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Superior perfomance
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New deep learning era

= More data!
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= Better learning algorithms!
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New deep learning era
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Machine learning in computer vision

= Conventional approach

PCA, LDA, CCA,
HOG, SIFT,
SURF, ORB, ...
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Deep learning in computer vision

= Conventional machine learning approach in computer vision

[ feature ]—» features 1 [classification]—» class
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= Deep learing approach
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Deep learning - the main concept
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End to end learnin
g Output
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Perceptron

= Rosenblatt, 1957
= Binary inputs and output

= Weights .
= Threshold
= Bias £2 output
= Very simple!
£3
0 if )’ jW;T; < threshold
output = _
1 if ) ;w;z; > threshold
outout — ifw-z+b6<0
P ifw-z+b>0
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Sigmoid neurons

= Real inputs and outputs from interval [0,1]

To output

= Activation function: sgimoid function

1
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Sigmoid neurons

= Small changes in weights and biases causes small change in output

w 4+ Aw

output +Aou’&>ut

0 output 0 output

Aoutput ~ Z Ab
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= Enables learning!
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Feedfoward neural networks

= Network architecture:

hidden layers
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Example: recognizing digits

= MNIST database of handwritten digits hidden layer
= 28x28 pixes (=784 input neurons) T
= 10 digits
= 50.000 training images
= 10.000 validation images ; A7
= 10.000 test images

output layer

input layer
(784 neurons)
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Example code: Feedforward

= Code from https://github.com/mnielsen/neural-networks-and-deep-learning/archive/master.zip

Or https://github.com/mnielsen/neural-networks-and-deep-learning
git clone https://github.com/mnielsen/neural-networks-and-deep-learning.git

= Or https://github.com/chengfx/neural-networks-and-deep-learning-for-python3 (for Python 3)

net = network.Network([784, 3@, 10])
class Network(object): net.sGD(training_data, 5, 10, 3.0, test_data=test_data)

def __init_ (self, sizes): In [55]: x,y=test_data[e]

self.num_layers = len(sizes) In [56]: net.feedforward(x)
self.sizes = sizes Out[56]:
self.biases = [np.random.randn(y, 1) for y in sizes[1:]] array([[ 1.83408119e-083],

self.weights = [np.random.randn(y, x)
for x, y in zip(sizes[:-1], sizes[1:])]

def feedforward(self, a):
for b, w in zip(self.biases, self.weights):
a = sigmoid(np.dot(w, a)+b)
return a

.94472468e-08],
.84785949e-03],
.85718810e-041],
.41399919e-05],
.40491233e-061],
.74332685e-09],
.97920007e-01],
.19370561e-05],
.65086583e-05]1])

e len e loelen el e R e N |
0w PkUupRPrOOPRPWVPRE

def sigmoid(z):

return 1.8/(1.0+np.exp(-2)) In [57]: vy

Out[57]: 7
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https://github.com/mnielsen/neural-networks-and-deep-learning/archive/master.zip
https://github.com/mnielsen/neural-networks-and-deep-learning
https://github.com/chengfx/neural-networks-and-deep-learning-for-python3

Loss function

= Given:

for all training images

T
oL OO o Cc oo oo
L 1

SR _ 1 2
Loss function: C(w,b) = 5 ZT: |y(x) — al|
= (mean sqare error — quadratic loss function)

= Find weigths W and biases b that for given input X
produce output a that minimizes Loss function C
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Gradient descend

= Find minimum of C(vy,v2)

= Change of C: AC =~ 3—0Av1 + a—cﬁvz = VC-Av = —||VC|J?
3‘1}'1 31}2
T
= Gradient of C: VC = 30, oc
81}1 81}2

= Change v in the opposite
direction of the gradient: Av—= —nVC

!

Learning rate

= Algorithm:
= Initialize v
= Until stopping criterium riched
= Apply udate rule v — v = v —nVC.

Development of intelligent systems, Object recognition with CNNs



Gradient descend in neural networks

hidden layer

(rn = 15 neurons)
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Consider all training samples
Very many parameters

> computationaly very expensive

paaling

Use Stochastic gradient descend instead
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Stochastic gradient descend

= Compute gradient only for a subset of m training samples:

= Mini-batch: Xl | Xg, .. .,Xm

™ VCx, Ve, LIy
= Approximate gradient: EJ_I AN 2 =VC VO = m VCx,
m n j=1
= Update rules:
0Cx.
_ n Z X
w;c—:»w;u—wk—a j 8,{”;
0Cy.
n X
b bl =b — — ’
[ 1 [ m abi ’

» Training:
1. Initialize w and b

2. In one epoch of training keep randomly selecting one mini-batch of m samples at a
time (and train) until all training images are used

3. Repeat for several epochs
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Example code: SGD

def SGD(self, training_data, epochs, mini_batch_size, eta):
n = len(training_data)
for j in xrange(epochs):
random.shuffle(training_data)
mini_batches = [
training_data[k:k+mini_batch_size]
for k in xrange(@, n, mini_batch_size)]
for mini_batch in mini_batches:
self.update_mini_batch(mini_batch, eta)

def update_mini_batch(self, mini_batch, eta):
nabla b = [np.zeros(b.shape) for b in self.biases]
nabla w = [np.zeros(w.shape) for w in self.weights]
for X, y in mini_batch:
delta _nabla_ b, delta nabla w = self.backprop(x, y)
nabla_ b = [nb+dnb for nb, dnb in zip(nabla_ b, delta nabla b)]
nabla_w = [nw+dnw for nw, dnw in zip(nabla_w, delta_nabla_w)]
self.weights = [w-(eta/len(mini_batch))*nw
for w, nw in zip(self.weights, nabla w)]
self.biases = [b-(eta/len(mini_batch))*nb
for b, nb in zip(self.biases, nabla_b)]
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Backpropagation

= All we need is gradient of loss function VC
= Rate of change of C wrt. to change in any weigt
= Rate of change of C wrt. to change in any biase

oC oC
8b3 8w§k (784 neurons) )

= How to compute gradient?
= Numericaly
= Simple, approximate, extremely slow ®
= Analyticaly for entire C
» Fast, exact, nontractable ®

= Chain individual parts of netwok
» Fast, exact, doable ©

Iy
7

7

AT
A0
7% > u O
0

7,

182 L8 Max
poaling

Backpropagation!

