5: What if we used
mean instead of
sum?
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Multiclass Support Vector Machine (SVM) Loss

Suppose: 3 training examples, 3 classes.
With some W the scores f(z, 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 (:Ei, yi)
where g, isthe 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 = 3,4, max(0,s; — sy, +1)

Q6: What if we used

L, = ijéy,- max(0, s; — sy, + 1)
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fle, W) =Wz

L=xY" 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?
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fle, W) =Wz

L=xY" 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 also has L = 0!

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Suppose: 3 training examples, 3 classes.
With some W the scores f(z, W) = Wz are:

cat 3.2
car 5.1

frog -1.7

1.3 2.2
4.9 2.5
20 | -31

Li = 4, max(0,s; — sy, + 1)

Losses: 2.9

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

With W twice as large:

=max(0,2.6-98 +1)
+max(0,4.0-9.8 +1)

= max(0, -6.2) + max(0, -4.8)

=0+0

=0

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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fle, W) =Wz

L=xY" 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 also has L = 0!
How do we choose between W and 2W?

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Regularization

Data loss: Model predictions
should match training data

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Regularization

N

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

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Regularization

A_= regularization strength

(hyperparameter)
N

\. P 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

A_= regularization strength

(hyperparameter)
N

\. P 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) = 3>, >, W,

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

Elastic net (L1 + L2): R(W) = 3, 3, AW, + (Wi

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Regularization

A_= regularization strength

(hyperparameter)
N

N v P 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) = 3>, >, W, Dropout
L1 regularization: R(W) = >, >, |Wk,] Batch normalization

Elastic net (L1 + L2): R(W) = 3°, 3, AW, + |Wi| Stochastic depth, fractional pooling, etc
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Regularization

A_= regularization strength

(hyperparameter)
N

\. P 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

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Regularization: Expressing Preferences

L2 Regularization

= [1,1,1,1] BV =% Y, W2,

w; = [1,0,0,0]

$
||

0.25,0.25,0.25,0.25]

¢ ..
wlcc—'wQ:c—l
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Regularization: Expressing Preferences

L2 Regularization

= gh b N RW) =Y, ¥, W2,
wy = [1,0,0,0)
w =[[0.25,0.25,0.25,0.25]|  \2reouarizaion kes o

(I
wiT=w,x =1
R(wy) = 0.25% +0.25% 4+ --- = 4% 0.25° = 0.25
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Recap...

- We have some dataset of (x,y) i

- We have a score function: s = f(z; W) =Wz

- We have a loss function:

SVM regularization loss
Lg = . IMnax 0 S; — 84. + ]. w score function [[—— )
Z];\éyz ( 94 Yi ) — —-uf(muw) data loss 'L

k= % Zil L; + R(W) Full loss lzl T

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Recap

How do we find the best W?

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

SVM regularization loss
L' = . IMnax 0 S; — 84. ‘I’ ]. w1 score function 4 L
v Z]?‘éyz ( 244 Yi ) _____ — f(.’BI,W) data loss T
Ly = % 21{1 L; + R(W) Full loss k;‘ T
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Optimization

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele

77



Strategies

e #1 Random Search
» can work...
» but very expensive

e #2 “Follow the Slope”

» aka: gradient descent...

Y& 1 UL
-

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Gradient Descent (in 1 dimension)

e |[teratively minimize the loss funtion: L(w)

» Initialize somewhere: w'?
0.15
L OL(w)
» Compute the derivative: e L' (w) 0.1
» Take a step in the negative direction 0.05
of the derivative: i
o) 0 _ o 9L )
P ow(©) 0
step size
—0.0534
(t)
» Repeat... w1 @ . M w
Ow(t)
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Gradient Descent (in two dimensions)

//

negative gradient direction

original W

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Gradient Descent (in multiple dimensions)

e |n one dimension: (t)
LD ) L)
Ow(t)

e inn dimensions:
» the loss is a function of the n-dimensional weight vector:

w®
1
LW®Y)  with w® =

» we can define partial derivatives for each dimension of the weight vector:

OL(W®)
8w,§t)

7
‘\:ﬂﬂ ini p il EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Gradient Descent (in multiple dimensions)

e |n one dimension: (t)
LD ) L)
Ow(t)

e in n dimensions:

» apply the same gradient descent rule in each dimension separately:

OL(W®)

wi™ e wi —a- ( (t) |
Owy

OL(W®)

wy ™ - wy) —a ( (t) )
ows

7
‘\:ﬂﬂ ini p il EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Gradient Descent (in multiple dimensions)

e |in one dimension: (t)
WD ) o O
Ow(t)
e in n dimensions
» in vector form:
OL(W M)
wgt—l—l) wgt) WO
N ol N I
w7(lt+1) w?(f) oL(w) \ _
dwlt) Vector with
» compact notation: / partial derivatives
wirh) Wl . Vo L(WW)

¢;”:; ini il
Ny p
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7z

A
ol

\.\:&1

2
%
!

