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ALVINN:
AN AUTONOMOUS LAND VEHICLE IN A
NEURAL NETWORK

Dean A. Pomerleau
Computer Science Department
Camegie Mellon University
Pittsburgh, PA 15213

ABSTRACT

ALVINN (Autonomous Land Vehicie In a Neural Network) is a 3-layer
back-propagation network designed for the task of road following. Cur-
rently ALVINN takes images from a camera and a laser range finder as input
and produces as output the direction the vehicle should travel in order to
follow the road. Training has been conducted using simulated road images.
Successful tests on the Camegie Mellon autonomous navigation est vehicle
indicate that the network can effectively follow real roads under certain field
conditions. The representation developed to perfom the task differs dra-
matically when the network is trained under various conditions, suggesting
the possibility of a novel adaptive autonomous navigation system capable of
taloring its processing to the conditions at hand.
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A Method for Animating Children’s Drawings of the Human Figure

1 "gstorm trooper vacuuming a beach”
1:?':
"sunset time lapse at the beach with moving
clouds and colors in the sky, 4k, high
resolution”

"an astronaut feeding ducks on a sunny
afternoon, reflection from the water"
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https://github.com/facebookresearch/AnimatedDrawings/tree/main
https://www.nvidia.com/en-us/on-demand/session/gtcspring23-s51123/
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Natural movie decoding performance with CEBRA
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https://arxiv.org/pdf/2304.11968.pdf
https://www.nature.com/articles/s41586-023-06031-6

“Na medida que os computadores se tornam mais
sofisticados, parece inevitavel que o
exerca um papel central em Ciéncia da
Computacao e tecnologia de computadores”

- Tom Mitchell

O Que é Learning?
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O Que é Learning?

“A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E.” - Mitchell, 1997
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O Que é Learning?

“A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E.” - Mitchell, 1997

e Experiéncia (E): conjunto de digitos anotados a mao (Hello World!)

FMARRERERE

“A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E.” - Mitchell, 1997

e Experiéncia (E): conjunto de digitos anotados a mao (Hello World!)

HARRNERERE

e Tarefa (T): classificacao
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“A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E.” - Mitchell, 1997

e Experiéncia (E): conjunto de digitos anotados a mao (Hello World!)

HAFRRERERE

e Tarefa (T): classificacdao

O que vocés acham, é
viavel programar uma
solucdo imperativa?

e Medida de desempenho (P): acuracia
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O Que é Learning?

“A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E.” - Mitchell, 1997

e Experiéncia (E): conjunto de digitos anotados a mao (Hello World!)

AR ERERERE

e Tarefa (T): classificacao
\=

e Medida de desempenho (P): acuracia

O que vocés acham, é
viavel programar uma
solucdo imperativa?

J Nao! Mas com redes
neurais é trivial
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O Que é Learning?

Learning = Representation + Evaluation + Optimization
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Learning

= Representation + Evaluation + Optimization
Instances
K-nearest neighbor
Support vector machines
Hyperplanes
Naive Bayes
Logistic regression
Decision trees K-l divergence
Sets of rules Cost/Utility
Propositional rules Margin
Logic programs
NEURAL NETWORKS
Linear programming
Graphical models
Bayesian networks
conditional random fields

ACCURACY/error rate
Precision and recall
Squared error
Likelihood

Posterior probability
Information gain

Combinatorial optimization
Greedy search
Beam search
Branch-and-bound
Continuous optimization
Unconstrained
GRADIENT DESCENT
Conjugate gradient
Quasi-newton methods

24



Learning, Overview

CONJUNTO
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Learning, Overview
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x4 sente fadiga
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Learning, Overview

CONJUNTO 1 pressao arterial
DE DADOS

o temperatura
T3 peso
x4 sente fadiga

5 tem tosse

xq etc
x(m — (ml,xg, ~~~7md) € R
y™ < {0,1} MALTA
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CONJUNTO x1 pressao arterial
DE DADOS

T temperatura
T3 peso
x4 sente fadiga

5 tem tosse

zq etc
_ i
Conjunto de dados xm = (IIT[,IQ, RS zd) € R
{((x, y ), (x@, y@), ., (x), ye))} - ¥ {01} MALTA
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Learning, Overview
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Learning, Overview
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APRENDIZADO DE MAQUINA

O QUE E LEARNING?

