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"Se cada instrumento pudesse
realizar seu proprio trabalho,
obedecendo ou antecipando a
vontade de outros, (...), 0s
mestres de oficio nao
precisariam de servos, nem 0s
senhores de escravos.” -
Aristoteles, Politica
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Source: Wikipedia
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Inteligéncia e a capacidade de
agir de forma proposital, de
pensar racionalmente e de
lidar efetivamente com o
ambiente - David Wechsler -

TgrpER BRI

kA W

- ,
©
oo0. 100;

Inteligéncia Artificial (IA) € um
ramo mutidiciplinar da
computacdo focado na criagao
de maquinas inteligentes que
realizam tarefas que exigem
cogni¢ao humana.
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Uma Breve Historia da IA...

1943 McCulloch & Pitts: A Logical Calculus of Ideas Immanent in Nervous Activity
1950: Alan Turing: Turing Machine & Turing Test
1956: Conferéncia de Dartmouth

1966: John von Neumann: auto-reproducao de maquinas autobnomas
1° Inverno

70  1980: John Hopfield et al. Redes Neurais Recorrentes (RNN)

* 2" Inv=T"° 1986: Geoffrey Hinton et al. Back-Propagation

1997: Deep Blue da IBM vence Kasparov

3 Inx)egno 1999: MNIST
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Uma Breve Historia da IA...

Meados dos anos 2000: “Deep Learning” (Geoffrey Hinton)
Internet : .
‘05 2012: NN — ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

: 2014: Google — DeepMind — AlphaGo vence Lee Sedol
Business

) 2017: Adocao massiva de IA pela industria: Data Science — Big Data — Al

(Deep Learning) — 42 Revolugao Industrial

Perception : : : :
‘12 2018: Google/Deepmind — AlphaFold: David Baker, Demis Hassabis,

John Jumper
aelCULLLEE 2020: GPT-3 da OpenAl: LLM — 175x10° parametros

‘20
2022: ChatGPT da OpenAl: Populatizac&o da Inteligéncia Avrtificial

2024: GPT-4, GPT-40, Gemini, Llama, Claude,
MidJoruney, Dall-E, Stable Diffusion, MilhGes
de Apps, Sites, Tools, Start Ups com IA
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O MERCADO GLOBAL DE IA

Global Artificial Intelligence Market BEv99E

Share, by End-use, 2023 (%)

GRAMND VIEW RESEARCH

$1.5T @ 2030

1

$196.6B

Global Market Size,
2023

@ Advertising & Media BFSI Healthcare Automotive & Transportation
# Manufacturing ® Retail @ Agriculture Lianw

. | -. o f _'|_|_,' L e T
Others e grandviewresearch . com

BFSI: Banking, financial services and insurance
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| A ‘Learns from Rules/Examples/Data”

| 4

Sistemas Especialistas
l Algoritmos Genéticos

. . Redes Bayesianas
Aprendizado de Maquina msp : O Neurdnio Artificial (Perceptron)

Redes Neurais Artificiais

4

Aprendizado Profundo (Deep Learning)

Feed Foward Multi-Layer Perceptron (MLP) | Supervisionado (Predicdo, Reconhecimento de padrdes)
Recurrent Neural Networks (RNN) | Por Reforgo (Player Agents, Robdtica, HFTs)
Convolutional Neural Networks(CNNs) | Néo Supervisionado (Generative IA, Data Analysis)
Generative Adversarial Networks (GANSs)
Large Language Models (LLMs)

Kormogorov-Arnold Networks (KANS) Data is the new oil. clive

Decision Uegs Humby, British mathematician and
data science entrepreneur (2006)
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A rede neural artificial

Neural
Network

Source: Al-Talks.org
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O Neurdnio Artificial

The Biological Neuron

Cell body

Nucleus '\
\

~ Golgi apparatus
Endoplasmic
reticulum

Mitochondrion ~Dendrite

N\
SN Dendritic branches

Multipolar Neuron. By BruceBlaus CC BY 3.0 September 30,
2013. Source: Wikimedia Commons.

