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Deep neural networks are providing currentstate-of-the-artresults.

ImageNet-ILSVRC challenge: 2012 ~ 16% fell to 2016 ~ 3%.

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications
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Deep neural networks are providing currentstate-of-the-artresults.
ImageNet-ILSVRC challenge: 2012 ~ 16% fell to 2016 ~ 3%.

Popular NN architectures mimic mammalianvisual cortexV1 -
Convolutional Neural Networks (CNNs).
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ImageNet-ILSVRC challenge: 2012 ~ 16% fell to 2016 ~ 3%.

Popular NN architectures mimic mammalianvisual cortexV1 -
Convolutional Neural Networks (CNNs).
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Local connectivity of “neuron” units used with shared weights.

Deep networks = hierarchical representations“features of features.”
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modeled by Gabor functions (hypothesis). Models of Neuronal Responses:

s(I) =YY" w(z.y)I(z,y).
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Gabor function:
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' = (x = xo) cos(7) + (y — yo) sin(7)
y' = —(x — zo)sin(7) + (y — yo) cos(7).
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Layer Operations

Convolution (mathematical definition for 1D):

8(t) = (z*w)(@X) = /a:(a)w(t — a)da.

where x(t) is the inputsignal, w(r) is “kernel” weight.
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Many useful operations take on this form: (Fourier transforms, filters, moving averages, estimators).
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where x(t) is the inputsignal, w(r) is “kernel” weight. =

Discrete Convolution:
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s(t) = (z*w)(t) = Y z(a)w(t-a)
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Many useful operations take on this form: (Fourier transforms, filters, moving averages, estimators).
2D Convolutions: Over Images | by kernel K:

S(i,j) = (I« K)(i,j) =Y _ Y I(m,n)K(i—m,j—n) (convolution in mathematics literature)
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Convolution (mathematical definition for 1D): \\\
O
s(t) = (@ xw)(t) = [ ala)u(t - a)da
where x(t) is the inputsignal, w(r) is “kernel” weight. e imesamsnietaiesy

Discrete Convolution:

oC

s(t) = (z*w)(t) = ) z(a)w(t - a)

a=—0=0o0

Many useful operations take on this form: (Fourier transforms, filters, moving averages, estimators).
2D Convolutions: Over Images | by kernel K:

S(,7)=I*xK)(i,j) = Z Z I(m,n)K(i—m,j—mn) (convolution in mathematics literature)
m n

S0,7) =T *K)3,7)= Z Z I(i +m,j + n)K(m,n)| (cross-correlation > called a convolution in ML literature)
m n

Variant of this used in practice for CNNs (notstrictly a convolution).




Layer Operations Kernel Size 3x3

Key parameters for convolution operations:

(i) kernelsize: NxM number of pixels with
non-zeroweights.
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Layer Operations Kernel Size 3x3

Key parameters for convolution operations:

(i) kernelsize: NxM number of pixels with
non-zeroweights.

(ii) stride: number of pixels to skip when
computing.
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Key parameters for convolution operations:

(i) kernelsize: NxM number of pixels with
non-zeroweights.

(ii) stride: number of pixels to skip when
computing.

(iii) zero padding size: number of zero pixels
to add around the border of image.
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Key parameters for convolution operations:

(i) kernelsize: NxM number of pixels with
non-zeroweights.

(ii) stride: number of pixels to skip when
computing.

(iii) zero padding size: number of zero pixels
to add around the border of image.
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Key parameters for convolution operations:

(i) kernelsize: NxM number of pixels with
non-zeroweights.

(ii) stride: number of pixels to skip when
computing.

(iii) zero padding size: number of zero pixels

to add around the border of image.
ZeroPadding+1  ZeroPadding +2

source: Theano tutorial.
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Key parameters for convolution operations:

(i) kernelsize: NxM number of pixels with
non-zeroweights.

(ii) stride: number of pixels to skip when
computing.

(iii) zero padding size: number of zero pixels

to add around the border of image.
ZeroPadding+1  ZeroPadding +2

Example: Convolution with 3x3 kernel, 2x2 stride, zero padding +1.
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source: Theano tutorial.




Layer 0 pEI'atl 0ns Kernel Size 3x3 Stride 1x1 Stride 2x2

Key parameters for convolution operations:

(i) kernelsize: NxM number of pixels with
non-zeroweights.

(ii) stride: number of pixels to skip when
computing.