2048
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Main principle

= We need the gradient of the Loss function /¢ oc oC
vl oul,

= Two phases:

= Forward pass; propagation: the input sample is propagated through the network and
the error at the final layer is obtained

= Backward pass; weight update: the error is backpropagated to the individual levels,
the contribution of the individual neuron to the error is calculated and the weights are
updated accordingly
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Learning strategy

. , . oC oC
= To obtain the gradient of the Loss function Y/(': — l
Bbfj Qwy,
= For every neuron in the network calculate error of this neuron
5= 9¢
7 azj-

= This error propagates through the netwok causing the final error

» Backpropagate the final error to get all 5;

= Obtain all % and oc

[ [
ab} dwl,

from A&l
5.?'
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Equations of backpropagation

= BP1: Error in the output layer:

oC
L _— 7 S4/(~L L L
5 = > 57'(5]) 5t = V,C ® o' (1)
J
= BP2: Error in terms of the error in the next layer:
wa+151+1 ’ ) 5! — ((wl+1)T6£+1) ® O”(zl)
= BP3: Rate of change of the cost wrt. to any bias:
oC
—— =4 % — 5
8bfj J ob
= BP4: Rate of change of the cost wrt. to any weight:
oC _ itig aC -

8’&)1 - ak J % = ainlsout Oam . OU"O
7k
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Backpropagation algorithm

Input X: Set the corresponding activation a' for the input layer

= Feedforward: Foreach [ =2,3,...,L
compute z! = wla!~! + bl and o' = o(2?)

= Output error §: Compute the output error §L = V,C @ o'(21)

= Backpropagate the error:
Foreach [ =L —1,L —2,...,2
compute §' = ((w'™)T§*1) @ o'(2})

= Output the gradient:
oC — af—lé‘.{ oC _ 5{
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Backpropagation and SGD

For a number of epochs
Until all training images are used
Select a mini-batch of m training samples
For each training sample « in the mini-batch
Input: set the corresponding activation ¢®!

Feedforward: foreach [ = 2,3,...,L
compute 2% = wla®1 + b and a®! = o(2%})

Output error: compute Lt =V,C, ® JI(zm’L)

Backpropagation: foreach [ =L —1,L —2,...,2
Gradient descend: foreach [ = L,L —1,...,2 and x update:
,wl N ,wl . % Zmém,E(am,I—l)T
bt — b —iz 5!
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Example code: Backpropagation

def backprop(self, x, y):
nabla_b = [np.zeros(b.shape) for b in self.biases]
nabla_w = [np.zeros(w.shape) for w in self.weights]

activation = x

activations = [x]

zs = []

for b, w in zip(self.biases, self.weights):
z = np.dot(w, activation)+b
zs.append(z)
activation = sigmoid(z)
activations.append(activation)

def cost_derivative(self, output_activations, y):
return (output_activations-y)

def sigmoid(z):
delta = self.cost_derivative(activations[-1], y) * \ return 1.8/(1.8+np.exp(-z))
sigmoid prime(zs[-1])
nabla b[-1] = delta
nabla_w[-1] = np.dot(delta, activations[-2].transpose())
for 1 in xrange(2, self.num_layers):
z = zs[-1]
sp = sigmoid_prime(z)
delta = np.dot(self.weights[-1+1].transpose(), delta) * sp
nabla_b[-1] = delta
nabla w[-1] = np.dot(delta, activations[-1-1].transpose())
return (nabla_b, nabla w)

def sigmoid prime(z):
return sigmoid(z)*(1-sigmoid(z))
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Local computation

values

<

oC
0z

) gradient
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Activation and loss functions

Activation function Loss function

Linear Quadratic

a =z} Club) = 53 l@) — ol
Sigmoid 1 Binary cross-entropy

o(2) = 1 +e* C:—%ZZ{yjlnaf—f—(1—yj)1n(1—a§‘)
z J

Softmax . ezf Categorical Cross-entropy

a; = Zkez;? O:—%;Zj:yjlnaf
Other Custom
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Activation functions

Sigmoid

tanh tanh(x)

ReLU max(0,x)

-10 -5
—_0.56F
—-10F
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Leaky ReLU max(0.1x, Xx)

W L s
f@) = a(exp(z)—1) ifz <0

=—ELU
= LRelLU
= RelU
= SReLl

flx)

Slide credit: Fei-Fei Li, Andrej Karpathy, Justin Johnson



Overfitting

Cost on the training data 100

ﬂ?ccuracyl(%)onjthetrair:'ning data j [ Huge number Of pa rameters
| o ‘ -> danger of overfitting

» Use validation set to determine
overfitting and early stopping

oo ‘ = Hold out method

95

90t

851"

70
0‘00%00 2_,',0 360 35'0 200 650 5'0 160 15"0 260 25'0 360 350 200 OB o
Epoch Epoch : :
Cost on the test data : : : : :
2.1 - T . Accuracy (%) on the test data : ] : :
: 82.30 T T . : : " . I
| % : —..overfittin
g5l QB oo R & e e NS VG- R L
L : : : :
82.20 i . :
1.8

‘ overfitting

15 82.05 ; :
| 2ol learly 5 ; ; . ;
‘ : : ‘ : : . ? : — Accuracy on the test data
Y050 100 150 200 250 300 30 400 BL9G; 55 £ 0 20 90, 5 10 15 >0 E 30
Epoch Epoch Epoch

1,000 MNIST training images 50,000 MNIST training images
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Regularization

= How to avoid overfitting:
= Increase the number of training images ®
= Decrease the number of parameters ®
= Regularization ©

= Regularization:
= |2 regularization
= L1 regularization
= Dropout
= Data augmentation
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Regularisation

How to avoid overfitting:
= Increase the number of training images ®
= Decrease the number of parameters ® [Wan et al. 2013]
= Regularization ©

= Data Augmentation

= L1 reqgularisation

= L2 reqgularisation

= Dropout

= Batch Normalization

= DropConnect

= Fractional Max Pooling
= Stochastic Depth

= Cutout / Random Crop
= Mixup

[Huang et al. 2016]
[Graham, 2014]
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Data augmentation

= Use more data!

Accuracy (%) on the validation data

60

102 103 104

Development of intelligent

INJI2 Y

= Synthetically generate new data
= Apply different kinds of transformations:

translations, rotations, elastic distortions,
appearance modifications (intensity, blur)

= QOperations should reflect real-world

| 4 N2 474N
J 4 NP NI

variation

35
A
4

N 4N 44
2 NN
i aAdd
NN 20
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IS4 483
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Parameter updates

= Different schemes for updating gradient
= Gradient descend
= Momentum update
= Nesterov momentum
= AdaGrad update
= RMSProp update S
= Adam update rmsprop 3

1 .’,,'«/ZJ-J '{.,_;’__:.11-..-.....
= |Learning rate decay ®\\\\
_sLLL]

-2 -1 5

sgd
momentum ]
nag

adagrad

i gt (Vi

0 20 40 60 80 100 120

Image credits: Alec Radford
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Setting up the network A

loss

= Set up the network
= (Coarse-fine cross-validation in stages

= Only a few epochs to get a rough idea

= Even on a smaller problem
to speed up the process

= Longer running time, finer search,... i i
= Cross-validation strategy =

= Check various parameter settings N b e e T

= Always sample parameters |
= Check the results, adjust the range AN N T e T A O o g - T
. Hyperparameters to play with: B B L EE R

= network architecture

= |earning rate, its decay schedule, update type

= reqgularization (L2/Dropout strength)... |
= Run multiple validations simultaneously e e
= Actively observe the learning progress |

low learning rate

high learning rate

Development of intelligent systems, Object recognition with CNNs Slide credit: Fei-Fei Li, Andrej Karpathy’ Justin Johnson



Convolutional neural networks

= From feedforward fully-connected neural networks

Y

p—

= To convolutional neural networks

C3: 1. maps 16@10x10
INFUT C1: feature maps 24 1. maps 16@5x5
32%32 @ .
CSilayer pg jayer OUTPUT
120 B4 10

| | FU"CCH"II]IECﬂL‘Ir‘I ‘ Gaussian connections
Convolutions Subsampling Comvolutions  Subsampling Full connection




C 0 n VO I u ti 0 n o 1. Kernel €Xxam p I <

[

w .

