Introduction to machine learning
and deep learning
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Deep Learning

What my friends thinI; | do What other computer
scientists think | do

In [1]s

import keras

Using TensorFlow backend.

L 4 P NN ST
t mathematicians think | do What I think I do What | actually do
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(Some) deep learning applications

Autonomous driving

, . s Music composition
Slide credit: David Vazquez
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A Machine learning

A Neural networks

A Deep learning in computer vision
A Fun stuff
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A Machine learning
| Basic concepts
I A toy example
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ML problems (according to output)

Regression Clustering
(real valued output) (find groups in the data)

4

Datapoints

Classification Dimensionality reduction
(discrete output) ( dim(input) > dim(output) )
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Machine learning in a nutshell

Model

Training data

Prediction

y=f(x) |=> - =cat
\) loss(- ,Y) '/

= loss(f( x),y)

Obijective: loss function
(how good/bad  our prediction is)

Learning/training
We want to optimize the objective: minimize
the average loss in the dataset
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Evaluation

Test data
Accuracy =4/6=66.7%
=> dog ¥ ' °
». I:>dog\/ For a fair comparison:

training set and test set

cat are disjoint (no cheating
vodel | cat X e

y=f(x) |j> cat &/
|j!> cat v
—> dog v

Training data
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Learning paradigms

Unsupervised

Model
(X)

Supervised

i !
14 &
I
-

Model
(X,Y)

dog dog dog
Data
(X1, Y1) & Yl

Reinforcement learning

Environment

- ACLION

i

Agent

State H

Reward
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Machine learning applications

A Computer vision

A Autonomous vehicles

A Naturallenguageprocessing (NLP)
A Speech recognition

A Translation

A Unmannedaerial vehicles (UAV

A Planning

A Decision taking

A Data mining

A Product recommendation

A X
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Machine learning zoo

Clustering

Rulebased learning

Decision trees and random forests
Bayesian learning

Boosting

Ensemble learning

Matrix factorization

Genetic and evolutionary algorithms

A Support vector machines
A ACTHEL THENTO (]

A |Artificial neural networks
I Deep learning

A v,

T T> T T I T> T I
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Machine learning zoo

Nearest Neighbors

Linear SVM RBF SVM

Decision Tree

Random Forest AdaBoost Naive Bayes

http:// www.androidauthority.com/whatis-machinelearning621659
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Toy example: fitting a curve

| o0 Train samples |

A Data: 2D points
A Regression problem 1o/ N\ { \°_

N\ O
ol | o\

A Model: polynomial curve \ e

—1t j

y(z,w) = wo + w1z +wox® 4+ ...+ wpya™ = ij:vj

— Learned maodel
J= 7

1

} Testsamples — =°
ot,

A Error function: 17
I Sumof-Squares /

Bw) = 5 3" {y(an,w) — to}’ e
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Toy example: ® Order Polynomial
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Toy example: sLOrder Polynomial
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Toy example: 8 Order Polynomial
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Toy example 9 Order Polynomial
We learn 10
: coefficients ( w, to wy)
—y ; —
I We have 10
I, 1training samples
¥ )
ol 7 [Train error=01
Why the predicted
function and the ,
true function I
~1} are so different??? !
= Test error large!! :
L : b
0 z | 1
4
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Toy example: Polynomi@loefficients

M=0 M=1 M=3 M =9
wy | 0.19 082  0.31 0.35
W 127 7.99 9232.37
wh -95.43 -5321.83
Wk 17.37 48568.31
Wk -231639.30
wk | 640042.26
Wi Too g™ 1 1061800.52
Wk 1042400.18
W _557682.99
W 125201.43
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Toy example: more data

ot Order Polynomial Train error > 0
Test error lower
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Toy example: even more data

ot Order Polynomial Train error & t
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Toy example: regularization

Penalize large coefficient values

l\DlI—‘

N A
= 32 (vlonw) — )+ 5w

No penalty ( 7/=0) Train error > 0

Test error low

1t = In A = —18
1 M =9
; t
0]
or A
/fﬁ 0 l
_[Train error =0
Test error high
0 .1 1t
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Training: gradient descent

What if there is no analytical solution for the minimization?
Go step by step in the descending direction