=
&
ﬁ'llll]ll

i:d

)&}

5

Mathematical notation:

w 1)

— WO —a. VLW
e translated into “code”
while
weights grad = evaluate gradient(loss fun, weights)
weights += - step size * weights grad

gradient calculation expensive, when entire dataset is used (N typically large !)

N
1
VwL(W) = N Z VwLi(xi,yi, W) + AVw R(W)
=i

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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1

Gradient Descent - Variants...

e Assume Loss to be: 1 ZLz’(W)
» with n the number of training samples z; i3
» L, the loss for training sample z;
e Batch training:
» process all training samples
» update weights basedon  L(W) = % > Li(W)
e Stochastic Gradient Descent:
» randomly choose one training sample ;
» update weights based on loss L;(W)
e Mini-batch training:
» process a subset of training samples M C {1,...,n}

» update weights based on Ly (W) = ﬁ Z L;(W)
e M

/-?;Ef,
i
W&

v

cIn p il EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Stochastic Gradient Descent (SGD)

e Training code so far:

while
weights grad = evaluate gradient(loss fun, data, weights)
weights += - step size * weights grad

e Minibatch training code (batchsize here M = 256):

while
data batch = sample training data(data, 256)

weights grad = evaluate gradient(loss fun, data batch, weights)

weights += - step size * weights grad

EDSAI | Machine Learning Intro | 7.11.2019 | Bernt Schiele
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Where we are

S = f(a:, W) = Wa scores function
L = Zj;éyi max(0, s; — 8y. + 1) SVM loss

1 N 2 o
L==5>1Li+), W data loss + regularization
want VI-VL

e Since we are performing Gradient Descent on a Loss function
we call this (Error) Backpropagation

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Computational Graphs

f=Wez| |Li=>_;,, max(0,s; — sy, +1)
/ @ (scores) - @

F
e R(W)

L=L%Y L+ R(W) Fullloss

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Neural Network Example...

Convolutional network P
(AlexNet) DI

Input image

...........

Figure copyright Alex Krizhevsky, liya Sutskever, and

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example
Backpropagation: a simple example

f(z,y,2) = (z +y)z

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z

X

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

X

2

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

of of Of
Or’ Oy’ 0z

Want:

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example X -2

q 3
f(:c,y,Z) == ("L.—l_y)z y 5
g Xx=2 =5 z=4 L2
zZ 4
g=z+y FL=1,3=1
aof of

f=qz % %o 4

. of of of
Want: oz By’ Bz

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

. 9 . Oq
of of
f:qz a—q:Z,E:q
~of of Oof
Want: oz By’ Bz

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

. 9 . Oq
of of
f:qz a—q:Z,E:q
~of of Oof
Want: oz By’ Bz

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example X -2
q 3
f(@y,2) = (z +9)z y
eg.x=-2,y=5z=-4 e
Z 4
q=—+Yy % = ‘?_93 =1 b e
of
of of 0z
f — gz dq — %y B T
~of of of
Want: 9 By Bz

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example X -2
q 3
f@9,2) = (@ +9) y
f =
eg.Xx=-2,y=5,z=-4 112
Z 4
g=z+y %:1,%:1 ——
of
of of 0z
f = qz 3_q =z, E =q
~of of of
Want: 9 By Bz

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

. 9 . Oq
of of
f:qz a—q:z,azq
~of of Oof
Want: oz By’ Bz

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

. 9 . 0q
of of
f=qz =% =4
O 8f ¥
Want: oz’ By Dz

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

B g . 9q

=0T 5 kg =1 e
of

B of _ _ of _ Chain rule: 9y
f=gz aq_z’az_q g_a_faq

Want: 2L & of o % o

ant. 5= dy’ 0z Upstéam Local
gradient gradient

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

B g . 9q

=0T 5 kg =1 e
of

B of _ _ of _ Chain rule: 9y
f=gz aq_z’az_q g_a_faq

Want: 2L & of o % o

ant. 5= dy’ 0z Upstéam Local
gradient gradient

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

- g . 0q _
- of _ , of _ Chain rule: oz
f=gqz o — %9z 94 % O &
. of of of dx  dq Oz
Want- ax ’ By ’ 82’ Upsté’am Lécal

gradient gradient

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - A Simple Example

Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.Xx=-2,y=5,z=-4

- g . 0q _
- of _ , of _ Chain rule: oz
f=gqz o — %9z 94 % O &
. of of of dx  dq Oz
Want- ax ’ By ’ 82’ Upsté’am Lécal

gradient gradient

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - Local View

L

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - Local View

L

“local gradient”

|

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - Local View

L

“local gradient”