McCulloch, Warren S., and Walter Pitts. "A
logical calculus of the ideas immanent in
nervous activity." The bulletin of
mathematical biophysics 5 (1943): 115-133.

Activation function evaluation
(Non-Linear Operation)

f(z) =

1+e 2

Source: Al-Talks.org
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Exemplo: Ensinando um Perceptron

Linear a somar... Z=w, Y +w,Y,

Hyperparameter . |
Learning Rate (LR) = 0,01 WelghtS New Welghts
Foward Feed + New z=wl*yl+  Error=(yl +y2)-
1+LR*y1*E: 2+LR*y2*E
Weights N yl y2 yl+y2 wl w2 w2*y2 (wityl+w2%y2) wl+LR*y1*Error w2+LR*y2*Error

o [1[1] 2 || os | o0 | 100 | ,
| 2 [3]3] 6 [ oss | oes | 3% | 270 | o053 | 073 |
| 3 |aja] 8 [ os3 | o3 | so4 | 296 | o065 | 085 |
eTaie s Te e[ 2 | om | ow | 109 [ 1st |  os | 106
| 6 [7]7] 14 [ os | 106 | 13510 | os49 [ o090 | 110 |
| 7 [8[8] 16 | o | 110 | 1599 | o001 | 0% [ 110
nnnmm“

Inputs
Y..Y, Label 2
Epoch Y,+Y,
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TEOREMA DA APROXIMACAO UNIVERSAL

O teorema da aproximacao universal afirma que, para qualquer funcéao
continua g definida em um conjunto compacto, é possivel encontrar uma rede
neural com uma unica camada oculta que aproxime g.

Para uma rede neural com n valores de entrada, N neurbénios na camada
oculta

N n

F (51, x5, S z a;f zxini g

j=1 i=1
Onde F (x4, x5, ..., X,) € uma aproximacao da funcao g, tal que:
|F(xq, X5, o, Xp) — g(xq, X5, ..., x5)| < €

Em que € € uma especie de erro entre a fungao que se deseja aproximar e a
rede.

Hornik, Kurt; Stinchcombe, Maxwell; White, Halbert (January 1989). "Multilayer
feedforward networks are universal approximators"”. Neural Networks. 2 (5): 359—-366.
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Deep Learning Step 1: Deep Neural Network Feed-Foward
y = f&) (W(L—lif(L—ll (W(L—ziff.ﬂ—ﬂ) ( O (W“}x+ hill) + b(L—EJ) + b(L—li) + b(L})

Step-by-Step Breakdown:
1. Compute the input to the first hidden layer:

20 — Wy 1+ b®
Apply the activation function:

al) = f (5(1))
2. Propagate through each subsequent layerl = 2,3,...,L — 1:

20 — Whal-D 4 p0
> a® — FO(z0)

Deep Neural Network Feed-Foward 3. Compute the final output for the last layer L:

j = f@ (W(L—l)au—l} + b(m)
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Deep Learning Step 2: Backpropagation

Learning representations by back-propagating errors DE Rumelhart, GE Hinton, RJ Williams Nature
323 (6088), 533-536

. 1
Error Function  E = 3 » (vi —9:)* —> Backpropagation for Gradient Calculation
=1

=

: OF
\ Biases Bpew = Boa — “g_g
1

Learning Rate
Partial Derivatives

<€ (via Chain Rule)

Deep Neural Network Backpropagation OE OE 9y 07
o oW 0y 0Z oW
o OE OE oy 027
o _

B 08y 0Z OB
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Deep Learning: Step N: Feed Forward + Backpropagation with
Stochastic Gradient Descent until the Error reaches a minimum.