Parameter space Mode| f(z)=mz+b

m =-8.00 b=-8.00

Error = 370.77 15

10} -

5 -2.0 =15 -1.0 -0.5 0.0 0.5 1.0

.. B 20 1570
Minimum (our objective) _ :m__,},@
Update rule T iy
_ : OE
(O=learning rate) bjsr = by — v~

https://alykhantejani.github.io/abrief-introduction-to-gradientdescent J
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A Neural networks

" Artificial neural networks

' Convolutionaheural networks
Recurrent neural networks
Deep learning

Wi
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Biological neuron

A cell that processes and transmits information through electrical and cheigitalk (i.e. synapses)

AXon

Dendrites Passes messages away
from the cell body to

Receive messages from e o
other cells

\
‘

\

\ "“ ‘“\/ /' / 4 /
| \ X /i)‘- /
JE =
V"“{%f Vi

' “
f /
X /I
\

.\
A&

Terminal branches of axon

Form junctions with
other cells

\ IR/
VY I
Cell bod /'
¢KS OS5t t Qa
center
Neural Impulse (Action potential)

Electrical signal travelling
down the axon

Slide credit: David Vazquez
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Artificial neuron

Bias

b

g

1 O0— Wy

Wy

Activate
function

Y

/@

sigmoid; 1/(1+e™*)

@,_/__

L3 O0— W3

Slide creditDavid Vazqueand

tanh; (e e )i{e*+e¥)

f

Neuron pre-activation (or input
activation) (X&) B (U ®) ®
Neuronoutput
w AO®R) To o ©)
Output
> Y
The activation function (f) is a non
linear function. For instance Sigmoid,
Tanhor ReLU
relu: max(0x)

Humanbrain ~100-1000trillion synapses
Artificial neural network ~1-10 billion
synapses

4050051

Human brain vs artificial neural network
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One layer: logistic regression

Net input Sigmoid Quantizer '5
function functior
Prediction
Z‘ Weights (we want to learn this!!)
Input
features

(from samples)
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One layer: linear classifier (binary)
[m:um] l!gl'ﬂ Problem: person vs non - person

Tralnmg set Feature Space Hyperplane
5\ Samples
™ o
Computer x Machine
\.r‘"linJnn x x ' Learning » w=(wowi,w)'
X6 x*

Only can learn

* Linear binary classifier in a feature space of n=2 dimensions. _ _
linear separation

Xo

. _ .

wix < 05 & w = (wg, wy, Wy)
i X = (1;x1Jx2}T

w'x >0 Classify (x;w,T) = Thresholdw'x, T)
‘ Osiy<T
Threshold(y, T) = { 1siy>T

? si y=T (design decision)

Slide credit: Antonio Lopez
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MNIST dataset

Demo

T~ed MOy -\ h
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10 classes (0,1,2,3,4,5,6,7,8,9)

=784 values)

60000 images for training, 10000 for test

28x28 grayscale images (
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Demo: logistic regression (1 layer NN

58408 784 /0/)(6[

_Pixels . .. wejghted sum of all

fﬁixdﬁ + b/ias

J .
QQQ Q softmax 0=

mﬁm’ or au%,ﬂm‘fo

https:// github.com/martingorner/tensorflowmnist-tutorial/blob/master/mnist_1.0 _softmax.py
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Demo: logistic regression (1 layer NN

Accuracy Cross entropy loss Training digits
1.0 100
| training |OSS l*ﬂlq safsu 24 t’ Sl“‘ 24 ¢ 55!IIC)l€a
- - - test loss 557 é‘jf % 0 g é a
©qd35F 4677/
06 ROEL4£BZEIT G
038G 6E651 1S3
/I V75582617
738305603 4Q0¢8 6
. 11003495501
— training accuracy ‘ o 7 5 0 b 5/ SO
- test accuracy
0.0 TS 227513
0 200 400 600 800 1000 0 200 400 600 800 1000
Weights Biases Test digits 9 2 %
0:8 3.2 100% cuis payasn 60828 6443 5R1TS QIR 26575850 1
22 1.4, 852,242 8y
0.6
1.0 0
98% iy
0.4
05 il
> 96% Fisrsgisy
9,
-0.2 94% §
-0.5
-0.4
92% ,
—0.6 -1.0 VElIahAbEN 440355604 197901744307007135¢7
SN LEatTseesatisibein 1 achaceidhinted
<5.B e 00% LS Eo1Niresa T 181840042500 1100) 632361
0 200 400 600 800 1000 0 200 400 600 800 1000

https://github.com/martin-gorner/tensorflowmnist-tutorial/blob/master/mnist_1.0_softmax.py
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Two layers
Input Hidden Output
layer layer layer
Input #1 —