> PRIMEIRO ALG DE LEARNING
PROTOCOLOS DE TREINAM.
OTIMIZACAO

REDES NEURAIS

BACKPROP + PRATICA

CNN + PRATICA

Regressao Linear (Univariada)

Objetivo: fazer com que o modelo aprenda o padrao/comportamento de tendéncia
500 e

400 + s * v
. X XX Xx "
Conjunto de 0 XoF gx K
Dados 200 T
100

0

0 500 1000 1500 2000 2500 3000
Size (feet?)

Algoritmo de
Aprendizado

(J—> 9

Conjunto de
Dados

Algoritmo de
Aprendizado

is not magic; it cannot

get something from nothing”

- Domingos

Regressao Linear (Univariada)

500

400 +

300

200

100

0
0

(J—> 7

Objetivo: fazer com que o modelo aprenda o padrao/comportamento de tendéncia

500

1000 1500 2000 2500 3000

o k9N W

Size (feet?)

f(@) =6o + bhz Ensino médio
<
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Regressao Linear (Univariada)

Regressao Linear (Univariada)
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Conjunto de
Dados

Algoritmo de
Aprendizado

500

400

300

1000 1500 2000 2500
Size (feet?)

f

Objetivo: fazer com que o modelo aprenda o padrdao/comportamento de tendéncia

Ensino médio

=90+01ZL‘
S

3 3
2 2
1 1
0 0
0 1 2 3 1 2 3
0o =15 0o=0
6,=0 6, =05 MALTA
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Regressao Linear (Univariada)

Objetivo: fazer com que o modelo aprenda o padrdao/comportamento de tendéncia

Conjunto de
Dados

Algoritmo de
Aprendizado

500

1000 1500 2000

2500 3000

Size (feet?) ~
f(z) =60+ b1z Ensino médio
3
2 2
1 1
0 0+
0 1 2 0 1 2 3 0 1 2 3
6y =15 6o=0 0 =1
6,=0 6,=05 6,=05 MALTA

Regressao Linear (Univariada)

Conjunto de
Dados

Algoritmo de
Aprendizado

Objetivo: fazer com que o modelo aprenda o padrao/comportamento de tendéncia
00 500 T

400

300

220
00
100
. 0 . 1350 . . .
1000 1500 2000 2500 0 500 1000 1500 2000 2500 3000
Size (feet?) A Size (feet?)
f(@) =60+ 01 Ensino médio
3 3
2 2 2
1 1 1
0 0 0 +
o 1 2 3 12 3 o0 1 2 3
6 =15 0o=0 0o =1
6, =0 6, =05 0, =05 MALTA
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Objetivo: fazer com que o modelo aprenda o padrao/comportamento de tendéncia
500

Conjunto de
Dados

Algoritmo de
Aprendizado

500

400 +

300 +

200

100

0

QUAIS E COMO ENCONTRAR
OS MELHORES PARAMETROS?
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> 1250 ' §
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fl@) =060+ 01z
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6, =0 6, =05 0,=05 MALTA
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Regressao Linear (Univariada) S Regressao Linear (Univariada)

@,y (243,29)

Ideia: encontrar §, #; de maneira
g que f(z) seja o mais perto de v, V(.’E(i),y(i)) g

0 50 100 150 200 250 300 0 50 100 150 200 250 300

41 42

Regressao Linear (Univariada) RS Regressao Linear (Univariada)

Ideia: encontrar ¢, §; de maneira

Ideia: encontrar §,, #; de maneira
que f(z) seja o mais perto de 7, v(z(i)ﬁy(l))

que f(z) seja o mais perto de 7, v(x(i)ﬁy(i))

CALCULAR O CUSTO (residuo/erro/perda)

AVALIANDO OS PARAMETROS

43 44
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Regressao Linear (Univariada)

Ideia: encontrar §,, ¢, de maneira
que f(z) seja o mais perto de Y, v(xﬁ),y(i))

CALCULAR O CUSTO (residuo/erro/perda)
7 (xm) O]

Erro

AVALIANDO OS PARAMETROS

45

Regressao Linear (Univariada)

Regressao Linear (Univariada)

Ideia: encontrar §, #; de maneira
que f(z) seja o mais perto de 7, v(a;(i),y(i))

CALCULAR O CUSTO (residuo/erro/perda)

(/) -+)

i=1

Erro

AVALIANDO OS PARAMETROS

16/05/23
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Regressao Linear (Univariada)

Ideia: encontrar §,, #; de maneira
que f(z) seja o mais perto de 7, v(z(i)ﬁy(l))