Bz
ox f >
% a—L "upstream
/ 02| gradient
gradients

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - Local View

T
“local gradient”
- Iy 0z
‘%% Oz >
% f )
9z ﬂ dL t
—| "upstream
/ < 02| gradient
gradients

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - Local View

“local gradient”
- Iy 0z

N O .
R z
9z ﬂ oL t
—| "upstream
Y %y 0z gradient"
oL 3, |
2 gradients

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation - Local View

xr
“local gradient”
X 0 0z
X0 7 o
> ci?\ Z

 /

% 8_L "upstream
Y 0z gradient"
oL, |
gradients

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

Patterns in backward flow

add gate: gradient distributor

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

Patterns in backward flow

add gate: gradient distributor
Q: What is a max gate?

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

Patterns in backward flow

add gate: gradient distributor

max gate: gradient router

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

Patterns in backward flow

add gate: gradient distributor
max gate: gradient router

Q: What is a mul gate?

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

Patterns in backward flow

add gate: gradient distributor
max gate: gradient router

mul gate: gradient switcher

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

Gradients add at branches
C({

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

Modularized implementation: forward / backward API

tiplyGate(object):
X def forward(x,y):
Z —= -
self.x = x # must keep these around!
self.y = y
urn z
y def backward(dz):

dx = self.y * dz # [dz/dx * dL/dz]

(X,y,z are scalars)

dy = self.x * dz # [dz/dy * dL/dz]
/ [dx, dy] \
Local gradient Upstream gradient variable

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

Modularized implementation: forward / backward API

Graph (or Net) object (rough pseudo code)

"_,;:';_:._ class ComputationalGraph(object):

) J:ffu*%f 1'\ e e T def forward(inputs):
i i i T # 1. [pass inputs to input gates...]
# 2. forward the computational graph:
r gate in self.graph.nodes topologically sorted():
gate.forward()
eturn loss # the final gate in the graph outputs the loss
f backward():
for gate in reversed(self.graph.nodes topologically sorted())
gate.backward() # little piece of backprop (chain rule applied)

inputs gradients

e Only two things need to be implemented to define new node:
» forward pass

» error back propagation . e
slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation: Watch Overfitting

e Error on training set continuously decreases
» final training error often zero for deep neural networks

e Error on validation set (not used for training !) allows estimation of
generalization error = test error

loss

test set error

validation set error

train set error

epochs / iterations

€
lQ\ﬂ

v
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Summary so far...

e neural nets will be very large: impractical to write down gradient formula
by hand for all parameters

e backpropagation = recursive application of the chain rule along a
computational graph to compute the gradients of all
Inputs/parameters/intermediates

e implementations maintain a graph structure, where the nodes implement
the forward() / backward() API

e forward: compute result of an operation and save any intermediates
needed for gradient computation in memory

e backward: apply the chain rule to compute the gradient of the loss
function with respect to the inputs

slide credit: Fei-Fei, Justin Johnson, Serena Yeung

)

%
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Another Backpropagation Example...
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Backpropagation

1

1 + e—(u-'oxo—u-'lrl"i-ﬂ'z)

Another example: fw,z) =

wo

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

1 + e—(u-'oxo—u-'lrl"i-ﬂ'z)

Another example: fw,z) =

wi 2.0C

w1 -3.00

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

1 + e—(woxo—u-'li‘l*i-wz)

Another example: fw,z) =

w0l 2.00

6.00 100 /;__\‘ 1.0 F / 1.37 073
x1 -2 : : :,) { 1/ —\ei(B\r \ﬂ/ *\E}B

w2 -3.00

e - = f(z) = 5 & e
fo(z) = az —7 %:a f(x)=c+z = %_1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

1+ e—(woxo-‘-wli‘l-i-wz)

Another example:  f(w,z) =

w0l 2.00

x0 -1.00

w1 -3.00

. S i g_;
w2 -3.00
x d z 1 d
L - é:e Fa)=— — é_—l/:s2
fo(@) = az - 4 f@)=c+a R /i

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

1+ e—(woxo-‘-wll’l-i-wz)

Another example:  f(w,z) =

w0l 2.00

Upstream Local
gradient  gradient

1.00 = —0.53

o ( )( 1-372)

x1 2.00 @ — \&XP) @ uu @ -

w2 -3.00

M. - df e - 1 df 2
o) =2 — =S _f(m):E il %__1/
df af

f.(z)=n0zx — g f@)=c+z = ds 1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1
f(w,.?:) = b e—(wg;rg-‘-u-'lsh'i'wz)

Another example:

w0 2.00
x0 -1.00

w1l -3.00

w2 -3.00
M. - df_ T 1 df 2
flw) = - Ve | =1 3  SEYY
d
f.(z) =0z — éza f(x)=c+z = %—1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

1+ e—(woxo-‘-wli‘l-i-wz)