Input #2 \
. .—> Output
Input #3 — /

@

Input #4 —
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Demo: multilayemnetwor

Accuracy Cross entropy loss Training digits

i :

1.00

— training loss
= test loss

0.98
15
0.96

10
0.94

0.92
— training accuracy
- test accuracy

WU E=QP2
Twdd UM =0O0Q
NHBORC~\J~—0
S QOQYUNS LD W
Wy — N9 E
ONQUWH YO e\ e
RQA~ et g~
—~=VRhnuNeetxy
nNolhNmwyWwow
~oJLF—wHOE0

oo

0.90 §

0.8 0.3 100%

0
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000 980/
Weights Biases Test digits O

s TAS

L AAATAL88ANIAT R

0.6
o D2 é 7L
3 0.2 98% (1597571 +esc0750 13134725 IT1 54 lshts
& BUCDUBE R ¥R b K 3070,(}1'1\d7'|61"vli77kl.3h
Y41 FCa00S49/9587393 49405 L16YL058566537
10/b7e1307 1020528150038 0E54bS4a 047220 |
0.2 06% LI1B1E503¢2Z01110%01 16428671 (11524493303
0.1 " R 509982021317, : 8
. 16257701615
0.0 |5 25E3 1wty 3978
é'.-li'ﬁlb{”\ [RRE]
or (3376162743 11721
—-0.2 94% 43326“7\(1"\{17(3"¢0u> 1 4333109116707
0.0 B6722275E9k BUIZLS /4T ra0¥401052371106395
R385 7V2A02AUTY7i/2038 143 4UEHLIITYE
—0.4 UNG0232316¥UN1aby0sF0% 065594329332 700%
92% 17905‘!3‘0?6520?%«)@?% ClaUR?) /9350890
2 6793958249473 r9 16026511371 1125203740920
-0.6 71437a1 951739009 182324127851 14431003073 ¢
: -0.1 AUSSACR2ISTHO4LL1T26036T 1KL2520621134 1
054311790940 G02vS/ 1y e ISR nEReY
08 90%, 53803371 253n40r833 ) nwcnuuu 2iqiver
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

https:// github.com/martingorner/tensorflowmnist-tutorial/blob/master/mnist_2.2 five layers_relu_lrdecay dropout.py
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Recurrent neural networks (RNNs

(Vanilla) Recurrent Neural Network

The state consists of a single “hidden” vector h:

y hy = fW(ht—la 3313)

T |
m> ht p— tanh(Whhht_l + Wmhxt)

X Yt = Whyht C({)

Use Long Short - term
Memory (LSTM) units
(nobody uses this
simple vanilla RNNs
In practice)

Adapted from: Convolution®eural Networks for Visuétecognition  Adapted from: Convolutiondeural Networks for Visu&ecognition
http://cs231n.stanford.edi http://cs231n.stanford.edl
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Unrolling RNNs

Time ) Time ) Time> Time > Time >

one to one one to many many to one many to many many to many
f Pt f Pt Pt 1
f f bt bt L
(e.g.image (e.g. image (e.g. sentiment (e.g. machine (e.g. learning
classification) captioning) analysis) translation) to drive)

Adapted from: AKarpathy
http:// karpathy.github.io/2015/05/21/rnreffectiveness
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Demo: recurrent neural networks

Guess the letter!

See how well you can figure out what comes next. It's always a lefter of the English alphabet (case
Insensitive) or a space, a comma, an apostrophe, or a period. That's 30 possibilities for every
character. Just start typing! The correct text appears here:

Th
What you enter will appear here:
Th

[incomplete] accuracy: [unknown]; perplexity: [unknown]

(0 of 29 characters; 0 correct) | next passage | (This is passage 1 of 20.)