CALCULAR O CUSTO (residuo/erro/perda)

S -)

i=1

Erro

AVALIANDO OS PARAMETROS
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Ideia: encontrar §,, #; de maneira
que f(z) seja o mais perto de 7, v(x(i)ﬁy(i))

CALCULAR O CUSTO (residuo/erro/perda)

LIPS
Y06

Erro

AVALIANDO OS PARAMETROS

48

12



Regressao Linear (Univariada)

Ideia: encontrar §,, ¢, de maneira
que f(z) seja o mais perto de Y, v(xﬁ),y(i))

CALCULAR O CUSTO (residuo/erro/perda)

N
NGCRD

Erro

AVALIANDO OS PARAMETROS

Regressao Linear (Univariada)

Ideia: encontrar §, #; de maneira
que f(z) seja o mais perto de 7, v(a;(i),y(i))

CALCULAR O CUSTO (residuo/erro/perda)

L (7 (20 _ )2
v 2 (7(E0) -4)

Erro

0o + 0,2 —y(”
——

nosso modelo

AVALIANDO OS PARAMETROS
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Regressao Linear (Univariada)

Ideia: encontrar §,, #; de maneira
que f(z) seja o mais perto de 7, v(z(i)ﬁy(l))

CALCULAR O CUSTO (residuo/erro/perda)

ii(f(u) @)
N & +) -+)

2

Erro 2
1 ’ .
0o + 02D —y@
= | ——

= nosso modelo

AVALIANDO OS PARAMETROS

MALTA
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Regressao Linear (Univariada)

Ideia: encontrar §,, #; de maneira
que f(z) seja o mais perto de 7, v(x(i)ﬁy(i))

CALCULAR O CUSTO (residuo/erro/perda)
1 i(f( <">) @)*
— ) =y )
N i=1

Erro 2
1 . .
il O + 0,20 —y@
IN (&,L v

=]
v nosso modelo

-

1 - 2
J(6,61) = 5N ; ((90 + 911(”) . 1/(1))
MSE Loss ’

AVALIANDO OS PARAMETROS
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Regressao Linear (Univariada)

Regressao Linear (Univariada)
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Ideia: encontrar §,, ¢, de maneira
que f(z) seja o mais perto de Y, v(xﬁ),y(i))

Ideia: encontrar §, #; de maneira
que f(z) seja o mais perto de 7, v(a;(i),y(i))

Modelo
f(m) =0+ 01

53

Regressao Linear (Univariada)
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Regressao Linear (Univariada)

Ideia: encontrar §,, #; de maneira
que f(z) seja o mais perto de 7, v(z(i)ﬁy(l))

Modelo
f(l’) = 00 + 911‘

Parametros

0o, 01

MALTA

Ideia: encontrar §,, #; de maneira
que f(z) seja o mais perto de 7, v(x(i)ﬁy(i))

Modelo
f(x) =0y + b1

Parametros

0o, 01

Funcdo de custo

1
I (00,01) = 55

((90 + ﬁl.r(i)) -1 (i))z

M=

d:

55
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Regressao Linear (Univariada) K Regressao Linear (Univariada)

Ideia: encontrar §,, ¢, de maneira Ideia: encontrar §, #; de maneira
que f(z) sejao mais perto de ), v/(x O (i)) que f(z) sejao mais perto de Y V(z O (i))
Modelo Modelo
flz) =00 + b1z flz) =00 + b1z
Parametros Parametros
bo, 61 6o, 61
Funcao de custo Funcao de custo
(60, 61) 1 - ) 6, 2® (%) : ) 1 - 6, 6, 2(® (1) 8
J (60,01) ﬁ;((()"-ﬂ )—ZI ) J (6o, 1)7ﬁ;((0+1$ )—.U )
Objetivo: Objetivo:
J (6o, 6 J (60,6
@ (6o, 61) @ (60, 61)
MAU’A COMO FAZER ISSO? '\/’lé':li[A
57 58

RECAPITULANDO... .
APRENDIZADO DE MAQUINA
Funcdo de Custo avalia os parametros e,
precisa ser diferenciavel h
. Ideia: encontrar 90 ¢, de maneira O QU EE LEARNING?
Lea;mng: melhora o d_es:mpenho deT que f(z) seja o mais perto de ¥, y(z(%), ()
conforme a experiéncia
Modelo | PRIMEIRO ALG DE LEARNING
o St i L f@)=to+0re - [ > PROTOCOLOS DE TREINAM.
UE.E @ Parametros OT|M|ZACAO
* Tarefa (T): classificacdo O.‘qur vocke'aibam & 60’ 01 oo 3
\ - : =1 S‘jmm mperaa? Funcdo de custo N R E D ES N EU RA|S
« Medida de desempenho (P) acl‘:ra’x.ia neuals & e 1 i i) 2
" 760,00 = 57 3 (6o + 012") - 4) BACKPROP + PRATICA

i=1
Objetivo:

@i J (6o, 61)

CNN + PRATICA

M

59
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Treinamento

Treinamento
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Para treinar um modelo, € preciso minimizar a loss, que afeta
diretamente o desempenho do modelo no conjunto de treino

((90 + 011(’)) — y(’))z

Protocolo de Treinamento

Full Dataset

) C -
RS Treinamento
High Bias Low General Error High Variance
Underfitting Best Accuracy Overfitting
—
.
General Error
~ . < Variance
Esséncia de Error "
LEARNING N
FROM DATA R
______________ e, s
Model Training
L]
P A
. .i*.- o:d.. ﬂt",’rﬁ:o’.o

T 1
Training Set Testing Set
62
RS -
: Treinamento
Para treinar um modelo, é preciso minimizar a /oss, que afeta
diretamente o desempenho do modelo no conjunto de treino.
Funcdes de Custo (mais comuns)
output
1 N ) N size
J (60,61) = WZ‘ ((90 +01z“>) - y(")) Loss = — Z yi - log ;
= i=1
64
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Treinamento

Para treinar um modelo, é preciso minimizar
a loss, que afeta diretamente o desempenho
do preditor no conjunto de treino.

Dividir em Treino e Teste

Objetivo de aprendizado de maquina:
generalizagao

el

65

“The connections between neurons are called
synapses. The strength of the synaptic connection
dictates how much electrical excitation passes from

one neuron to another.

- Bliss & Terge, 1973

APRENDIZADO DE MAQUINA

O QUE E LEARNING?
PRIMEIRO ALG DE LEARNING
PROTOCOLOS DE TREINAM.
> OTIMIZACAO

REDES NEURAIS

BACKPROP + PRATICA

CNN + PRATICA

Gradiente Descendente

Funcao de custo

1 . 2
T (00,00) = 55 ((ao + 91.@“)) - y<l>)
i=1

Objetivo:

min J(0o,61)

COMO FAZER 1SSO?

16/05/23
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Gradiente Descendente = Gradiente Descendente
Funcao de custo / Funcao de custo N /
1 ; A\ 2 1 ; 2
- @) _ @ e @) _ @
J (60.61) = > (00 +0127) =) J (60,601) 2NZ((00+01x )=y )
i=1 Erro i=1 Erro
LS (o0 _ )2 LS (o0 )2 .
e ~G) _ (i ® 1 ) _ (i
IN Z (y y ) IN Z (y y )
i=1 S—— i=1l —_————
Erro Erro
Objetivo: Objetivo:
2)1}91} J(00,61) (521119111 J(00,61)
COMO FAZER 1SSO? COMO FAZER I1SSO? Gradiente Descendente
MALTA

69 70

Gradiente Descendente : Gradiente Descendente
Jo() Jo()
Funcao de custo Funcao de custo
1 g @) _ o) RS @) _ )
J(60,6,) = 2—; ((90+01.T, ) oyl ) J(60,6,) = ﬁ; ((eo YO ) = )
Objetivo: Objetivo:
win J(6y,61) win J(6y,61)
COMO FAZER ISSO? Gradiente Descendente COMO FAZER ISSO? Gradiente Descendente
1. Iniciar os pesos aleatoriamente 1. Iniciar os pesos aleatoriamente
2. Calcular o gradiente da loss com relacao aos pesgs
71 72
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Gradiente Descendente

Funcao de custo
N

700,00 = 55 5 (004 0:2) —4©)’

i=1
Objetivo:
o J(6o,061)
COMO FAZER ISSO? Gradiente Descendente

1. Iniciar os pesos aleatoriamente

2. Calcular o gradiente da loss com relacdo aos pesgs
3. Atualizar os pesos na direcao oposta a fracao do [gradiente

Jg (iB)

73

Depurando o Gradiente Descendente

16/05/23

Gradiente Descendente

Funcao de custo N
1 ; 2
— (@) _ 4@
J (60,601) 2N§((00+01x ) y )
Objetivo:
in J(6y,0
min (60,61)