Convolution operation: )

s(t) = /:1:((1,)-11;@ —a)da s(t) = (xxw)(t) ?
Discrete convolution:

s(t) = (r=w)(t) = Z r(a)w(t —a) i || A N

ey + gz gy +

)

v Output

a=—00
= Two-dimensional convolution:

S(i,j) = (I * E E I(m,n)K(t—m.j—n)
ew + fxr + fw + gz + gw + hx +

T iy + gz vy  +  k=z ky + Iz

= Convolution is commutatlve.

S(i,7) = (K = 1I)( ZZI i—m.,j—n)K(m.n)

T

= Cross-correlation: ‘// flipped kernel
S(i.j) = (I K) ZZI +m,j+n)K(m,n)

m
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Convolutional neural networks

= Data in vectors, matrices, tensors
= Neigbourhood, spatial arrangement
= 2D: Images,time-fequency representations

A4

9 2F e
5 — 1
U
T ! a 11 ¥ |
= & ne
@
S e ! : ;
oo 1 4 I"\' ]
i " i
s 2 |
— - e

0.0 05 1.0 1.5 20 2.5 3.0 s

Time (s)

= 1D: sequential signals, text, audio, speech, time series,...
= 3D: volumetric images, video, 3D grids

Development of intelligent systems, Object recognition with CNNs



Convolution layer
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Convolution layer

x x
— —
@) @)

4
3

Development of intelligent systems, Object recognition with CNNs



Sparse connectivity

Local connectivity — neurons are only locally connected (receptive field)
= Reduces memory requirements

= Improves statistical efficiency
= Requires fewer operations

ONORONORONOYOyOJOJO,

OXONONONO. :&::::

The receptive field of the

units in the deeper layers
is large

=> Indirect connections!

from below from above
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Parameter sharing

= Neurons share weights!
= Tied weights

= Every element of the kernel is used
at every position of the input

= All the neurons at the same level detect
the same feature (everywhere in the input)

= Greatly reduces the number of parameters!

w

= Equivariance to translation
= Shift, convolution = convolution, shift
= Object moves => representation moves

w

O5O0X050
Gl O
G OO
G OO
OO OO

= Fully connected network with an infinitively strong prior over its weights
= Tied weights
= Weights are zero outside the kernel region
=> |learns only local interactions and is equivariant to translations
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Convolutional neural network

[From recent Yann
LeCun slides]

—_

Low-Level| |Mid-Level| |High-Level Trainable
—_ —_ —
Feature Feature Feature Classifier

high lewvel

O
@ mid level
D

complex cells

Feature visualization of convolutional net simplecells

low [evel

Development of intelligent systems, Object recognition with CNNs Slide credit: Fei-Fei Li, Andrej Karpathy, Justin Johnson



Convolutional neural network
PRCINSEERDONEITN NECHEIRETNSEERNERG

one filter => example 5x5 filters
one activation map (32 total)

Slide credit: Fei-Fei Li, Andrej Karpathy, Justin Johnson



Pooling layer

= makes the representations smaller and more manageable
= operates over each activation map independently
= downsampling

224x224x64 Example: Max pooling
112x112x64
pool Single depth slice
1 (12| 4 .
max pool with
2x2 filters and
l 6 7 8 stride 2 R 6 8
I 31210 3|4
> o 112
224 downsampling 112134
112

224

Development of intelligent systems, Object recognition with CNNs Slide credit: Fei-Fei |_i’ Andrej Karpathy, Justin Johnson



Pooling

= Max pooling introduces translation = Pooling with downsampling
invariance = Reduces the representation size
= Reduces computational cost
EOOLING SEeE = Increases statistical efficiency

POOLING STAGE

DETECTOR STAGE
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CNN layers

Layers used to build ConvNets:

= INPUT:
raw pixel values

= CONV:
convolutional layer

= (BN: batch nornalisation)
= (RelLU:)
introducing nonlinearity

= POOL:
downsampling

Ca:f. maps 16@10x10
INPUT C1: feature maps 54:f. maps 16@5x5
3232 2 S2:f maps Ch
- T -layer e, layer OUTPUT
120 B4 10

|
Full conr#ecﬂon ‘ (Gaussian connections

Convolutions Subsampling Corvolutions  Subsampling Full connection

Output

—

Lonn

= FC:

for computing class scores \

= SoftMax




CNN architecture

= Stack the layers in an appropriate order

Layer 6 Laver 7

Layer 1

Layer 2 Output
=

Layer 5
AT

Lonn

Babenko et. al.

1x1x4096 1x1x4096

Conv Conv Conv Conv Conv Conv FC FC FC
BN BN BN BN BN BN BN BN
RelU RelU  Retu  RetU Retu RelU  Rely  RelU Hu et. al.

pool pool pool




CNN architecture

RELU RELU RELU RELU RELU RELU
CONV |CONV CONV [ CONV CONV [CONV

L bl bl

b

L‘-

T
ELEE

F)

