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Google's DeepMind Al Just Taught Itself To Walk

It might
look goofy ...

https://www.youtube.com/watch?v=gn4nRCCOTwQ


https://www.youtube.com/watch?v=gn4nRCC9TwQ

Aprendizado por Reforco em 2019

Billionaires

Forbes

Gartner Hype Cycle for
Artificial Intelligence, 2019

A
AutoML
3 \ Chatbots
Digital \ {
Ethics ASHA Conversational
Intelligent \ \ User Interfaces
Applications L \\ /
3 Deep Neural Networks
Quantum " (Deep Learning)
Computing ol
Deep Neural 3 — Graph Analytics
Network ASICs
3 Machine Learnin
Smart Robotics ) ~ Al PaaS 9
Edge Al
NLP
(/)] Al Developer
c Toolkits ._
Al-Related ™ ~— - VPA-Enabled Wireless Speakers <
O C&SI Services ~._ Explainable Al Speech Recognition
‘= () — Robotic Process Automation Software S gl p—
@ Data Labeling and D i
An U i ~
- notaticn Services = Kriowledge GPU Accelerators
o Al Cloud Graphics FPGA Accelerators
° Services -
Decision Virtual Assistants
Q. Intelligence
X Neuromorphic .~
m Hardware ; Computer Vision
Augmented / )
Iméqlhgence . o Insight Engines
Ak nt S . Cognitive Computing
Reinforcement
Learning .
Artificial General
Intelligence Autonomous Vehicles
Peak of
Innovation Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity

Innovation

Business Small Business

Leadership Lists

Money Lifestyle

Reinforcement Learning
Will Be 2019's Biggest

Trend In Data Science
P —

Interest over time Google Trends

® Deep Reinforcement Learning

Note
1

Pull requests

O Reinforcement Learning Issues Marketplace Explore

-
Time
Plateau will be reached:

() less than 2 years @ 2to5years @ 51010 years @ more than 10 years @ obsolete before plateau

—

INSTITUTODE MATEMATICAEESTATISTICA
UNIVERSIDADE DE SAOPAULO

As of July 2019

Repositories 18K} 18,356 repository results
Code aD
_— E]l openai/gym

Commits @ A toolkit for developing and comparing reinforc:
Issues D % 19.5k @ Python Updated 23 hours ago
Packages 0

El dennybritz/reinforcement-learning
Marketplace o Implementation of Reinforcement Learning Alg;
Topics ® Solutions to accom...

% 13.6k @ Jupyter Notebook Updaf

MIT license

Curso de Verao IME 2020 - Introducéo ao Aprendizado por Reforco

3



Grandes avancos em 2019 ...

Artificial Intelligence

DeepMind’s Al has now outcompeted
nearly all human players at StarCraft Il

AlphaStar cooperated with itself to learn new strategies for
conquering the popular galactic warfare game.

Artificial Intelligence sty

An algorithm that learns through rewards
may show how our brain does too

By optimizing reinforcement-learning algorithms, DeepMind
uncovered new details about how dopamine helps the brainlearn.

Artificial Intelligence

A robot hand taught itself to solve a
Rubik’s Cube after creating its own
trainingregime

Researchers at OpenAl have developed a new method for
transferring complex manipulation skills from simulated to physical
environments.

https://www.technologyreview.com/search/?s=Reinforcement+Learning
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... mas ainda ha muitos desafios pela frente!

Deep Reinforcement
Learning Doesn't Work Yet

https://www.alexirpan.com/2018/02/14/rl-hard.html
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Deep RL necessita de uma enorme quantidade de dados

Definir objetivos via “engenharia de recompensas” ndo é
nada trivial em boa parte dos casos

Otimos locais podem ser desafiadores ou até inevitaveis

“Overfitting” ainda € um problema em aberto

Aprendizado é instavel e resultados dificeis de reproduzir
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O que esperar desse curso?

® 5 aulas (teoria + pratica):
1. Introducao ao Aprendizado por Reforco (RL)
Policy Gradients (REINFORCE)
Funcdes Valor e técnicas de reducao de variancia

2
3
4. Actor-Critic (A2C) e Generalized Advantage Estimation (GAE)
5. Toépicos Avancados (TBD)
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O que esperar desse curso?

e Parte pratica: OpenAl Gym, TensorFlow 2.0 + Keras, NumPy, Bokeh
e APl do OpenAl Gym

® Implementagao de redes neurais via APl de modelos do Keras
® Treinamento de modelos via diferenciacdo automatica no TensorFlow

® Monitoramento de experimentos e visualizacdo do desempenho de agentes

@OpenAI ‘* TensorFlow
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Aula 1

Agenda

1. Aprendizado por Reforgo (RL) & MDPs
2. Deep RL = Deep Learning + RL

3. Aproximadores de funcdo em RL

4. Deep RL: arcabouco algoritmico

Objetivos

e Familiarizar-se com os objetivos e formato do curso

e Ter uma ideia geral sobre possiveis aplicagcdes de RL

e Aprender os conceitos basicos e vocabulario de RL

e Entender as diferencas entre RL e Supervised Learning (SL)

INSTITUTO DE MATEMATICAEESTATISTICA 5 5 -
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Aprendizado por Reforco: visao geral

Ciclo de interacdao Agente-Ambiente
Um agente ...