(iii) zero padding size: number of zero pixels

to add around the border of image. _
ZeroPadding+1  ZeroPadding +2

Example: Convolution with 3x3 kernel, 2x2 stride, zero padding +1.

oty it Bl iy peftpl RO MERe
'

'
1t 0100000400000
- - -t
0!
'

| e

Zero-padding importantto avoid shrinkage of layers in deep networks. T




Layer Operations
RelLU + bias

Detector operation: The convolution valuesS(i,j) are processed by a non-linearity

to obtains(i, j) = g(S(i,j)). Typically, ReLU + bias used g(z) = max(z + b,0). /
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RelLU + bias

Detector operation: The convolution valuesS(i,j) are processed by a non-linearity

to obtains(i, j) = g(S(i,j)). Typically, ReLU + bias used g(z) = max(z + b,0). /

Pooling operation: Reduces size of the outputand helps introduce invariances
like translation in-sensitivity.
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Layer Operations

RelLU + bias
Detector operation: The convolution valuesS(i,j) are processed by a non-linearity

to obtains(i,j) = g(S(i,))). Typically, ReLU + bias used g(z) = max(z + b,0). 7

Pooling operation: Reduces size of the output and helps introduce invariances

like translation in-sensitivity.

max pooling

Common pooling operations: layer data 20 30

112( 37
(i) sub-sampling 1220 30| O

8 [12] 2

(1) averaging 34|70 37| 4 average pooling
: 112100 25 | 12
(iii) max-pooling i

source: Medium
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Detector operation: The convolution valuesS(i,j) are processed by a non-linearity

to obtains(i,j) = g(S(i,))). Typically, ReLU + bias used g(z) = max(z + b,0). 7

Pooling operation: Reduces size of the output and helps introduce invariances

like translation in-sensitivity.
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8 [12] 2

(1) averaging 34|70 37| 4 average pooling
: 112100 25 | 12
(iii) max-pooling i

Cross-channel poolingcanbe used to help
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Layer Operations

RelLU + bias
Detector operation: The convolution valuesS(i,j) are processed by a non-linearity

to obtains(i,j) = g(S(i,))). Typically, ReLU + bias used g(z) = max(z + b,0). 7

Pooling operation: Reduces size of the outputand helps introduce invariances
like translation in-sensitivity.

max pooling

Common pooling operations: layer data 20 30
) . 112| 37 max pooling across channels
(i) sub-sampling 1220 30| O |

8 12| 2| o e et I
(11) averaging 3417037 4 average pooling

112[100f 25 | 12

b5 ||s '95;3"
Nt/ Nt/

Cross-channel pooling can be used to help L <
A : - . S R Medi
learninvariances other than translationin-sensitivity. >

(iili) max-pooling

source: Goodfellow 2017



Layer Operations

predictions softmax

Final layer: can be any classifier for predictions (logistic, k-NN, SVM, NN). a-plane
car

Neural Network (NN) bird
cat
deer
dog
frog
horse
ship
truck

Typically, fully connected Feed-Forward Neural Network (FNN).
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predictions softmax

Final layer: can be any classifier for predictions (logistic, k-NN, SVM, NN). a-plane
car

Neural Network (NN) bird
cat
deer
dog
frog
horse
ship
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Typically, fully connected Feed-Forward Neural Network (FNN).

Predictions:y are typically probability of class assignments
[¥]; = y; = probabilityimage isin classi.

e
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Layer Operations

predictions softmax

Final layer: can be any classifier for predictions (logistic, k-NN, SVM, NN). a-plane
car

Neural Network (NN) bird
cat
deer
dog
frog
horse
ship
truck

Typically, fully connected Feed-Forward Neural Network (FNN).

Predictions:y are typically probability of class assignments
[¥]; = y; = probabilityimage isin classi.

r
Ty

1 — hot vector

1| <« x"class
¥y-=10
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Layer Operations

predictions softmax

Final layer: can be any classifier for predictions (logistic, k-NN, SVM, NN). a-plane E
car
bird

Typically, fully connected Feed-Forward Neural Network (FNN). Neurametwork(NN) cat |

O{v{;co)} ddeer s
3.# 0
Predictions:y are typically probability of class assignments 18f ’“’.8 oo frog [+
[¥]; = y; = probabilityimage isin classi. s | e 2 “Z{,‘}S E
truck «f
The outputq € FFN is turned into probability by softmax ¥; = o I;((Z'()q) p(F|%).

1 — hot vector

1| < %" class
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predictions softmax

Final layer: can be any classifier for predictions (logistic, k-NN, SVM, NN). a-plane
car

Neural Network (NN) bird
cat
deer
dog
frog
horse
ship
truck

Typically, fully connected Feed-Forward Neural Network (FNN).

Predictions:y are typically probability of class assignments
[¥]; = y; = probabilityimage isin classi.

a
ANRESEEMHENE

The output g € FFN is turned into probability by softmax ; = Z;xzif:()q_) - p(F|x).