2|

=

i

LR
if:
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Typical solution

Korak 1: Zajem podatkov




Network architecture

= Training the model
» Inference

Segmentation Classification sub-network
sub-network




Example implementation in TensorFlow

with variable scope.variable scope(scope, 'SegDecNet', [inputs]) as sc:
end points collection =
# Collect outputs for conv2d, max pool2d
with arg_scope([layers.conv2d, layers.fully connected, layers_lib.max_pool2d, layers.batch_norm],
outputs_collections=end_points_collection):
# Apply specific parameters to all conv2d layers (to use batch norm and relu - relu is by default)
with arg scope([layers.conv2d, layers.fully connected],
weights_initializer= lambda shape,dtype=tf.float32, partition_info=None: tf.random_normal({shape, mean=0,stddev=8.81, dtype=dtype},
biases_initializer=MNone,
normalizer fn=layers.batch norm,
normalizer params={'center': True,'scale’': True, 'decay': self.BATCHNORM MOVING AVERAGE DECAY, 'epsilon': 8.881}):

net
net
net
net
net
net
net

5

= layers_lib.
= layers lib.
= layers lib.
= layers_lib.
= layers_lib.
= layers lib.
= layers.conv2d(net, 1024, [15, 15], padding='SAME', scope='conv4')

net prob mat = layers.conv2d(net, 1, [1, 1], scope='conv5', activation fn=None)

c.original name scope + ' _end points’

repeat(inputs, 2, layers.conv2d, 32, [5, 5], scope="convl')
max_pool2d(net, [2, 2], scope='pooll')

repeat(net, 3, layers.conv2d, 64, [5, 5], scope="conv2')
max_pool2d(net, [2, 2], scope='pool2’)

repeat(net, 4, layers.conv2d, 64, [5, 5], scope="conv3’)
max_pool2d(net, [2, 2], scope='pool3')

with tf.name_scope('decision'):

return decision

net prob mat
decision_net
decision_net
decision net
decision net
decision net
decision_net
decision net

with tf.name

5

tf.nn.relulnet_prob_mat)

tf.concat([net, net prob matl],axis=3)

layers_lib.max_pool2d(decision_net, [2, 2], scope="decision/poold’)
layers.conv2d(decision net, 8, [5, 5], padding='SAME', scope='decision/conv6')
layers_lib.max_pool2d(decision_net, [2, 2], scope="decision/pool5')
layers.conv2d(decision_net, 16, [5, 5], padding='SAME', scope='decision/conv7"')
layers_lib.max_pool2d(decision_net, [2, 2], scope="decision/pool6’)
layers.conv2d(decision net, 32, [5, 5], scope="decision/convg"')

cope('decision/global_avg pool'):

avg_decision_net = keras.layers.GlobalAveragePooling2D() (decision_net)
with tf.name_scope('decision/global_max_pool'):

max_decision net = keras.layers.GlobalMaxPooling2D() (decision net)
with tf.name_scope('decision/global_avg pool'):

avg_prob_net = keras.layers.GlobalAveragePooling2D() (net_prob_mat)
with tf.name_scope('decision/global_max_pool'):

max_prob net = keras.layers.GlobalMaxPooling2D()(net prob mat)

# adding avg _prob _net and max_prob _net may not be needed, but it doesen't hurt

decision_net
decision net

_net

tf.concat([avg_decision_net, max_decision_net, avg_prob_net, max_prob_netl, axis=1)
layers.fully connected(decision _net, 1, scope="decision/FC9',normalizer fn=None,
biases initializer=tf.constant initializer(®), activation_ fn=None)

Development of intelligent systems, Object recognition wit
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Case study - LeNet-5

[LeCun et al., 1998]

C3: 1. maps 16@10x10

INPUT C1: feature maps S4: f. maps 16{@5x5
3032 6@28x28 52 {. maps CE: laver
B@14x14 7 P6:layer  QUTPUT

| Fullcmrllecﬁnn ‘ Gaussian connections
Convolutions Subsampling Corvolutions  Subsampling Full connection

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
l.e. architecture is [CONV-POOL-CONV-POOL-CONV-FC]

Development of intelligent systems, Object recognition with CNNs Slide credit: Fei-Fei Li’ Andrej Karpathy, Justin Johnson



Case study - AlexNet

[Krizhevsky et al. 2012]
v http://fromdata.org/2015/10/01/imagenet-cnn-architecture-image/
27
o 55 \ 13 13
1 53 -] N ) - dense| |dense
i \ o e 192 192 128 2048 2048 \dense
a7 128
_____-_'_'_-__. . 3‘ s, - 3' i ' e . A
I - e A\ 13 S T s dense | |dense g
3| [00
192 192 128 Max
Max 128 Max pooling 2048 2048
pooling pooling
3 48
INPUT CONV1 CONV2 CONV3 CONV4 CONV5 FC6 FC7 FCS8
POOL1 POOL2 POOL3
NORM1 NORM2

Slide credit: Fei-Fei Li, Andrej Karpathy, Justin Johnson



Case studay - VGGNet A [ [ [

11 weight 11 weight 13 weight 16 weight 16 weight 19 weight

layers layers layers layers layers layers
mnput (224 x 224 RGB image)
[ [ conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
[ Slmony an and leserman’ 201 4] LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128

maxpool

best model| [conw3-256 [ conv3-25 = conv3-256
112 =[112 = 128 |_con3=256—1 conv3-256 | conv3-256 | conv3-256

22 =224 =3 224 = 22 =G

conv3-128 | conv3-128
conv3-128 J conv3-128

conv3-256 | conv3-256
conv3-256 | conv3-256

‘  conv1-256 || conv3-256 | conv3-256
VA, . conv3-256
A 1}_3.&.11'1.3-&?51'1 - o maxpool
2R 2B xH12 P Rald
y 4% 14x 512 l o conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
’ ﬁ:ﬁmﬂ S AEL CLUEBE I conv3-512 | conv3-512 | conv3-512 | conv3-512 || conv3-512 | conv3-512
convl-512 j| conv3-512 | conv3-512
conv3-512
_ ) maxpool
[ comvalution+HeLl conv3-512 | conv3-512 | conv3-512 | conv3-512 [ conv3-512 | conv3-512
() max pooling conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
| fully connected+ReaLU convl-512 j| conv3-512 |} conv3-512
| softmax conv3-512
' maxpool
- 1 FC-4096
FC-4096
Only 3x3 CONV stride 1, pad 1 szl
) soft-max
and 2x2 MAX POOL stride 2
. Table 2: Number of parameters (in millions).
11.2% top 5 error in ILSVRC 2013 Network AAIRN [ B [ C | D [ E
Number of parameters 133 133 | 134 | 138 | 144

-> 7.3% top 5 error

Development of intelligent systems, Object recognition with CNNs Slide credit: Fei-Fei Li, Andrej Karpathy, Justin Johnson



Case study - GooglLeNet

[Szegedy et al., 2014]

Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolu
e i i ; Inception module

ILSVRC 2014 winner (6.7% top 5 error)

Slide credit: Fei-Fei Li, Andrej Karpathy, Justin Johnson



Case study - ResNet

34-layer plain 34-layer residual
jmage hicagn -  Batch Normalization after every
CONV layer
- Xavier/2 initialization from He et al.
spatial dim. . sGD + Momentum (0.9)
only 56x56! _ | earning rate: 0.1, divided by 10
e el ,M;M’/Z/' when validation error plateaus
. e - Mini-batch size 256
e - Weight decay of 1e-5 11 gyRC 2015 winner
| ¥ _ | | - - No dropout used (3.6% top 5 error)
\
== B
[ 3a cc:w, & | [ 33conv,68 | X l .
| 3x3c%w,64 | | 3x3c<¥|v,ff ..... | — weight layer o weight layer | |
[ 3x3conv, 128,72 | [ 33conv, 128,72 | stacked layers lrelu F(x) lrelu identity
| 3x3 coEv, 128 | | 33 cotv, 128 | . Y weight layer Welght layer %
|  3x3conv,128 | | 3x3conv, 128"".[. relu -
[ 33 cozv, 128 | | 3«3 co:v, 128 | ) l Sl