COMO FAZER ISSO? Gradiente Descendente

1. Iniciar os pesos aleatoriamente

2. Calcular o gradiente da loss com relacdo aos pesq
3. Atualizar os pesos na direcdo oposta a fracdao do

0n+1 - en - OéVJg

Jg (CE)

s
jgradiente

74

dJ
Wiyl = W; — &
dw;
i |custoi | wi | dJ(wi) | o | win
0 | 16.00 —4 -8 0.1 —3.20

custo = (-4, 16)

gradiente = -8

Depurando o Gradiente Descendente

dJ
Wiy = W; —
L B dw;
i |custoi | wi | dJ(wi) | o | win
0  16.00 —4 -8 0.1 —3.20

11025 3.2 6.4 0.1 2.56

75

custo = (-3.2410.25)
gradiente =1-6.4

76
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w, w, o & !
Wil = W; — )
i+ i dwl \
i | custo; w; dJ(wi)  « Wi
0 16.00 —4 -8 1 01]-320
11025 -32  —64 0.1 —-256
2 | 6.56 —2.56 —5.12 | 0.1 -—2.04

custo = (-2.56, 6.56)
J

gradiente = -5.12

77

Depurando o Gradiente Descendente

dJ v
w. =w; —«

s ) dw; \‘\
i |custoi | wi | dJ(wi) | o | win A
01600 —4 -8 0.1 -3.20 \
11025 —32 | —64 01 —256 v
2| 656  —256 | —512 0.1 —2.04 \
3| 417 | —2.04| —4.08 0.1 -1.63
4 266 | —1.63 —3.26 0.1 -1.30

= (-1.63, 2.66)
gradiente = -3.26

Wiyl = W; —

dJ
dw;

«

custo; w; dJ(w;i)

16.00 -4 -8

10.25 = -3.2  —6.

6.56 = —2.56 —5.12
4.17 | —2.04  —4.08

0.1
4 0.1
0.1
0.1

Wi+1
-3.20
—2.56
—2.04
—-1.63

J
custo 2/(-2.04, 4.17)
1| gradignte = -4.08

79

78

RN

Wiyl = W; — &

custo; | w; | dJ(w;)
16.00 —4 -8

10.25 | —3.2 —6.4

6.56 = —2.56 —5.12
417 | -2.04 -4.08
2.66 —1.63 —3.26
1.68 | —1.30 | —2.60

Depurando o Gradiente Descendente

dJ
dw;
«
0.1
0.1
0.1
0.1
0.1
0.1

Wit

-3.20
—2.56
—2.04
—1.63

~1.30 |

—1.04

80
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Depurando o Gradiente Descendente = Depurando o Gradiente Descendente
dJ A dJ \
w; =w; —o—— . w; =w; —« \
s ) dw; \.\ a ) dw; \
i custo; w; dJ(wi)  « Wi 1 \ i custo; w; dJ(wi) | « Wit 1 \‘\
0 | 16.00 —4 -8 0.1 -3.20 A, 0  16.00 —4 -8 0.1 -3.20 \
1 10.25 @ —3.2 —6.4 | 0.1 —2.56 \ 1 1025 @ —3.2 —6.4 | 0.1 —2.56 \,
2 6.56 = —2.56 —5.12 0.1 -2.04 \ 2 6.56 = —2.56 —5.12 | 0.1 -2.04 \
3 417 | —2.04 —4.08 0.1 -1.63 \'\ 3 417 | —2.04 —-4.08 | 0.1 -1.63 \~\
| 4 2.66 | —1.63 —-3.26 0.1 -—1.30 \ 4 2.66 —1.63 -3.26 | 0.1 -1.30 | \
5 1.68 | —1.30 | —2.60 0.1 -1.04 R 5 1.68 | —1.30  —2.60 | 0.1  —1.04 '\
6 1.08 | —1.04 -2.08 | 0.1 -0.83 6 1.08 | —1.04  -2.08 | 0.1 —0.83 | N,
J 7 0.68 0.83 1.65 0.1 0.66 J
cus'ton 04, 1.08) custo = (-0.83, 0.68)
gradiente = -2.08 gradiente = -1.65
MALTA MALTA
81 82