No keyboard? Select here: (Then zoom out.)


http://planspace.org/perplexity
http://planspace.org/perplexity
http://planspace.org/perplexity
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Demo: recurrent neural networks

target chars: ‘e’ P Tk “o"

1.0 0.5 0.1 0.2

2.2 0.3 0.5 -1.5
output layer 30 v - i

4.1 1.2 -1.1 22

T T T TW hy

0.3 1.0 0.1 |w hn|-0-3
hidden layer | -0.1 > 03 o 05 —=2% 0.9

0.9 0.1 -0.3 0.7

T T T TW_xh
input layer 0 5 ; :

D

input chars: “h”

“I" ‘lln

Demo:


https://github.com/martin-gorner/tensorflow-rnn-shakespeare
https://github.com/martin-gorner/tensorflow-rnn-shakespeare
https://github.com/martin-gorner/tensorflow-rnn-shakespeare
https://github.com/martin-gorner/tensorflow-rnn-shakespeare
https://github.com/martin-gorner/tensorflow-rnn-shakespeare
https://github.com/martin-gorner/tensorflow-rnn-shakespeare
https://github.com/martin-gorner/tensorflow-rnn-shakespeare
https://github.com/martin-gorner/tensorflow-rnn-shakespeare
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ARTIFICIAL
INTELLIGENCE

bt MACHINE
LEARNING
o DEEP

| LEARNING
N S

1960’s 1970%s 1980’s 1990°s 2000's


https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai
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Large aount of ‘(n‘noateab)ata Large amount octoputing resources
(GPUs)
AlexNet i I torch Caffe
Batch}}]orm B
ReLU -
-] earning X
Batch .
theano b
Tensor
Better understanding of training Large community of researchers and
algorithms open source implementations

Slide credit: David Vazquez
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Q)¢

¢C2RI e Q

A Deep learning in computer vision

Wi
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Traditional Recognition Approach

. a )
Han(:e-a?uersélgned Trainable Obiject
: [:!J> classifier Class
extraction
\_ J \_ Y,

A Features are not learned

A Trainable classifier is often generic (e.qg.
SVM)

Slide credit: S.azebnik
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Traditional approach to visual recognitic

Image
°© SIFT [Lowe 2004] N oen
(:”\ [ ¥ features
— P A Y :”:H‘:*'Z) > % % D
__\ ( y
Very carefully designed (bLexperts)
: PoolingD/ /\'Baa of Word A <
Object RAF & y e
Class Al SVM i <:I h Gl N
Global iR cEH s f =7 ‘ N
feature \_ / eese s - %
Jed= |

Adapted from: SLazebnik

More abstract

features (e.

g. parts)

Each stage is

designed separately
Only BOW and SVM
trainable (separately)
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a{ KIff2g¢ Gao al

Traditional recognition: nShal
Hand - designed g b
and - designe :
feature [;f> Classifier Oéalject
extraction ass
/ (. J
2 In Trainable
PSS P——
Deep | earning: fADeepo arch

P
] Simple Lx>0bject
i r l:i>{ Layer 1 d>e Layer N ]Ij‘>{ classifier ] Class
\_

Trainable (jointly)

Adapted from: SLazebnik
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Convolutional neural networks (CNNs

™ Phicg
by
by
a0
o sunset [ p_
ﬂ
— %] e o 0
e o -
] o ~o Paog
] o o
<] o
o Q == D
o o et
. . [+] L]
convolution + max pooling vec | g \:
| nonlinearity I o
| |
convolution + pooling layers fully connected layers  Nx binary classification

Inspired by the visual system

Old idea (Fukushima 1980, LeCun 1986 )
Worked well in character recognition

Larger networks didnodét wo
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Linear convolution as a neural network

local and translation
invariant action

Fa b3 >

multiple
feature channels X Y

Slide credit: AVedaldi
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Demo: convolutional networ