3D Plot of Hill Function

\\\\\\

a2

Deep Neural Network Feed- Foward

<€

Deep Neural Network Backpropagation

“i‘ #i#?i'us
‘;

COLOQUIO DO DEPARTAMENTO DE FiSICA DA UFMG 1 de dezembro de 2024 15



Kolmogorov-Arnold Networks (KAN)

TEOREMA DE REPRESENTACAO DE KOLMOGOROV-ARNOLD

Vladimir Arnold e Andrey Kolmogorov estabeleceram que, se f é uma fungéo
continua multivariada em um dominio limitado, entdo f pode ser escrita como uma
composicao finita de fungdes continuas de uma variavel e a operagéo binaria de
adi¢do. Mais especificamente, para uma fungao suave f: [0,1]"— R,

2n+1 N
£() = IR o, , (x,)
g=1 p=1

LIU, Ziming et al. KAN: Kolmogorov-Arnold Networks. arXiv preprint, 2024.
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ARQUITETURA MLP VERSUS KAN

Multi-layer perceptrons (MLPs) Kolmogorov-Arnold Networks (KANS)

N INMNVNANN LY

MLP(x) = (W,_{ ©a ° W,_,°a o W > Wo)x KAN(X) = (@p—1 ° Pp_p ° = ° @ ° D)X
np—1 np_2 ng no
f(x) = Z DPrL-1,i;i;_1 Z PL-2,i5i, | - z DP1,iyiq Z Po,iq ig (xio)
ip_1=1 i_p=1 ii=1 ip=1

Todas as operagdes séo diferenciaveis: permite usar backpropagation nas KANs.
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MLP versus KAN

f(x) = Jo(20x) f(x, y) = exp(sin(nx) + y?)

== KAN (depth 2) N wi= KAN (depth 2) R - 2 wl= KAN (depth 2)
MLP (depth 2} MLP (depth 2) ) MLP (depth 2)
MLP {depth 3) : —e— MLP (depth 3) MLP (depth 3)
MLP (depth 4) —8— MLP (depth 4) o’ MLP (depth 4)
MLP (depth 5) MLP (depth 5)
Yy M) Theory {KAN) 0-% Theory (KAN)
Theory (1D} =T Theory {ID) A Theory (ID)

1]
n
=
o
o+

wn

Q
4

10t 102 10° 104 s 1ot 102 108 10° 10° 102 10° 104 10°
Number of parameters Number of parameters Number of parameters

«  MLPs: adicdo de mais neur6nios e camadas na rede para melhorar a aproximacao.

«  KANs tentam entender melhor a estrutura da fungdo, dessa forma, conseguem fazer a aproximagao de
forma mais eficiente, usando menos neurdnios.

KANs levam cerca de |0 que as MLPs para serem treinadas.

«  KANs sdo mais eficazes na representacao de fungdes do que as MLPs em varias tarefas (regressao e
resolucéo de EDPs).
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EXEMPLO: OSCILADOR NAO LINEAR

Quando a forga restauradora € néo linear, as oscilagdes do sistema passam a ndo serem mais
harménicas. Sistemas com essa caracteristica sdo conhecidos como osciladores anarménicos
ou osciladores néo lineares. Nesses casos a frequéncia dependera da amplitude da oscilacéo.

Oscilador cubico

O oscilador cubico. Nele a forca
restauradora é dada por:

F = —hx®
LA _ ko
dtz - mx ( )

que é uma equagéo diferencial
20 : : nao linear sem solugdo analitica.

Tempo (s)

Cortesia: Rafaela e Danthanny
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ARQUITETURA MLP VS KAN

Multi-layer perceptrons (MLPs) Kolmogorov-Arnold Networks (KANS)

Training and Testing Dataset: Numerical Solution - Runge-Kutta de 42 ordem (RK4)
Matriz de entrada: 3x20.000

Dados de entrada: tempo (t), posicao (x), velocidade (v)
Label: posicao e velocidade em um instante de tempo posterior: xta¢) € V(t+at)
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SOLUCOES MLP VS KAN

Tarefa de Regressao do Oscilador Cibico com MLP (Posigao) MLP - Train Loss e Test Loss