Depurando o Gradiente Descendente

dJ N dJ
Wip1 = W5 — &= \ Wip1 = W; — A—
i+1 i dw; N i+1 i dw;
i |custoi | wi | dJ(wi) a | wiy \‘\ i |custoi | wi | dJ(wi) | o | win .
0 | 16.00 —4 -8 0.1 —3.20 \, 0  16.00 —4 -8 0.1 —3.20 \\
11025 -3.2 —6.4 0.1 —2.56 \\ 1 1025 -3.2 —6.4 1 0.1 —2.56 N,
2 6.56 = —2.56 —5.12 0.1 -2.04 N 2 6.56 = —2.56 —5.12 | 0.1 —2.04 \'\
3 | 417 | —-2.04 | —4.08 0.1 -1.63 \, 3| 417 | -2.04 | -4.08 0.1 -1.63 | N,
4 2.66 | —1.63 —3.26 0.1 -—1.30 \~\ 4 2.66 —1.63 -3.26 0.1 -1.30 \'\
|5 1.68  —-1.30 —-2.60 0.1 -1.04 N 5 1.68 | —1.30  —2.60 0.1 —1.04 ] N,
6 | 1.08  —1.04 -2.08 0.1 -0.83 \, 6 1.08 -1.04 -2.08 0.1 -0.83 \~\
| 7068 | —083 -1.65 0.1 -0.66 3 J 7068 | —083 | —1.65 | 0.1 —0.66 N J
8 | 043  —0.66 —1.32 0.1 —0.53 - 8 043 | —0.66 —1.32 0.1 -0.53 N
9 028 | -0.53  —1.06 | 0.1 -0.42 -
custo = (-0.66, 0.43) custo = (-0.53, 0.28)
gradiente = -1.32 gradiente = -1.06
MALTA
83 84
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Depurando o Gradiente Descendente
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EEEE=IR-S RN [FoN

S IRNETIFCI P

, dJ
Wit1 = Wi — do,
custo; w; dJ(wi)  « Wi
16.00 -4 -8 1 01]-320
10.25 | —3.2 —6.4 0.1 -2.56
6.56 = —2.56 —5.12 | 0.1 —2.04
417 | —2.04 —4.08 0.1 -1.63
2.66 | —1.63  -3.26 0.1 -1.30
1.68 | —1.30 | —2.60 0.1 -—1.04
1.08 ' —-1.04 -2.08 0.1 -0.83
0.68 0.83 1.65 0.1 0.66
043  —0.66 -1.32 0.1 -0.53

0.28 ' —0.53  —1.06 0.1 -0.42

MALTA

85
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Depurando o Gradiente Descendente

dJ
Wi = W; — @
i+ i dwi
custo; w; dJ(wi) | a | win
16.00 -4 -8 0.1 —3.20

10.25 = -32 —6.4 | 0.1 -2.56
6.56 = —2.56 —5.12 0.1 -2.04
417 | -2.04 —-4.08 0.1 -1.63
2.66  —-1.63 -3.26 0.1 -1.30
1.68 | —1.30  —2.60 | 0.1 —1.04
1.08 | —-1.04 | —2.08 | 0.1  —0.83
0.68 0.83 1.65 | 0.1 0.66
0.43 | —0.66 -1.32 0.1 -0.53
0.28 | —0.53 —1.06 | 0.1 —0.42

0 Wp—1 0 0.1 0

custo = (0, 0)

qgradiente =y~ "= T

86

Exemplo Regressao Linear (Univariada)

Tarefa de regressao: predizer o
preco dado o tamanho da casa

T f(x): Preco da casa em fungdo do tamanho
o

T

2 f(z) =60+ b1z

g 2 x

]

e x
=1

=3 x

g1 o

£

2 X e

@ 0 X X x

] X ex XK

S, x%

g x

< -1 0 1 2 3

Tamanho da casa (em pés quadrados)

Qn—i-l — 9n - QVJH

MALTA
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Exemplo Regressao Linear (Univariada)

Tarefa de regressao: predizer o
preco dado o tamanho da casa

f(x): Preco da casa em fungéo do tamanho

°
x
x

X

Prego da casa (em 1000s de délares)

Tamanho da casa (em pés quadrados)

-1 0 1 2 3

=

Objetivo: min J(6o,61)
00,01

iteracao = 0
modelo = -0.01 + 0.03x
custo = 0.88489625

x

x x
X ex X%

x %

A [) 1 2 3

9n+1 - ‘9n - QVJQ

88
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: via Gradiente Descendente | Depurando o Gradiente Descendente