Accuracy Cross entropy loss Training digits
1.000 6
— training loss 9 /7/ / ?Q / b 9 ¢-9
0.995 > Sihe b Ol 6] =2 1 73
L 1624901628
oo 4 0/20%3 | |58
; 7324520009
_— et 334750506\ 4
2 T745%64 1952
0.980 70/?045’631
— training accuracy x /" 3 6 / D o 5_7 Z 6
- test accuracy —
0.975 0 /ﬂ4¢2!bé70
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000 99 3()/
Weights Biases Test digits u 0
28 .23 100% g4 7050205030 A1 BT HOLSANL HATRLOATIIA
/LIS A 00 ATASASER I DA 2 LE2TLI0Y (%N
~7Gu10|5‘i7'&‘1wf410’1%\}13“71’0 Plizurysns
0.6 QUSRS E)Y 97 FIIFACU307020 1721706 A0¢Y7Y
0.20 08 C13473N€1FIAb0SAGIDI4ER1373vY5250) Ev1cE
S66S510/byi72)712202405515b034(6594 5051
04 Ui S L
0.15 ‘{;151,3’;323"”-7};|§5i9"qgﬂ,;~g“ 241 ¢
96% qzunwbzsunmmﬂoa.[e:fau«m'f‘oz|4
0.2 11S3307BESN 128106121550/ F5 1946225085637
LOLECHIIHO3376162/1306i08284dD33¢2460317
0.10 i57911%7 Y2930k [4915+509937500312648331

30/1€670ck66732275770L1gMI258 17kl 052
94% 378910/393213/365772ab34bSY012/30383 (13 ¢
uswu:su.m 0233716474410 o04804i0bY5et

0.05 293377001700593809635094620557860240%73

~=0.2 /“)S\’-M?w 396302923309 1802051137146712D

: !CMR’Mtfbljkwq.ﬂ?‘q%ﬁI:\/BM'Z"!H'IX

92% 4430821079144 2554092 108480406 532423693 14

0.00 \'135120331‘!34".‘S'Iifl'lV’:‘f‘lDrVSIléll 19¢3Y

-0.4 ' 1653531458300 133803AT 12634408833 13357432

G136C72i9192931240) (2481%745893(3107703¢

$27659283020845092758038247) CWUI’ZR?M:’

—0.6 —0.05 90% SIRI4160%9/ 4197348397 1212232323¢) 1303578
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

https:// github.com/martingorner/tensorflowmnist-tutorial/blob/master/mnist_4.2 batchnorm_convolutional.py
https:// www.youtube.com/watch?v=CzR7igE06ps



https://github.com/martin-gorner/tensorflow-mnist-tutorial/blob/master/mnist_4.2_batchnorm_convolutional.py
https://github.com/martin-gorner/tensorflow-mnist-tutorial/blob/master/mnist_4.2_batchnorm_convolutional.py
https://github.com/martin-gorner/tensorflow-mnist-tutorial/blob/master/mnist_4.2_batchnorm_convolutional.py
https://github.com/martin-gorner/tensorflow-mnist-tutorial/blob/master/mnist_4.2_batchnorm_convolutional.py
https://github.com/martin-gorner/tensorflow-mnist-tutorial/blob/master/mnist_4.2_batchnorm_convolutional.py
https://github.com/martin-gorner/tensorflow-mnist-tutorial/blob/master/mnist_4.2_batchnorm_convolutional.py
https://github.com/martin-gorner/tensorflow-mnist-tutorial/blob/master/mnist_4.2_batchnorm_convolutional.py
https://github.com/martin-gorner/tensorflow-mnist-tutorial/blob/master/mnist_4.2_batchnorm_convolutional.py
https://www.youtube.com/watch?v=CzR7iqEo6ps
https://www.youtube.com/watch?v=CzR7iqEo6ps
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Training a CNN
bike
Forward (compute features) lCompute
loss
pid il I "

AnEN

W1 Wz Wi Wi Ws Wa W7 Wg
? ? ? ? ? ? ? ?
W, W, W, W, W W W Wg

Backward ( backpropagate gradients)

‘ Update weights
argmin E(wq, wo, ..., wg) (SGD)

Stochastic gradient descent
(with momentum, dropout, ...)

Adapted from AVedaldi
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The revolution: ImageNet

Large visual database ILSVRC2012

- Over 10 million images - Subset with 1000 classes
- Manually annotated - 1.2 million images

- Follows WordNet concept - Used in competitions

structure - Used to train most of the networks
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The revolutionAlexNet

Convolutional layers Fully connected layers
5 N ‘,’-,”;’,":" ) 3\ -
i | 192 18 ><2048><zms dense
; ] T
S 13 \ 13
5 ’ S
u 5 . ‘ Ni Q 3], d > »
) 13 3’ : 135 13 dense dense
nd - 1000
N 192 128 Max ||
’S'i:}ide Max 58 Max pboling 2048 2018
Uof 4 pooling pooling
3 48