Another example:  f(w,z) =

w0 200

Upstream Local
gradient  gradient
~ /
(—0.53)(1) = —0.53

M. - df e - 1 df 2

flz)=e = = flz) = = 5 & 1/
d

fo(z) = az — é:a fo(z)=c+=z — %:1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1
f(w,.?:) = b e—(wg;rg-‘-u-'lsh'i'wz)

Another example:

w0 2.00

x0 -1.00

w1l -3.00
w2 -3.00
M. - df_ T 1 df 2
fl@)=e - = flz) = = 5 & 1/
d
fo(z) = az —7 é:a f(x)=c+z = %_1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

Another example:  f(w,z) = 1

w0 200

1+ e—(woxo-‘-wli‘l-i-wz)

Upstream Local

gradient  gradient
~ /
(—0.53)(e™!) = —0.20
7o W00 N 887 |/ AT Ao\ 07
Wi e Tn N ar ),
d
fla)= e E Leer|| s0-2 Vs
df df

fo(z) = az —7 E—a f(x)=c+z = E_l

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

1+ e—(woxo-‘-wli‘l-i-wz)

Another example:  f(w,z) =

w0l 2.00

x0 -1.00

w1l -3.00
w2 -3.00
M. - df e - 1 df 2
flz)=e — - fl@) == - S =-1/z
d
ful@) = as - doal | r@=c+e - L

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

1+ e—(woxo-‘-wll’l-i-wz)

Another example:  f(w,z) =

w0 200

Upstream Local

gradient  gradient
~ /

(—0.20)(—1) = 0.20

x0 -1.00

w1l -3.00
x1 -2.00 @ .. @ : @ ~ @
w2 -3.00
M. - df e - 1 df 2
flae)y=-=e ~ B f(:c):E %:_1/&'
d
fo(z) =az -2 d_';.:a fl@)=c+a - %:1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

Another example: f(w,z) = 1+ o—(@omotwizruy)

w0 2.00

x0 -1.00

w1l -3.00

a a2 EDom (D s
w2 -3.00
, df _ 1 d
fa) = - T | s09-2 - & e
d
fo(z) = az —7 é:a f(x)=c+z = %_1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

1+ e—(woxo-‘-wli‘l-i-wz)

Another example:  f(w,z) =

w0 200

[upstream gradient] x [local gradient]
[0.2] x[1] =0.2
[0.2] x [1] = 0.2 (both inputs!)

x0 -1.00

. aar po g na m Ll
w2 -_: _=.'-_".f o
M. - df e - 1 df 2
fla) = = Yo | sw-1 4 B
d
f.(z) =az — éza f{z)=ect= — %—1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1

e—(wo'-ro-‘-u-'li‘l-i-wz)

Another example:  f(w,z) = e

wl 2.00

x0 -1.00

w1l -3.00

x1 -2.00

B - e Fea)=— — - =~1/2’
fo(z) = az —7 %:a f(x)=c+z = %_1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

_ 1
Another example: f(w,z) = 1+ o—(@omotwizruy)

wl 2.00

-0.20

[upstream gradient] x [local gradient]
x0:[0.2] x[2] = 0.4
wO0: [0.2] x [-1] =-0.2

x0 -1.00

1.00 @l\ -1.00 @ 037 /;]\ 137 (7 073

)00 \_J 020 05 " 0ss \]ﬁ‘/ 1.00
“'2/

d

flz)=¢€ ¥ é =" fla) = = - % el
d

fo(z) = az —7 é:a f(x)=c+z = %_1

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1 Computational graph representation may not
Flagz) = o o, be unique. Choose one where local gradients
e AT at each node can be easily expressed!

1 i 5
o(z)=— | do() e _(1+er—1)( § 3

l1+e* d - gl 1 -z 1 -z | — (1 _J(m))g(m)
sigmoid function & (1+e™) b e

wi 2.00

-0.20
-2.00
*
0.20
x0 -1.00 \

0.40 \

020 sigmoid gate

wl -3.00

-0.40

00 /7N 037 C—T\ 1.37 /”\] 0.73
020 P05 T os \Tw

5
2)

x1 -2.00

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Backpropagation

1 Computational graph representation may not
Flagz) = o o, be unique. Choose one where local gradients
e AT at each node can be easily expressed!

1

o(z) = ——— do(z) e " B (1 +e 7 — 1) ( 1 B
l14+e* B T 1 — TEW— (1—o(z))o(z)
sigmoid function : (1+e7%) wE La

wi 2.00

-0.20
-2.00
*
0.20
x0 -1.00 \

0.40 \

wl -3.00 ”” \ sigmoid gate
\
0 20 Gy @ )l
0.60 //
W—/ [upstream gradient] x [local gradient]

[1.00] x [(1 - 0.73) (0.73)]= 0.2

slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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