Jo()
Loss landscape,“Paisagem do custo”
Jiw) = w* costw) Jiw) = w * costw)
15 Ir=0.003 iter: 0 15 Ir= 0.003 iter: 0
dj(w) = -7.3892 dj(w) = -7.3892
w = -8.5000 w = -8.5000
1 w_t+1 = -8.5000 - 0.003*.7.3892 = -8.4778 n w_t+1 = -8.5000 - 0.003*.7.3892 = -8.4778

jiw) = 51171 jw) = 51171

Funcdo de custo J(w)
Funcao de custo J(w)

o o
-5 -5
-10 -10
-104 -75 -50 -25 op 25 50 75 wo -104 -75 -50 -25 oD 25 5D 75 wo
Pesos w Pesos w

89 90

APRENDIZADO DE MAQUINA

05 Single Model %x %7 Snapshot Ensemble m (@) QU B E LEARNING?
04 Standard LR Schedule :{M () 04 Cyclic LR Schedule . ;]«’,/g’ (
02 A . M PRIMEIRO ALG DE LEARNING

PROTOCOLOS DE TREINAM.

OTIMIZACAO

> REDES NEURAIS
BACKPROP + PRATICA
CNN + PRATICA

91
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Historico das Redes Neurais

Deep Neural Network

Pretrainin,
s [EER
[

erceptron
(Backpropagation)

ADALINE E

19 i
1980 1990 2000 2010
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15¥
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Redes Neurais

Redes Neurais
N
£(x)=Wo + Wy X

f(a:) = 90 -|— 911'

16/05/23
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Redes Neurais

/ “NEURONIO”

MALTA
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RS Redes Neurais
Sigmoid Tanh ReLU
W= =0T gl =max02)

Leaky ReLU

9(2) = max(ez, z)
withe < 1

u‘

RS Redes Neurais

99

RS

06
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fumeoes e ATivacoes
C \

ﬁ(‘lc‘ (\\:\0 \\ M=ARNDADE_

Redes Neurais

“it's a cat”

fALTA
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Redes Neurais Redes Neurais

“it's a cat”

I

J—

IS HEHEHEHEEBEEEEE

elofelolo
<
K

clelelele
@
o/

fowRRWARD m fowpp WA RD =
101 102

RECAPITULANDO... RECAPITULANDO...

Forward Pass Y . e ~ . ~ .
C > NN é uma composicdo de fungdes lineares e nao lineares.

Actual
output

Input output
Error E

Fungdes de ativagdes quebram as transformacgdes lineares

Funcgdes de ativagdes devem ser diferenciaveis

Derivative
of Loss

A
Forward: Y

< ——— ) Backward: calcula os gradientes da fungcéo de custo em
relagdo a cada parametro

103 104
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Backpropagation

APRENDIZADO DE MAQUINA

O QUE E LEARNING?
PRIMEIRO ALG DE LEARNING
PROTOCOLOS DE TREINAM.
OTIMIZACAO

REDES NEURAIS

> BACKPROP + PRATICA ‘ ;
CNN + PRATICA MALTA

‘5 1 @ |6
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# PRineirn CAMADA

v
X, qb 21 = 4xe.5 + 3 xd =Ll ) nli‘] s

107 108
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Redes Neurais

Redes Neurais

S # PRInEIRA CAMADA @ # PRineiRA CAMADA
)
X, @b 202 468 #3641 = 4, o s

4
202 L6 #3x4 =4 ul';':l s iz =m0

109

110

Redes Neurais

Redes Neurais
4 PRInEiRR CAMADA

1 4 Prineina cAMARA 1
9 R S ) 4 _
202 268+ 3xl = b | o s Tiez =820 202 2085 3%t =4, o s 3o =980
22 ¢ Ax.3 4+ 3 2.4 s (9, Qc;] = mwlo2,)= 1.8 22 ¢ Ax.3 4 3 2.4 s 19, QEL‘J = maclo2,) = L8
= ax. : g & B_
23 2243 4 3x4 Ay, ay _“z‘=_ 2,399
&y g
WSCEunDN CAMRDA

2y ol b+ aPut e Prs

24=.980x.9 4 L8x.{+.9933x.6 = 23323
a(?: max(0,24) = 1.3 32}

* \035

T A X Ak

2
loss =L(.{"_ y)z . ‘_(1.1513 - ;.) =(. 314
2 2z

111
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RS

Redes Neurais

H PRineira CAMADA

24 =L‘ ) QC“] :.9%20
23 =18, & =8
24 24, 0 =.33%
3 %) ay
FSCGumDh CAMADA

24= 2.3%23

(3]
Q= 4392y

% \o33

a_ @
Y=o
on- () MALA
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dloss . ol  of a8l an | dloss . oless o a8l an |
Wi 3 R 0@ ke 8 [ R YO R W)
2 1 o 1
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da’y Sday day Sary
X
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324 L 324 924
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dloss . dloss o8] aa | 3a® | sa .
I T MY