A Khrizevskget al winningimageNet2012.AlexNet
I 7-layers NN (®onvlayers+2 fully connected)
I 650k neurons
I 60 million parameters (630 million connections)
I Trained on two GPUs for about a week



CURS EN VEHICLE INTEL-LIGENT
| OPORTUNITATS DE NEGOCI

AlexNetin ImageNetiLSVRC 2012

Method Classification Classification and
(top 5 error, localization
1000 categories)
Supervision AlexNetCNN) 16.4% 34.1%
University of Tokyo 26.1% 53.6%
Oxford University Computer Vision Grouj 26.9% 50.0%
INRIA 27.0% -
University of Amsterdam 29.5% -
Shallow models
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UnderstandindAlexNet layer 1

Learned from data!

Layer 1 filters
(convolutional)

This looks familiar

Handcrafted

-n

EEZZNNSE
SEZUINNSS

Gabor filters

Color
versions




CURS EN VEHICLE INTEL-LIGENT

| OPORTUNITATS DE NEGOCI

UnderstandindAlexNet layer 5

Visualize sample images that excite a given neuron the most
Handcrafted
filter

Layer 5 / tesHOnES \Learned from data| (pal‘ﬂy |earn8d)

Deformable

\ Part Model /

top 9 exciting patches their deconvnet
for each neuron reprojection

Adapted from: AVedaldi



AlexNet,8

layers

(ILSVRC

2012)

Deeperarchitectures

11x11 conv, 96/4,

poollZ2

5x5conv, 256,

pool/l2 y

3x3conv,

384y

3x3conv,

384y

3x3conv, 256,

pool/2 ¥
fi

C,
06
fc

i

fc,1000

More layers, but

VGG19

layers

(ILSVRC

2014)

smaller kernels

| 3x3conv,

64

[ 3x3conv, 64,

pool/l2y

3x3conv,

128y

[ 3x3conv,128,

pool/2 y

3x3conv,

256y

| 3x3conv,

256y

| 3x3conv,

256§

[ 3x3conv,256,

pool/2 ¥

3x3conv,

512y

| 3x3conv,

512y

| 3x3conv,

512y

[ 3x3conv,512,

pool/2 ¥

3x3conv,

512y

| 3x3cony,

512y

| 3x3conv,

512y

[ 3x3conv,512,

pool/2 ¥

fc,

4096
fc

T

[ fc,1000

GoogleNet22
layers
(ILSVRE014)
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KaimingHe, Xiangyu Zhang, ShaogiRgn,& Jian Suni 5 SRekitlual Learnirfgr Imagew $ O 2 3 yakXiv2025/ ¢



Ultra deep networks

AlexNet = VGG ResNet152
8 layers 19layers layers
(ILSVRE012) (ILSVRE014) (ILSVRE015)
256-d
e 33 Gn'reu
[ x1.256 ]
= >
(a) Conventional 3-block residual network (b) Unraveled view of (a) v bn, relu
Interpretation as ensembles Residual block

of not - so- deep networks
(effective d e pt h20 h

KaimingHe, Xiangywhang ShaogindRen & JianSun & 5 SRekitlualLearningor Imagew S O 2 3 yakXiv2025/ €
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Demo: learning to drive

Goal: steer the driving
wheel following the
road

Regression problem

I:ll> CNN l:ll> Angle

Loss=|Anglel - Angle2 | (‘Anglez
(predicted by CNN)

Anglel
(human driver)

MIT Course on Deepearning for Selbriving Cars
http:// selfdrivingcars.mit.edu/deepteslajs



http://selfdrivingcars.mit.edu/deepteslajs
http://selfdrivingcars.mit.edu/deepteslajs
http://selfdrivingcars.mit.edu/deepteslajs
http://selfdrivingcars.mit.edu/deepteslajs
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Object detection

Given an image detect the interesting objects
(localization+class )

Input Convolutional Bounding box Output
frame path regression detections

—~ c

0 S

< A

— ()

© S

W@ ™ 5 S

o w

= 5

2| | E

S %

o >

2 c

[<B)

) 2

Slide credit: David Vazquez
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Objectdetection+classification

KaimingHe, XiangywhangShaogindRen & JianSun & 5 SRekitlual earningor Imagew S O 2 3 yakXiv2025/ ¢