Development of intelligent systems, Object recognition with CNNs Slide credit: Fei-Fei |_i’ Andrej Karpathy, Justin Johnson



DenseNet

japot

= Densely Connected
Convolutional Networks

= Every layer connected to
every other layerin a
feed-forward fashion

= Dense connectivity

= Model compactness

= Strong gradient flow

= Implicit deep supervision
» Feature reuse

Huang et al. 2017

S g (™

Input o
Prediction
Dense Block 1 Dense Block 2 Dense Block 3

0 —

Sz aliy i & Bl e
5 o
: : I =

LOGN|oALD D
v
UDQN|IoALD D
Euutod
v
v
U0gN|oALD D
ﬁuutnd
Y
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https://arxiv.org/abs/1608.06993

MobileNets

= Efficient Convolutional Neural Networks for Mobile Applications
= Efficient models for mobile and embedded vision applications [Howard et al. 2017

= Depthwise separable convolution:
= Depthwise convolution
= Pointwise (1x1) convolution

Object Detection

Regular Convolution Separable Convolution Block

inegrain Classification
voane
o ¢
Photo by Juanedc (CC BY 2.0) f f Photo by HarshLight (CCBY 2.0)
000
Face Attributes Landmark Recognition
b MobileNets
s o
v " p,
A !
oogle Doodle by Sarah Hamison hoto by Sharon VanderKzay (CC BY 2.0}

= MobileNetV2: Inverted Re5|duals and Llnear Bottlenecks

‘ ' o Sandler et al. 2018

= MobileNetV3: NAS+ NetAdapt Howard et al. 2019
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https://arxiv.org/abs/1704.04861
https://arxiv.org/abs/1801.04381
https://arxiv.org/abs/1905.02244

NASNet

= Neural Architecure Search [Zoph et al. 2018] ...
= Search the space of architetures to find the optimal one given available resources t

= 500 GPUs across 4 days resulting in 2,000 GPU-hours on NVidia P100 Normal Cell | »
A
Available operations to select from:
e identity e 1x3 then 3x1 convolution Softmax Reduction Cell
Train a child network e [x7 then 7x1 convolution e 3x3 dilated convolution A
The contraller (RNN) with architecture A to . . T
comergencs o gol e 3x3 average pooling e 3x3 max pooling
“ e e 5x5 max pooling e 7x7 max pooling Mormal Cell | xu Normal Cell | »
: e 1x1 convolution e 3x3 convolution 7y
e 3x3 depthwise-separable conv e 5x5 depthwise-seperable conv T
e 7x7 depthwise-separable conv Reduction Cell Reduction Cell
A fy
85
NASNet-A (6 @ 4032)
o] S " g e Normal Cell | xn Normal Call | »
= 80+ NASNel-ATS@ 153 & inception-Resiet-2 OYNet = Rosnext. 101 A A
{ i : ;" i @ Y Inception-v4
: P i ; i n° Xception ResNet-152
g Ingéption-v3 ]
. 5 Reductien Cell Reduction Cell | »
P 8 4 7 tion-v2
[r) R T )
Normal Cell Reduction Cell a NARrA1. 9109 VGG-16
) ® o L Normal Cell N 3x3 conv, stride 2
Best convolutional cells (NASNet-A) for CIFAR-10 I Y - — -
b T @ nceptionvi
= Other architecture search methods:
™ 65 +— . - : . . . r
AmoebaNet, Real et al., 2018 : T S e O o o
= MoreMNAS, Chu et. al, 2019, ... # Mult-Add operations (millions) Architecture Architecture
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EfficientNet

AmoebaNet-C
i

: EfficientNet-B7
817 AmoebaNet-C
83 AmoebaNet-A _ - —=—=—""
I i ’"NTagN—tA ** SENet
— - .
= Scaling the network in < 8- ol Lo NastetA L See
= =
depth' d = ¢ s 817 g L7 ResNext-101
. 3 3 501 #7 .- Inception-ResNet-v2
8 80 H 5(_) ” “._. nception-resiNet-v
: . - <C - ,.'.‘ .
Wldth. w = fﬁgjf}- — g & 7 Xception
N =781 [ «ResNet-152
o T ;8 ResNer 152 (He ol al., 2016) e
. e N . esNel-152 (He et al., 8%
resolutlon' r = nx(lb : 78 1 [ Bp : DenseNet-201 EfficicntNet-B1 79.1%  78M
: - % g - I - ResNeXt-101 (Xie etal, 2017)| 80.9% 84M
. . 1 I S ) EfficientNet-B3 8L6% 1M
5 2 Q 771 - 7 scale by width = | - ResNet-50 SENet (Hu et al, 2078) SI7% M
¥ : .axes I NASNel-A (Zophetal.2018) | 827%  S9M
S.L. av - fj YT R 2 @ 2 xt+ scale by depth ) I $hception-v2 EfficientNet-B4 §20%  19M
/ g 76 - === scale by resolution ol d P GPipe (Huang et al., 2018) T 843%  536M
) : EfficientNet-B7 843%  66M
v > 1 3 > 1 ~ > 1 === compound scaling NASN%;‘ AN . o
- " [ - . - 75 T T T T T es e_. T T T T T T
! 4 0 1 2 3 4 5 0 20 40 60 80 100 120 140 160 180
- Number of Parameters (Millions)
FLOPS (Billions)
[ -y
Ta na nd Le —]— | EfficientNet-B6
[ / 201 9] ! ~--wider .- 3

e AmeobaNel—_&__..--—""_—-—
. | ]
: 3 —————— ,’ NASNet-A JPPTTLY SENet
; — | — 821 -7 et
3 | & PR
fe———— — i —" i — 1 ‘ - R ResNext-101
[ E— 1 f 1 5 P A
[ 1 ; E § &0 ’,’ .+* Inception-ResNet-v2
| <
Be— i ' | deeper E ! - +"Xception
Q. o
deeper * 2 781 oResNet-152
—_— —— | R T e TLOTS
- : S E'[i' DenseNet-201 ResNet-152 (Xie etal., 2017) 77.8% TIB
; > N EfficientNet-B1 79.1% 078
i 3 2 76 I, ResNeXt-101 (Xie et al., 2017) 80.9% 328
- i ; : = : < ResNet-50 EfficientNet-B3 81.6% 1.8B
- layer_i | i R SENet (Hu et al., 2018) 82.7% 1B
[ ; | ’e NASNet-A (Zoph et al., 2018) 80.7%  24B
3 I : Inception-v2 EfficientNet-B4 829%  4.2B
3 +~ higher ! —,-higher 7—1le ASNetA AmeobaNet-C (Cubuk etal, 2019)| 83.5%  41B
} resolution HXW | . resolution : +_resolution . EfficientNet-BS 83.6%  9.9B
i e I ResNet-34
0 5 10 15 20 25 30 35 40 45
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling FLOPS (Billions)
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Architectures overview