A%y Twe 380 (4 - -3820)

—— ~ —_— _
= (aao3-2) x W2470) o & x (T2 (4= T x 2. :@

) 1
Aloss , 9 (< [_u\,) . ooy
o 9o
dmfﬂ . a!l"“f(%ln)] = 1(2470)
324 924
3} a .
a2y 3(}&;,‘1{- «\2;.(4 q:sjﬁ-b] .4
a &l V7
. '
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92y 924
s ] @[]
’ L) L] 920 - 9!&«-611;1‘] Y
Fta 3.5

Derivaoas 34 colLulodas p/ o peso AmTerior

T )
Jooless a& 5 8l 4

oM Ty T g T, @
da a9 S dw,,

92 . [.-lx.5+ 3x4__)

=3
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r
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PRATICA

shorturl.at/pgJPO

EAE

Slel A

130

APRENDIZADO DE MAQUINA

O QUE E LEARNING?
PRIMEIRO ALG DE LEARNING

PROTOCOLOS DE TREINAM.
OTIMIZACAO

REDES NEURAIS

BACKPROP + PRATICA

> CNN + PRATICA

132
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https://shorturl.at/pqJP0
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Tarefa envolve images? Tarefa envolve images? reshaped image vector
3-channel matrix
pixel image Blue 253
s 231
reen
- 42
- & | 2
5 123
94
:
92
142
255 x 255 x 3 = 195075

MALTA MALTA

T [ =g

133 134

QUANTAS OPERAGOES SAO NECESSARIAS PARA O PRODUTO
DA CAMADA SUBSEQUENTE DA NN MLP RETORNAR UM
VETOR DE MESMA DIMENSAO QUE A IMAGEM DE ENTRADA?

255 x 255 x 3 = 195075

255
231
42
22
123 [+=) =

92
142

135 136
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255 x 255 x 3

= 195075

255 )
231 P‘
2 o]
22 ﬂ,
123 ® = & |
A fo |1
: i :
92
142 flasowy MALTA
137
> J Physiol. 1959 Oct148(3):574-91. doi: 10.1113/jphy A Experimental setup B stimulus Stimulus

Receptive fields of single neurones in the cat's
striate cortex

D H HUBEL T N WIESEL

PMID: 14403679 PMCID: PMC1363130 DOI: 10.1113/jphysiol 1959.5p006308

2v=iw6nBWo21Zk&t=315

Light bar stimulus
projected on screen

Recording from visual cortex

orientation  presented

NN EAEn

16/05/23

255 x 255 x 3 = 195075

#Operacgoes = (1,195075) x (195075, 195075) ~ 4 x 10*°

255 : fo
231 : £,
2 : N
22 ?ﬁ
123 ® = & ||
94 Po |1
o] '
)
142 fiasow MALT,

138

Imagens possuem algumas caracteristicas
interessantes

» Coeréncia espacial
+ Invariancia a translacao (rotagao, escala, ...)

140
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https://www.youtube.com/watch?v=jw6nBWo21Zk&t=315s

128 x 10

3136 x 128

MALTA

141

28x28

=]

32x14x14

32x28x28 i
Convolution Convolution
padding =1, padding = 1,
kernel = 3x3, Max pooling kern_el =3x3,
stride = 1 Kernel = 2x2, stride = 1
* Stride =2 *
RelU RelU

64x14x14

128 x 10

) 3136 x 128
Max pooling
Kernel =2x2,  pat

Stride =2

MALTA

143

Ex<xTRPTo R
D€ £ KRes

128 x 10
3136 x 128

MALTA
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KERNEL
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PADDING
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INTELIGENCIA
ARTIFICIAL

Uma Abordagem de
o
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\ PRATICA

shorturl.at/ouL57

airplane %HV » ..:":
automobile EE@EEE‘
bird X !
cat

deer

dog

..
frog --!ﬂ.lﬂli.
horse '.ﬂﬂnugmu
ship Ehhﬂﬂﬁg
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https://poloclub.github.io/cnn-explainer/
shorturl.at/ouL57