Training: back-propagation from loss L(S) through the FNN + conv layers.
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predictions softmax

Final layer: can be any classifier for predictions (logistic, k-NN, SVM, NN). a-plane E
car
bird

Typically, fully connected Feed-Forward Neural Network (FNN). NeugeMgNN) cat |

_"-\' e deel' -
'ﬂi O d

Predictions:y are typically probability of class assignments 8f 8 A :8 frﬁg E

[¥]; = y; = probabilityimage isin classi. T st v hgﬁs g

truck

The output g € FFN is turned into probability by softmax ; = 5o :i‘;‘()q) p ().

Training: back-propagation from loss L(S) through the FNN + conv layers.

Cross-entropy loss: L($) = — 37, 512, —yVlog(3") , where y;is the class 1-hot vector.

1 — hot vector
—0-
<+ k'"class

SCocom
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predictions softmax

Final layer: can be any classifier for predictions (logistic, k-NN, SVM, NN). a-plane E
car
bird &

Typically, fully connected Feed-Forward Neural Network (FNN). Neufl;emgw) cat |

OEZ AN deer 8
;s : - : B D dog

Predictions:y are typically probability of class assignments 8i'l8: Y e frog g

ly]; = y; = probabilityimageisin classi. T it e h;’ﬁ: g

truck

The output g € FFN is turned into probability by softmax ; = Z;x:i‘;"()q_) - p(F|x).

Training: back-propagation from loss L(S) through the FNN + conv layers.

Cross-entropy loss: L(S) = i AN o yj(i)log(j'fj(i)) , Where y;is the class 1-hot vector.

Motivation: L(S) = KL(B(x, )| (x, 7)) = KL(p 1)) p(710)5(x)) = L(S) + f(Y), ol i

p(x,y) is the empirical data distribution.

<+ k'"class

SCocom




Layer Operations

predictions softmax

Final layer: can be any classifier for predictions (logistic, k-NN, SVM, NN). a-plane s
car
bird

Typically, fully connected Feed-Forward Neural Network (FNN). Ne”ra'NeMk(NN) cat

(4 \ deer
SR O e d

Predictions:y are typically probability of class assignments 85 '.8: frﬁg E

[¥]; = y; = probabilityimage isin classi. T st vt hgﬁ: g

truck

The output g € FFN is turned into probability by softmax ; = 5 :}(:;’(q - p(F|x).

Training: back-propagation fromloss L(S) through the FNN + conv layers.

Cross-entropy loss: L($) = — 37, 512, —yVlog(3") , where y;is the class 1-hot vector.

1 — hot vector

Motivation: L(S) = KL(B(x, y)| p(x, 7)) = KL(p(¥|x)p(x)| p(#|x)P (x)) = L(S) + £(Y), e

p(x,y) is the empirical data distribution.

<+ k'"class

Optimizationonly needs L(S) part, instead of full L(S), to adjust the weights yielding .

1

0

0
().




Convolutional Neural Network: Summary

T Input image s splitinto “channels”-> RGB.

Convolutional

Convolutional Convolution layers extract features
/ T from the image into feature channels.
B o3 i o l.|
| el
Poolin Fully-
Input layer layer e C(ig;rlgf e

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



Convolutional Neural Network: Summary

T Input image is splitinto “channels”-> RGB.

Convolutional : »
Convolutional Convolution layers extract features
3 / g from the image into feature channels.
o 2 ; f ﬂ l‘
[ﬁ i
| )
Poolin Fully-
layer connected
Input layer layer
C, S, C; S; n n;
input feature maps feature mapsfeature mapsfeature maps output
o O\ %o e,
5x5 \ | = *' \\ o \
convolution \ a2 . - \\ D fully \
subsampling convolution = %) cornettad

feature extraction classification Source: Tutorial by Chongruo Wu
Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/




Convolutional Neural Network: Summary

Tyoical Architéctie Input image is splitinto “channels”-> RGB.

Convolutional

Convolutional Convolution layers extract features
g / PO from the image into feature channels.
e var e
[ﬁ @ ) Detector operation typicallyRelLU + bias.
Poolin Fully- i
Input layer e G e Pooling reduces entries in channel
(enhances invarianceto image transforms)
C; 51 C2 sz ny n;
input feature maps feature mapsfeature mapsfeature maps output
\ _, - N\ Yy %N=9
— \ I 3 == \\ « \ % \’8 -
5x5 - !" \\ »
convolution N\ %2 ‘ g ' \\ % fully N\
subsampling convolution “  2x2 connected
feature extraction classification Source: Tutorial by Chongruo Wu

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



Convolutional Neural Network: Summary

. . ., " IT;
Tyoical Architéctie Input image is splitinto “channels”-> RGB.