= Date of publication, main type

o =
o b
—-— . ResNet Family . MAS Family 5
T -
. Inception Family . MobileNet Family G 2
0 _ 9 3 -
(o)) : . ]
Vintage Architectures = .
= . . .
S O _
2L o . @
N i = NS S 555 oo Gt %
©) ] z c T e Ng S N i =z 2
. N S s iz gR w3 DHH 2
) m - ﬁ 5 = ‘5_ 1 = >% a — '\', m I Eu =
U < o 00 & HA o 2 < o 0
© IS THE g S n | v
500M S 3 - z z =
150M - a < £
S - Tom 2 2 5tm
o 10M = z iz £
5M S o
o b=
Number of Parameters b=
E — M = Million
[ I I | I I I |
2012 2013 2014 2015 2016 2017 2018 2019

date [first version on arXiv]

[Hoeser and Kuenzer, 2020]




Analysis of DNN models

Top-1 accuracy [%]

SN0t 0 AB A0 4D (X 50 AQY ST NP W
N 1—"\‘\@}-"\%\-\’"\ B ‘\.\e‘ SRy g\\\e‘g‘;e “\ev\"‘\ev .L\o(\Q&\o‘i‘
ot oo R R e\ (R

Uperations |G-Ups]

0 20 40 60 80 100 120 140 160
Foward time per image [ms]
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Inceptmn -vd

Incep&tmn V3° ResNet-lSZ I

ResNetSO’ : : : SG16
R CRESNEE1OL e e

: . ResNet-34

P.esNetl& -------- S RS-
°L GoogLeNet ;

15 20 25 30 35 40
Operations [G-Ops]

Batch of 1 image

.................

O
s0d oL
T T @ e s
50 ; . . . : . .
0 20 40 60 80 100 120 140

Images per second [Hz]

[Canziani et al., 2017]



Pretrained models

import torchvision.models as models

resnetl8 = models.resnetl8(pretrained=Txue)
alexnet = models.alexnet(pretrained=Txrue)
squeezenet = models.squeezenetl O(pretrained=True)
vggleé = models.vggl6(pretrained=True)

densenet = models.densenetlé6l(pretrained=Tzue)

inception = models.inception v3(pretrained=True)
googlenet = models.googlenet(pretrained=True)
shufflenet = models.shufflenet_v2_x1_0O(pretrained=True)
mobilenet_v2 = models.mobilenet_v2(pretrained=True)

mobilenet v3 large = models.mobilenet v3 large(pretrained=True)
mobilenet v3 small = models.mobilenet v3 small(pretrained=True)
resnexth0 32x4d = models.resnextbh0 32x4d(pretrained=True)

wide resnetbh0 2 = models.wide resnetb0 2(pretrained=True)
mnasnet = models.mnasnetl O(pretrained=True)

Development of intelligent systems, Object recognition with CNNs



Transformers

Scaled Dot-Product Attention Q Eﬁ;. r \\\ Multi-Head Attention
Q Scaled-Dot
Scale —» Mask —»lo K l| ﬁ-_. Product < Concat —;:}—>
K Attention
A N |l ﬁ—’,. h heads

Key
@ Positional Embedding

o | Softmax Activation

K
Inouts - v/, Multi-Head FC
P AL/ Q ]_’ Attention Layers

. Linear Layer
R V(> MultiHead KII Multi-Head
i shif% ed) Q Attention g_> Attention

[Vaswani et.al, NIPS 2017] [Khan et.al, 2021]
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ViT - Vision Transformer 20 = [Xetass; X, B3 XpE; - -+ % E] + Epy
ng — I\JISA(LN(ZE_”) + Zo—1,

= AN IMAGE IS WORTH 16X16 WORDS: z¢ = MLP(LN(z"y)) +Z's,
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE y = LN(z?)

Vision Transformer (ViT) Transformer Encoder

[
I , A
I L x
MLP I
Head
e ] | MLP
| ]
Transformer Encoder j : e )
I
» I : : ,
Patch + Posit i-
i hn 4‘ @fg ﬂi@ﬂ] | [P
* Extra learnable
[class] embedding Lmear Projection of F]attened Patches : A * A
. I ( i
Se-T - I 1] I | Norm
5 I -
ﬁ%g R 1 ol TS 3= l [Dosovitskiy et.al,
: - | Embedded
_ | mbedd ] Google, 2020,

ICLR 2021]
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Transfer learning

= If you don't have enough data use pretrained models!

_image | 1. Train on _imee | 2 Small dataset: [_image ] 3. Medium dataset:
_convsd . |magenet _conv64 \ feature extractor _conv-64 \ finetuning

_ conv-64 conv-64 conved

| .

_ maxpoo _ maxpool win2xpool more data = retrain more
o228, o128, w128, of the network (or all of it)
—cony-128 _ conv-128 _ conv-128
Lo DExpool _ maxpool _ maxpool

conv-256 conv-256 conv-256 Freeze these

conv-256 conv-256 conv-256 .

maxpool maxpool Freeze these maxpool tlp: use Only ~1/10th of
_conv-512 conv-512 conv-512 the original learning rate
conv-312 cony-512 conv-512 in finetuning top layer
__maxpool ~ maxpool maxpool j ’
— | — and ~1/100th on

2 conv-512 conv-512 . .

conv-512 — —rTS Intermediate layers
~_maxpool ~ maxpool ~ maxpool
|_FC4096 __FC-4096 j _rca06 | [¢— Train this
| FC-1000 ~ FC-1000 ] _ _ FC-1000
__softmax__ softmax <+— Tralin this softmax

Development of intelligent systems, Object recognition with CNNs Slide credit: Fei-Fei Li, Andrej Karpathy’ Justin Johnson



Two stage object detection and recognition

very fast

efficient
Face
:; detection :;
HOG+SVM
AdaBoost
.ﬁ

Face

g<lofolelalidlelal PCA/LDA

,Scarlet"

could be slower
computationally more complex
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Object detection and recognition

= Two stage approach:
= Detection of region proposals
= Recognition of the individual region proposals

Development of intelligent systems, Object recognition with CNNs



Object detection in RINS

= Information in circles

= -> detecting circles as region
proposals (Region Of Interests)

= Rectify ROIs
= Recognize the content of ROIs

D
=
!
E
ER

ROIs 9

e
EH

= Rectification using homography 3 B
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Homography

= Two views on the same (planar) object:

= Homography: plane to plane mapping

Slide credit: Matej Kristan
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Computing homography

= Four corresponding points:

wx' = Hx W

Hll
H21
H31

H12
H22
H32

Hy || X
Hy || Y
Hy |1

= The elements of the matrix H can be computed using Direct

Linear Transform (DLT)!