= Solugao Real
Predicdes da MLP Test Loss

Train Loss

Amplitude
o
(=]

KAMN - Train Loss e Test Loss

—— Train Loss
Test Loss

Amplitude
o
[=]
\

— Solugdo Real
Predigbes da KAN

T T
175 200

1 de dezembro de 2024
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MLP VS KAN

Arquitetura

Tempo de execucao

Erro final (train loss)

Erro final (test loss)

Generalizagao (diferenga entre treino e teste)
Erro final na posic¢ao (x)

Erro final na velocidade (v)

Acuracia final (training dataset)

Acuracia final (testing dataset)

Consumo de memoéria (CPU)

Explicabilidade
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[3,10,2]
519,71 segundos
0,0426
0,0423

0,0003

0,0254
0,0310
94,72%
94,77%
0,01 MB

Sim

[3,128,2]
14,31 segundos
0,0018
0,0016
0,0002
0,0240
0,0164
94,62%
94,65%
0,07 MB

Nao
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AGI (ARTIFICIAL GENERAL INTELLIGENCE)

Test scores of Al systems on various capabilities relative to human

performance

Within each domain, the initial performance of the Al is set to —100. Human performance is used as a baseline, set to zero.
When the Al's performance crosses the zero line, it scored more points than humans.

20 Reading comprehension
/’4 Image recognition
/ Language understanding
Handwriting recognition
Speech recognition
Predictive reasoning

1998 2005 2020 2023

Data source: Kiela et al. (2023) OurWorldinData.org/artificial-intelligence | CC BY
Note: For each capability, the first year always shows a baseline of —100, even if better performance was recorded later that year.
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- McKinsey Global Institute (2024)
Até 2030, 30% das horas trabalhadas nos EUA serdo automatizadas pela IA.
Até 2030 14% dos trabalhadores globalmente precisardo mudar de ocupacao.
40% das empresas globais utilizam |A diretamente.
82% das empresas globais estao explorando |A em suas organizagdes.
Espera-se que o mercado global de IA atinja $1,85 trilhdes até 2030.

- Nature Briefings (Oct. 2024)
De acordo com a AlE, em 2022, os data centers consumiram 1,65 bilhdo de gigajoules de
eletricidade, cerca de 2% da demanda global.
Até 2026, a AIE projeta um aumento de 35% a 128% (consumo anual de energia da Suécia no
menor estimativa e da Alemanha na pior das hipoteses).
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"Em tempos de mudanca, o medo € natural, mas a esperanca nos define.
A inteligéncia artificial € uma ferramenta cujo propdsito cabe a nos
decidir. A verdadeira revolugao sera usar a tecnologia para expandir
nossa humanidade."- ChatGPTo (Oct 2024)
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Technical Books

4th Ed. 2021

Other Books

THE AGE OF
SPIRITUAL

MACHINES

{0y

RAY KURZWEIL

NEW YORK
TIMES
BESTSELLER

SILICON VALLEY,
NEW WORLD ORDER

7 A 1
s A1l
/AN -
N/

2021

NICk M

SUPERINTELLIGENCE

Paths, Dangers, Strategies

BESTSELLING AUTHOR OF AXI SUPERPOWERS

KAI-FU LEE

Al

/// TEN VISIONS\FOR OUR FUTURE ///

Z A4 |

CHEN QIUFAN

AUTHOR OF WASTE TIDE

2021
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~ Daniel Kahneman

Human
Compatible

ARTIFICIAL INTELLIGENCE
AND THE
PROBLEM OF CONTROL

Stuart Russell

2020

NATIONAL BDESTSELLEN

THE AGE
OF Al

And Our Humsan Future

Henry A. Kissinger
Eric Schmidt
Daniel Huttenlocher

2022
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@
&
. 364 Artigos (Portugués/Inglés)
AI—TalkS.OI‘g ~50k Leitores
Al ad astra 200+ Paises

® UF G
AI-TalkS T

Al ad astra
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