Convolutional

Convolutional Convolutionlayers extract features
__ / @ from the image into feature channels.
[ﬁ @ﬁ 8| Detector operation typicallyRelLU + bias.
Poolin Fully- i
- o G e Pooling reduces entriesin channel
(enhances invarianceto image transforms)
C, S, G S; ny n; g
input feature maps feature mapsfeature mapsfeature maps output Deep architectures stackto repeat.
32x32 28 x 28 14x 14 10x 10 5x5
w—— o— —— Sm—vem— — e—— —‘_P _,.,, - -T e— Sov—
L R Fully connected layer - predictsclass.
—X =0,
k. S By
e = :& \ ! : x\) \>’89
5x5 \ \\ \“" N \ \
i | 9 ful
CHmNIOn \ subsampling  convolution - 2x2 il \ oon:e?:lted
feature extraction classification Source: Tutorial by Chongruo Wu

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications



CIFARLO: Image Classification

Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Image
batch

. [ e o
- - . -
. . o .

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Image Input
batch image

BExZal
~ 1§
- ¥ - = —
MEAE S

w {

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Image Input Convolution
batch image layer |

BlaB
smEE N

'

3 16

e S e
TR T
E - .

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Image Input Convolution ReLU
batch image layer |
max

pooling
DEam
Hl!!
3

. - -
.- . e

16

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Image Input Convolution LU Convolution
batch image layer | layer Il
max
pooling

r#

16 32

. - - -..

BB
~3 & 5
MAEE

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http:/fatzberger.org/



CIFAR-10: Convolutional Neural Network

Image Input Convolution LU Convolution ReLU
batch image layer | layer Il
max max

pooling pooling
BZal
SEER 5 »r
ke
wMHAE S

3

16 32 32

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



Paul J. Atzberger, UC Santa Barbara

CIFAR-10: Convolutional Neural Network

Image Input Convolution ReLU Convolution RelLU Fully
batch image layer | layer Il + connected
max max

. . e .

pooling pooling
BZal
1 '

32 32 32

Machine Learning: Foundations and Applications

http:/fatzberger.org/



CIFAR-10: Convolutional Neural Network

Image Input  Convolution ReLU Convolution RelLU Fully ~ Output
batch image layer | layer Il - connected predictions softmax
max max
: a-plane &
S pooling pooling car B3
] bird
n J ‘ - cat B
~ 4§ deer I
S . g i F e dog El
EEEE frog B
. B & horse M
wEAE D ship B
truck «f
32 32 32 1

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Image Input  Convolution ReLU Convolution RelLU Fully ~ Output
batch image layer | layer Il + connected predictions softmax
e e a-plane g
S pooling pooling car 3
] bird §
Bl il 8
_ & —> —_ 0og
1 frog &4
. 08 B horse &M
E q . ll ship &
truck «f
32 32 32 1

CIFAR-10 Dataset: consists of 60,000 images 32x32 pixels RGB with labelsin 10 categories
(plane, car, bird, cat, deer, dog, frog, horse, ship, truck).

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Image Input  Convolution ReLU Convolution RelLU Fully ~ Output
batch image layer | layer Il + connected predictions softmax
max max
pooling pooling o placr;er E
~ %Y . bird
n J ‘ - cat B
~ 4§ deer [
d & T & — [— dos EI
EEER frog B
. B K horse &M
E q . m ship &
truck «f
32 32 32 1
CIFAR-10 Dataset: consists of 60,000 images 32x32 pixels RGB with labelsin 10 categories
(plane, car, bird, cat, deer, dog, frog, horse, ship, truck).
2 convolution layers + fully connected layer - gq; predicts probability of class via softmax: ; = Zlix:igi()q 5
i=1 l

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications



CIFAR-10: Convolutional Neural Network

Image Input Convolution ReLU Convolution RelU Fully Output

batch image layer | layer Il + connected predictions softmax

e e a-plane g
pooling pooling car 3
- BV . bird
J ‘ - cat 8
- E ﬂ r \ deer
b sengmair g _,F ore dog El
E . . h hfrog E

ST g vl orse
H q . m ship &
truck

32 32 32 1

CIFAR-10 Dataset: consists of 60,000 images 32x32 pixels RGB with labelsin 10 categories
(plane, car, bird, cat, deer, dog, frog, horse, ship, truck).

exp(q;)
Y30 exp(q;)

1|« *" class
y=|0
0
0

2 convolution layers + fully connected layer - g; predicts probability of class via softmax: §; =

Cross-entropy loss: L(S) = 372,51, — v log(#?) ,y;is the class 1-hot vector.