Development of intelligent systems, Object recognition with CNNs

Slide credit: Matej Kristan



Application of homography

Homography
mapping
between part
of the image
and a sqgare

Flagellation of Christ (Piero della Francesca)

Slide credit: Antonio Criminisi
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Two-stage detectors

Classification Bounding-box

loss % &J regression loss

Classification

loss

| Bounding-pox

Rol pooling

regression Joss

VN

First stage: Run once per image
- Backbone network
- Region proposal network

Second stage: Run once per region
- Crop features: Rol pool / align
- Predict object class
- Prediction bbox offset

en et al, "Faster R-CNN: Towards Real-Time Object Detection with Region Proposal
Figure copyright 2015, Ross Girshick; reproduced with permission

Development of intelligent systems, Object recognition with CNNs

etworks”, NIPS 201'5

¥

I —
proposals
/E _—

Region Proposal Network

feature map

’ )

Slide credit: Fei-Fei Li, Ranjay Krlshna BERIEIDT




Single-Stage Object Detectors

Within each grid cell:

- Regress from each of the B
base boxes to a final box
with 5 numbers:

(dx, dy, dh, dw, confidence)

- Predict scores for each of C
classes (including
background as a class)

- Looks a lot like RPN, but
category-specific!

Input image

3XHXW 7x7
Output:
o ot ol “Vou Ol Look O Image a set of base boxes p*
eamon etal, You On 00 nce: .
Unified, Real-Time Object Detection", CVPR 2016 centered at each grid cell 7 X1 X (5 B+ C)

Liu et al, “SSD: Single-Shot MultiBox Detector”, ECCV 2016 Here B — 3
Lin et al, “Focal Loss for Dense Object Detection”, ICCV 2017 -

Development of intelligent systems, Object recognition with CNNs Slide credit: Fei-Fei Li, Ranjay Krishna, Danfei Xu



SSD: Single Shot MultiBox Detector

= Multi-scale feature maps for
detection

= Convolutional predictors for
detection

= Default boxes and aspect ratios
= Real time operation

(o el ol B
UL B N N

- — |k

-l - =\t~

4l 4
HT | —
P Yioc: A(cx, cy,w, h)
conf { (c1,¢2, | Cp)

b

P e )yt

=
|
I—
I-I-I---I

[Liu et al., ECCV 2016]

Extra Feature Layers
VGG-16 ( A \

c————— Classifier : Conv: 3x3x(4x(Classes+4))
N < >
\\ \\ Classifier : Conv: 3x3x(6x(Classes+4))
\ N
N .
—-——1——— ———— N\

I >
|
I 38 19 19
| it
|
|
|
|
|
|
|

|
[
[
|
|
Conva_3 | | conve Conv7 10 5 Conv: 3x3x(4x(Classes+4))
[
[
|
[
|
[

300

SSD

Image

(FCB) (FCT)

Comv8_2 Convg_2 AN

3N\

19 19 10 5 Cony10_2 Conv11_2

3 PN

N 52| 1024 1024 512 256 256 Q
Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 Conv: 1x1x128 Conv: 1x1x128

Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-s1 Conv: 3x3x256-s1

300

N
AN
N\
N\
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Detections:8732 per Class
Non-Maximum Suppression

[eo




Wide usabilty of ConvNets

Detection Instance segmentation

015]

ey

[He,
Mask R-CNN,
2012]
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Wide usabilty of ConvNets

[Farabet et al., 2012]
[Chen, DeeplLab

2017]
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Wide usabilty of ConvNets

MeshNet 68

Ground Truth Dropout(0.25)

T1 MR] Freesurfer
[Jonson, 2016] By &

f/

= Image segmentation

[Caicedo, 2018]

[Marmanis, 2016]

Development of intelligent systems, Object recognition with CNNs



Wide usabilty of ConvNets

: Input Visual Sequence  Output
|
ACt Ion Features Learning

recognition

[Donahue
et al.
2016]

.
=l
.

Spatial stream ConvNet [Luvizon et al. 2016]

conv1 || conv2 || conv3 || conv4 || conv5 || full6 full7 oftmax|

TxTx96 ||5x5x256 || 3x3x512 |[3x3x512 || 3x3x512 || 4096 2048

stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

/ norm. norm. pool 2x2
single frame  [Pool 2x2||pool 2x2 class
score
Temporal stream ConvNet ol L]
‘ convi || conv2 || conv3 || conv4 || conv5 || full6 full? oftmax|
TxTx96 ||5x5x256 || Ix3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
- norm. ||pool 2x2 pool 2x2 .
multi-frame {00/ 2x2 [Simonyan et al. 2014]
. optical flow J
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Wide usabilty of ConvNets

= Biometry [Taigman et al. 2014]

REPRESENTATION
SFC labels

Ci: M2 3 La: L5: L6 i
Calista_Flockhart_0002.jpg Frontalization: 32x11x11x3 32x3x3x32 16x9x9x32 16x9x9x16 16x7x7x16  16x5x5x16 4096d 4030d

Detection & Localization @152X152x3 @142x142 @71x71 @63x63 @55x55 @25x25 @21X21

-
b
v
o

2017]
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Wide usabilty of ConvNets

_ [Gliler, DensePose, 2018]
Person/pose detection

'.\‘ ‘_

[Cao 2017]
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Wide usabilty of ConvNets

= Reinforcement learning for game playing

ﬁ DeepMind

Live Play

Reward |

Actions

M ™ (1 M M
ra M ® ®D R

”

<

] i

Auxiliary Tasks

Pixel Control

Value Function

Development of intelligent systems, Object recognition with CNNs

OO0 33
SECYDR ©O 1

-:"S:- Google DeepMind
Challenge Match

LEE SEDOL

, __00:36:2
[Google DeepMind]
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Wide usabilty of ConvNets

Image
By Captioning

A person riding a rder does a trick
motorcycle on a dirt road.
7

rz'r - r 1
/' o
M/ J =

s BT YR NS
£ g

, &

1&
N
4.

4 AT

L

A group of young people Two hockey players are fighting A little girl in a pink hat is

playing a game of frisbee. over the puck. blowing bubbles. ATexigeraior e Wity lots of

food and drinks.