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications



CIFAR-10: Convolutional Neural Network

Image Input  Convolution ReLU Convolution RelLU Fully ~ Output
batch image layer | layer Il + connected predictions softmax
max max
: a-plane g
- pooling pooling car 3
] bird
J ‘ - cat B
EEM deer
s ireaens g _’F_, dog El
EEEE frog B4
e . B 8 horse M
wEAE D ship =
truck
32 32 32 1

CIFAR-10 Dataset: consists of 60,000 images 32x32 pixels RGB with labelsin 10 categories
(plane, car, bird, cat, deer, dog, frog, horse, ship, truck).

exp(q;)
Y30 exp(q;)

2 convolution layers + fully connected layer - g; predicts probability of class via softmax: §; =

Cross-entropyloss:L(S) = 212,532, — yj(")log(j;(")) ,¥yis the class 1-hot vector.

Optimization: Stochastic Gradient Descentwith batch size 100 images. y= H"‘ o
0
0




CIFAR 10: Convolutional Neural Network

Input Convolution aew Convolution Heww
image layer | layer 1| + (onn«led ptediwom soﬂmu

900"\9 900“"9 car 52

AuaB ';g;:g

ceer M

HEEN _,P_.\ ol

1 frog B
O Y

Training:

Cross-entropyloss:L(§) = X2, 332, — }rj(i)]og(i'r].(i)).
Random initial weights.
Mini-batches of size 100.

Stochastic Gradient Descent(SGD) with learning rate 1073.

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Mch

Input Convolution ﬂﬂﬂ
image layer |

nuam ' r -
SEEE

-

HEAE S

Training:

Cross-entropy loss: L(S) =

Random initial weights.

Convolution
layer Il

Mini-batches of size 100.

Stochastic Gradient Descent(SGD) with learning rate 1073.

Paul J. Atzberger, UC Santa Barbara

10
i=12j=1

0
max
pooling

”

(Ml\«lﬂ

pndiwom soﬁmu

a-plane 5

t—-\é

yP10g (7).

car||

cat ll
murll

wm E
L |

Training the CNN with:

numgpochs = S

batchsize = 100

Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
gEpoch:
Epoch:
gEpoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:

Machine Learning: Foundations and Applications

(1/5);
[(1/5);
(1/5);
[(1/5]);
(1/58);
[2/5];
(2/5);
[2/5);
[2/5]);
[2/5]);
(3/5);
(3/5);
[(3/5]);
[3/5);
[(3/5]);
[4/5);
[4/5];
[4/5]);
[4/5]);
[4/5];
[5/5];
[(5/5];
[5/5];
[5/5];
[5/5];

batchstep
batchsStep
batchstep
batchsStep
batchstep
batchsStep
batchstep
batchsStep
batchstep
batchsStep
batchstep
batchsStep
batchStep
batchsStep
batchstep
batchstep
batchsStep
batchstep
batchstep
batchsStep
batchstep
batchstep
batchsStep
batchsStep
batchstep

[10@/500]);
[20e/500);
[200/500);
[40@/500];
[See/s500);
[100/500);
[200/500);
[200/500)];
[400@/500);
[s0e/500];
(100/500];
[200/500);
[300/500);
[402/500);
[see/se0];
[10@/500];
[200/500];
[3e0/500];
[402/500];
[see/sed];
[102/500];
[200/500];
[300/500];
[400/500];
[See/sSed];

LOSS!:
LOsS:
LOSS!
LOSs!
LOSS!
LOSS!:
LOsSS!
LOSS:
LOSS!
LOSS!
LOsS!:
LOSS:
LOSS!:
LOSS!:
LOSS!
LOSS!
LOsSsS:
LOSS!
LOSS:
LOSS!:
LOSS:
LOSS!
LOSS!
LOSS!
LOSS:

http://atzberger.org/
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CIFAR-10: Convolutional Neural Network

Mch

Input Convolution ﬂﬂﬂ
image fayer |

nuam ‘ r -
SEEE

-

HEAE S

Training:

Cross-entropy loss: L(S) =

Random initial weights.

Convolution
layer Il

Mini-batches of size 100.

Stochastic Gradient Descent(SGD) with learning rate 1073.

0
max
pooling

car B2
bird |
cat B
ceer M
e _,rlllh.* dog B
frog KB
a2 1

10
i=12j=1

Final training loss of 7.8x1072.

Paul J. Atzberger, UC Santa Barbara

pndtwom soﬂmu
a-plane

(M'\KIQG

horse

truck o
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yP10g (7).

Machine Learning: Foundations and Applications

Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
gEpoch:
Epoch:
gEpoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:

(1/5);
[(1/5);
(1/5);
[(1/5]);
(1/58);
[2/5];
(2/5);
[2/5);
[2/5]);
[2/5);
(3/5);
(3/5);
[(3/5);
[(3/5);
[(3/5]);
[4/5);
[4/5];
[4/5]);
[4/5]);
[4/5]);
[5/5];
[(5/5];
[5/5];
[5/5];
[5/5];

Training the CNN with:
numgpochs = S
batchsize = 100

batchstep
batchsStep
batchstep
batchsStep
batchstep
batchStep
batchstep
batchsStep
batchstep
batchsStep
batchstep
batchsStep
batchsStep
batchstep
batchsStep
batchstep
batchsStep
batchsStep
batchstep
batchsStep
batchstep
batchstep
batchsStep
batchStep
batchstep

[10@/500]);
[200/500]);
[200/500);
[402/500);
[See/500);
[100/500);
[200/500);
[3e8/500);
[4002/500);
[s0e/500];
(100/500];
(200/500]);
[300/500];
[400/500);
[see/se0];
[10@/500];
[200/500];
[3ee/500];
[402/500];
[see/sed];
[102/500];
(200/500];
[300/500];
[400/500];
[see/see];

LOSS!:
LOsS:
LOSS!
LOSs!
LOSS!
LOSS!:
LOsSS!
LOSS:
LOSS!
LOSS!
LOsS!:
LOSS:
LOSS!
LOSS!:
LOSS!
LOSS!:
LOsSsS:
LOSS!
LOSS:
LOSS!:
LOSS:
LOSS!
LOSS!
LOSS!
LOSS:
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CIFAR-10: Convolutional Neural Network

Hidden Layers
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Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Hidden Layers

image Input Convolution Output
batch image layer 1 predictions sofmax
pooing pooting Syl
BlaB brd B
SHEEE 5 | r _,P_.\ deer B
ke ot B
iﬂ.ﬂ ship &2
truck o

3 16

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Hidden Layers
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image
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Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications

R ¢
| iy
A
A s H

0 s
ool Y
LICEE2

s
IR
i
e

Al AR
- B L




CIFAR-10: Convolutional Neural Network

Hidden Layers

image

Convolution
batch layer |
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Paul J. Atzberger, UC Santa Barbara
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CIFAR-10: Convolutional Neural Network

Input Convolution uw Convolution Hew buly Output
image layer | layer Il + connected predictions softmax

max a-plane 4

:-:sss[ [”"” o=

g
as
|

isizst
AIREDZER

22 12 1

Results:

Cross-Entropy Loss:L(S) = Y2 1211.21 (‘)log(y(‘))

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



CIFAR-10: Convolutional Neural Network

Image Input Convelution Relu Convolution el Fully Output
batch image layer | + layer Il + connected predictions softmax
max max -
pooling pooling °”f:{€5
L) bird
Blan s &
oA P - " . p— \ deer
I!II'II'H. frog ==
HAES ship 2
i truck o
3 16 16 »” 22 a2 1
Results:

Cross-Entropy Loss:L(S) = }’_‘__12}21 - yj(i)log(j’;(i)).

Paul J. Atzberger, UC Santa Barbara

Testing predictions of the neural network:

tested
tested
tested
tested
tested
tested
tested
tested
tested

Tested

The neural network has an accurary of 69.39%

Machine Learning: Foundations and Applications
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a total of 1eeee images.
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CIFAR-10: Convolutional Neural Network Predictions
truck:truck deer.deer
yoos . DR Y et . P 9 s tons b
- L3 roire
BuaB g &
e -0-0-PB-=KE ez
HAES E‘E 5
: 16 16 » 12 12 :
deer:cat 7 ship:shi
Results: —

Cross-Entropy Loss:L(S) = £12,%:2; — %(i)log(j;(i)).

Paul J. Atzberger, UC Santa Barbara

st

Testing predictions of the neural network:

tested
tested
tested
tested
tested
tested
tested
tested
tested

Tested

on
on
on
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a total of 1eeeQ images.
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images
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The neural network has an accurary of 69.39%

Machine Learning: Foundations and Applications



CIFAR-10: Convolutional Neural Network Predictions

frog:frog truck:truck deer:.deer

Input Convolution Convolution Reww Fully Qutput
Mch image layer | layer Il + connected predictions softmax
- s B
BaB ol
- ! \ il cat:deer truck:shi
- —-!""" = : -ship
T ' o
. q . m ship B
truck o
(%) 32 12 1
deer:cat a-plane:a-plane  frog:deer ship:ship
Results: f(
. _ vm v10 (@) ~ (1)
CrOSS‘EnU’OPY LOSS° L(S) o i=1Zj=1 o yj log(}j‘ ) Testing predictions of the neural network:
tested on 1220 images
H tested on 2200 images
Achieves a test accuracy of 69%. ot ool o

tested on 4220 images
tested on 5200 images

This could be improved by further adjustments of hyper- tested on 6eee images
tested on 7200 images

parameters, tuning of architecture, additional layers, training  tested on seee images

. tested on 9200 images
protocols, among other strategies.
Tested on a total of 1eeee images.