A herd of elephants walking A close up of a cat laying A red motorcycle parked on the A yellow school bus parked in [Vi nyals etal., 20 15]
across a dry grass field. on a couch. side of the road. a parking lot.
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Surface-defect detection

ViC@s

sualgnitive
yster%slab
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‘Ets
-
oY
L >
,

X

2,

l
o
~
*

et 3 oo
org "."a.']. T L) &
- \" -
~ . ; _-~1‘ "_:‘N. ..
- ~g Y N . 5
ge | CESs R o |
Wy " o 3%
. S LARNR !
Y A T
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IS 4 S O e el

Detection of defects with deep learning

-~

@ Segmentation Y (

output

Segmentation network
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§

Surface images with a possible defect

LoD

.
LAREAN
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Number false (FP+FN) classifications
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Number FP + FN examples
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Segmantation-based data-driven

surface-defect detection
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i Vic®s
Surface-defect detection Ssaigmbve

v

\'x‘(;»“,m QTN SN Lo i

peAvs L
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Surface-defect detection

ViC@®s
sualgnitive
ystemslab

False Posithe

Irue Megath e
N

True positives

Kolektor SDD

Ao o : .

8 £ & = gk
SR !  F M
" '~ - -
MUY Sfer #

s A0 O e
o ! o R T e
| | - . WA | 5 v "“ “» ': A"

L RGO TN S-S SRR

True negatives

Irue Positive

AWl
TN

False Negatlive
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Polyp counting

-2012-03: Final; recall: 97.76%, precision: 94.26%; counted: 1063, anno

TP (annotated)

FN
* TP (det)
= Fp
+ ignore
. K

ViC@s

sualgnitive
yster%slab

TP (annotated)
FM

TP (det)

FP

ighore

Development of intelligent systems, Object recognition with CNNs

89



i Vic®s
Polyp counting SeRelab
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: : Vic®s
Ship detection Joean
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Face detection V%g%%ié't{e




. ; V|C.S
Mask-wearing detection Joadalae
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Obstacle detection

on autonomous boat

ViC@s

sualgnitive
ystergnslab

,

- ‘«@“
\
\

USV equipped with
different sensors:
« stereo camera
- IMU
« GPS
« compass

Segmentation based on
RGB + IMU

Segmentation mask

Frequency weighted |OU; 92.15%
Mean pixel accuracy: 95.27%
Mean IOU: 91.95%

Code and info
W, Edge: 9.1px [0.7%] m
Total TP, 704
Total FF; 0

Total FN: 23 ;
Total F1: 98.4% E




i i ViC®@s
Semantic edge detection Joadalae

T 1 1 T T i T —_—
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Object (traffic sign) detection Ve

ystemslab

Error rates on STSD

14
EER _CNN 3]
12k B FCN [3]
‘ I Faster R-CNN
: 10k Il Mask R-CNN ||
I Mask R-CNN (our)

]

T

Miss rate (%) False positive rate (%)
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Object (traffic sign) detection végzgigge
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. , ViC@®@S
Image anonymisation Je e

= Detection and
anonimysation of car
plates and faces

e
W v.._‘m_zf, S Pt -
o s — ———T -4-
. A» ~. — N
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i . ViC®S
Visual tracking JoAaie




Plank classification V%ﬁ%ﬁgslgﬁe
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. Vic®@s
Place recognition Joadalae

i

1st
Floor

sequence2visuall
"Warehouse" .
Predicted: "Warehouse" ~ .
v,-—_-:==—--j

\MAERERERARER]

2nd
Floor

[ TTT°TT 1§

SO £ O
. | ®

bchnicalRoom

Building A

Toilet

A\
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: i ViC®@s
Semantic segmentation SRl e

ystemsla

=
ey
[
w
<
c
=3
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O

DAU
ResNet101

ResNet101
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Vic®s
Image enhancement S

= Deblurring, super-resolution
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: : Vic@®s
Deep reinforcement learning sualgnitive

ystemsla

= Automatic generation of
learning examples

= Goal-driven map-less
mobile robot navigation

Simulation Real world
T L
o) n® |
—

i)

Coswer].

(ot ]

=)

{x=ra)

1}
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Innate and learned

= Goal-driven map-less mobile robot navigation
= Constraining the problem using a priory knowledge

i |
= Fe F F
o D | observation ][new parameters] 3 1 L2 L)
v A :
o« o ° e \ oy
L ey == : ® = Fo * ‘l—state—value
o o g e
e
® L
Engineering Engineering approach + Pure learning
approach deep Iearning
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: Vic@s
Problem solving sualgnive

ystemslab

= Different problem complexities

Complexity

Simple, Complex, vaguely
well defined problems defined problems
Rule-based Data-driven
decision making decision making

Programming Machine learning
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Problem solving
%

Complexity

Routine solutions Rule-based solutions Data-driven solutions General intellicence
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Adequate tools

Routine solutions Rule-based solutions Data-driven solutions General intelligence
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Development, deployement and maintainance

e Data, data, datal

* Enough data, representative data
e Correctly annotated data

* Appropriate deep architecture design
* Proper backbone, architecture, loss function, ...
* Learning, parameter optimisation

* Efficient implementation
* Execution speed
* [ntegration

* Maintenance
* Incremental improvement of the learned model
» Reflecting to changes in the environment
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Development of deep learning solutions

20%
80%
-
O
E
O 90:10°7
5 0% 80:207
X 99:1?
60:40°?
20%
time
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Knowledge and experience count

Aggregate
(average)

I (3) (64)

(256,25 —

Atmospheric

Segmentation
sub-network

Vhodna slika
512x512x1

v

onvPlast 11x11, pomik 2
256x256x32

onvPlast 11x11, pomik 1
256x256x32

AruDlact 11v11 namil 1

Classification sub-network

"'T.-
-imited grid-based receptive field
' rom classic ConvNats (T
Tlde 7 4T s ’,ﬂ;’
- ﬁ/ /\"\ * . W X
Tidal
\ Temporal Encoder
‘ E Conv, BatchNorm RelLu Skip, Concatenation

Gotovost

Fc
‘ I—- state-value
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Software

Neural networks in Python

@ python

Convolutional neural networks using PyTorch or TensorFlow

O PyTorch ¥ TensorFlow

or other deep learning frameworks

Caffe & caffe2 theano

Optionally use Google Colab
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Literature

= Michael A. Nielsen, Neural Networks and Deep learning,
Determination Press, 2015
http://neuralnetworksanddeeplearning.com/index.html

Neural Networks and Deep Learning

= Jan Goodfellow and Yoshua Bengio and Aaron Courville,
Deep Learning, MIT Press, 2016
http://www.deeplearningbook.org/

Deep Learning
An MIT Press book

fellow@“ifﬂYdsHﬁa““” on Courville
P k v

o N
= Fei-Fei Li, Andrej Karpathy, Justin Johnson, CS231n: Convolutional Neural

Networks for Visual Recognition, Stanford University, 2016
http://cs231n.stanford.edu/

= Papers
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