The neural network has an accurary of 69.39%

Machine Learning: Foundations and Applications




MNIST: Digit Classification

Machine Learning: Foundations and Applications hitp://atzberger.org/



MNIST: Convolutional Neural Network

Image Input Convolution ReLU Convolution ReLU Fully Output

batch image layer | layer |l connected predictions softmax
max max

pooling pooling ?

slof] /]« 2
K EINEZEl B
- r . p— \ ;
IE -
7
ﬂ 3
Y

32 32

-

MNIST Dataset: consists of 60,000 images 28x28 pixels grayscalewith labelsin 10 categories (digits).

2 convolution layers + fully connected layer - g; predicts probability of class via softmax: y; = z@ixzigi()q-) .

Cross-entropy loss: L(S) = T, 512, — v Mlog(5,"”) ,y;is the class 1-hot vector.

0

1|« " class
Optimization: Stochastic Gradient Descentwith batch size 100 images. . [g]

0



MNIST: Convolutional Neural Network

Input
Image

Training:

Cross-Entropy Loss:L(S) =

Convolution
layer |

ReUJ

max

e

Convolution

Relu Fully Output

layer i + connected predictions softmax
max
pooling :
2
3
’ll.h‘ r..... 4
]
7
2
Y
32 32 32 1
m 10 (D ~(1)
i=12j=1—Y; 108(F; )

Random initial weights, mini-batches of size 100.

Stochastic Gradient Descent(SGD)with learning rate 1073,

Final training loss of 7.5x1073.

Paul J. Atzberger, UC Santa Barbara

Machine Learning: Foundations and Applications

Training the CNN with:

nusEpochs = 5

batchsize = 109

gEpoch:
Epoch:
gpoch:
Epoch:
gEpoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
Epoch:
gpoch:
Epoch:
gpoch:
Epoch:
Epoch:
Epoch:
Epoch:
gEpoch:
Epoch:
gpoch:
Epoch:
gEpoch:
Epoch:
Epoch:
gEpoch:
Epoch:
gpoch:

[1/5];
(1/5];
[1/5];
[1/5];
[1/5];
[1/5];
[2/5];
[2/5];
[2/5];
[2/5];
[2/5];
[2/5);
[3/5];
[3/5];
[2/5];
[3/5];
[2/5];
[3/5];
[4/5];
[4/5];
[4/5];
[4/5];
[4/5];
[4/5];
[5/5];
[5/5];
[5/5]);
[8/5];
[5/5];
[5/5];

batchsStep
batchStep
batchStep
batchstep
batchStep
batchstep
batchStep
batchstep
batchStep
batchsStep
batchsStep
batchsStep
batchStep
batchStep
batchstep
batchStep
batchstep
batchStep
batchsStep
batchStep
batchsStep
batchStep
batchStep
batchStep
batchStep
batchsStep
batchStep
batchsStep
batchStep
batchstep

[1ee/ce9];
[2ee/ce@];
[3ee/c00];
[420/609);
[see/ceQ];
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[1ee/e00];
[20e/600];
[3ee/c00];
[4e2/600];
[See/cea];
[eee/cee];
[1ee/ce2];
[2e2/600];
[3ee/609];
[4e0/600];
[see/ceR];
[eee/c00];
[1ee/600);
[20e/c00];
[3ee/600];
(4e0/600];
[see/e00];
[cee/c00];
[1ee/6e@];
[20ee/609];
[3ee/600];
[4e2/c00];
[see/ce2];
[eee/c00];

LOSS:
Loss:
Loss:
Loss:
LOSS!:
LOsSs:
Loss:
LCSs:
Less:
LOSS!:
Loss:
LOSS:
Loss:
LOSs:
LOsSs:
Less:
LCss:
Less:
LCSsS:
Less:
LOSS!:
LOss:
LOSS:
Less:
Loss:
Less:
LosSs:
LOSS:
Less:
LOSS:

e.15es.
2.9758.
2.1e395.
2.0288.
2.95e7.
e.13es8.
.0737.
e.0232.
e.0317.
2.9785.
e.0212.
2.0645.
2.0196.
2.1ees.
2.019e.
2.8265.
e.02es.
e.014s.
2.0591.
e.00892.
e.0132.
2.8725.
2.0163.
©.0063.
2.0e55.
©.0065.
2.0647.
2.0081.
2.0024.,
2.0075.

http://atzberger.org/



MNIST: Convolutional Neural Network

Convolution Layer 2
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MNIST: Convolutional Neural Network

image ot Convalution Rell Convolution Rell Output
batch mage layer ) + layer @ + cm«od predictions softma.
™Max mMax
peciing posiing :
slol]/71¢] 2] 2
SonGen :
BEUEnGE ‘ — — \ :
1412]/1312]7] ]
] 7)) o] ] :
1 1
Results:
-

Cross-Entropy LossL(S) = ¥/, 312, — yj(i)log(fj-(i))

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http://atzberger.org/



MNIST: Convolutional Neural Network

Image et Convolution RelU Convolution Rell Fully Output
batch image layer | + layer + connected predictions softmax
é::o pocling :
[Slo)-] /1<) 2] 2
i ==\
BEngEn | 0 r - i s _'\ :
HEREQHR M
EnEnnE :
: 16 16 n n 2 :
Results:
Testing predictions of the neural network:
{ ~ (1 tested on 1000 images
Cross-Entropy Loss L(S) = 1212}21 — y]( )]og()j( )) tested on 2000 images

tested on 3000 images
tested on 4000 images
tested on 5000 images
tested on 6000 images
tested on 7000 images
tested on 8000 images
tested on 9000 images

Tested on a total of 1000@ images.

The neural network has an accuracy of 99.12%

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications http:/fatzberger.org/



MNIST: Convolutional Neural Network

image et Convolution Rell
batch mage ayer | +
™ax
! pocing
Slol /4]
DENGOE
Bgnoen | 2 - i
BElEan
HEREBR
(2] r] o] rlo] ]
‘1- 16 16
Results:
.

Cross-Entropy LossL(S) = 32,532, — yj(i)log(_j\”

Convolution Rell Fully
Lyyer + connecied
Max

r'r —A.P |

L 32

Output
predictions softmax
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M EEE

nne mne

JR7RS Q4

SIXCSIX

AEHAE

Testing predictions of the neural network:

tested
tested
tested
tested
tested
tested
tested
tested
tested

Tested

The neural network has an accuracy of 99.12%
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on a total of 1000@ images.
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MNIST: Convolutional Neural Network Predictions

Loven seven three three four:four

image i on FQLU Convolution Rell Fully Output
batch -nkpr ayer I layer & + connected predictions softmax
mMax
pociing ' "‘
HENnaR / 3
lll!ll g a0 nine.nine sevenseven  eight-esght four four
Bl 757 o N\
BEnEEnE SR
HENORH \. 7
(217101 7]0] 7] \ ¢
;.'
R 1 2 i SIX SIX five five two two three thre
Results:
-

Testing predictions of the neural network:

(i) tested on 1000 images
) tested on 2000 images
tested on 3000 images

tested on 4000 images

- tested on 500 images
Achieves a test accuracy of 99.12%. Satod o060 Theess
tested on 7000 images
tested on 8000 images

Without much tuning of the CNN, we were able to obtain tested on 900 images
very good accuracyfor the MNIST dataset! Tested on a total of 10000 images.

Cross-Entropy LossL(S) = 372,372 v( )log(v

The neural network has an accuracy of 99.12%



Summary

Paul J. Atzberger Machine Learning: Foundations and Applications http://atzberger.org/



Convolutional Neural Networks (CNNs): Summary

Task: Classify Predictions Results: ILSVRC
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Deep neural networks are providing currentstate-of-the-artresults.

Paul J. Atzberger, UC Santa Barbara Machine Learning: Foundations and Applications

Neural Network (NN)
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Convolutional Neural Networks (CNNs): Summary

3 : Predictions Results: ILSVRC
Task: Classify Neural Network (NN)
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Classification error

hidden layer 1 hidden layer 2

Convolutional Neural Network (CNN)
Deep neural networks are providing currentstate-of-the-artresults.

Use of shared weights provides statistical efficiency, computationally

less expensive training, and possible insights into structurein data. Lalain 1989
Image Classifier CNN
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Machine Learning: Foundations and Applications



Convolutional Neural Networks (CNNs): Summary

Task: Classify Predictions Results: ILSVRC
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Deep neural networks are providing currentstate-of-the-artresults.

Use of shared weights provides statistical efficiency, computationally
less expensive training, and possible insights into structurein data.

I

Deep networks - hierarchical representations“features of features.’

Neural Network (NN)

input layer

hidden layer 1 hidden layer 2

Convolutional Neural Network (CNN)
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Convolutional Neural Networks (CNNs): Summary

Task: Classify Predictions Results: ILSVRC
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Deep neural networks are providing currentstate-of-the-artresults.

Use of shared weights provides statistical efficiency, computationally
less expensive training, and possible insights into structurein data.

I

Deep networks - hierarchical representations“features of features.’

Many applications of these ideas beyond image classification:
language processing, reinforcement learning, data generation.

Neural Network (NN)

input layer
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Convolutional Neural Network (CNN)
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