(1) interage com o ambiente;

(2) coleta experiéncias; e

(3) aprende com seus erros e acertos!

INSTITUTO DEMATEMATICAEESTATISTICA
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Observacéao

Agente

Acao

Ambiente
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Aprendizado por Reforco: Exemplos (1/2)

CartPole-v1 Breakout-v0

e Objetivo: manter o mastro na vertical por 200 passos e Objetivo: maximizar o score do jogo

e Estado: posicdo e velocidade (angular) do mastro e do carro e Estado: image RGB de shape=(210, 160, 3)

e Acao: mover o carrinho para esquerda ou direita e Acao: numero{0, 1, 2, 3}; mover ou ndo a barra

e Recompensa: +1 para cada passo que o mastro nao cai e Recompensa: score do jogo (e.g., tijolos quebrados)
e Término: o mastro cai (> 12 graus) ou o carro sai da tela e Término: jogador perde todas as “vidas”

e Solucao: retorno acima 195 por 100 episédios consecutivos e Solucao: maximizar o score médio por 100 episédios

INSTITUTO DEMATEMATICAEESTATISTICA 5 5 ~
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Aprendizado por Reforco: Exemplos (2/2)

® Policy gradient methods for robotics (Peters and Schall, 2006)
® Crowdfunding Dynamics Tracking: A Reinforcement Learning Approach (Wang, Zhang, Liu et al, 2019)

® Developing Multi-Task Recommendations with Long-Term Rewards via Policy Distilled Reinforcement Learning (Liu, Li,
Xie et al, 2019)

e An Efficient Deep Reinforcement Learning Model for Urban Traffic Control (Lin, Dai, Li et al, 2018)

e Universal quantum control through deep reinforcement learning (Niu, Boixo, Smelyanskiy et a, 2019)

® Practical Deep Reinforcement Learning Approach for Stock Trading (Xiong, Lil, Zhong et al, 2018)

® A REVIEW ON DEEP REINFORCEMENT LEARNING FOR FLUID MECHANICS (Garnier, Viquerat, Rabault et al, 2019)

® SquirRL: Automating Attack Discovery on Blockchain Incentive Mechanisms with Deep Reinforcement Learning
(Hou, Zhou, Ji et al, 2019)

® \Which Channel to Ask My Question?: Personalized Customer Service Request Stream Routing using Deep
Reinforcement Learning (Liu, Long, Lu et al, 2019)

INSTITUTO DE MATEMATICAEESTATISTICA 5 5 -
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Aprendizado por Reforco e MDPs

Um Processo de Decisao Markoviano (Markov Decision Process) é definido por:

SA,p,PR

Fungao recompensa

conjunto de estados reo1 = R(st, ar)
st €S8
conjunto de acoes funcédo de transicao
ap € A St+1 ~ P(stt1[st, at)

distribuicao inicial
so ~ p(so)
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Aprendizado por Reforco e MDPs

Tempo discreto t=0,1,2,...

Propriedade de Markov
e “O futuro é independente do passado dado o presente”

P(sti1| (so,a0), (s1,@1), .., (St,at)) = P(S41 | s, ar)
Futuro Passado Presente
Dinamica estacionaria Vi,t' =0,1,...
® “"Hoje ndo é diferente de amanha” P(siy1 =s'|s; =s,a; =a) = P(syy1 =s'|sy =s,ay = a)

N
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Aprendizado por Reforco e MDPs

Trajetoria T0.7 = (S0, @0, 71, 51, Q1,72, 582, - . ., ST—1, GT—1, 7T, ST)
(episédio)
T-1
Retorno R(TO:T> =114+ 19+ rp = Z Tii1
t=0
Politica a; ~ W(at|st)
(estocastica) E— e
1 ;
Funcao - _
Objetivo J(W) = Err [R(T)] = E;or Z T't+1
| t=0 il
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Aprendizado por Reforco: definicao de “problema”

Dado um ambiente (modelado porum MDP) S, A, p, P, R

T4 -
Encontrar uma politica étima T = arg max J(7T) = arg max Ik, E T't4+1
t=0

so ~ p(so)
Tendo acesso
somente a St+1 ™ P(St+1|Sta at)
amostras a, ~ W(at\st)

T't41 = R(St, Cbt)

INSTITUTO DEMATEMATICAEESTATISTICA 5 5 ~
UNIVERSIDADE DESAG PAULO Curso de Verao IME 2020 - Introducéo ao Aprendizado por Reforco 15




Deep RL = Deep Learning + RL

A mostly complete chart of
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https://www.asimovinstitute.org/neural-network-zoo/

Deep RL = Deep Learning + RL
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https://www.tesla.com/autopilotAl
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Aproximadores de funcao em RL

e Pélitica: mapeamento entre estados e acdes mg(a,|s,)
* Funcéo Valor: estimador dos retornos esperados Vy(s) = E,_, [R(T) | §¢ = S]

® Modelo: dindmica do ambiente e/ou recompensas P, (s'|s,a) = P(s'|s, a)

INSTITUTO DEMATEMATICAEESTATISTICA 5 ) 5 ~
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Deep RL Zoo - Taxonomia de Algoritmos de RL

RL Algorithms
!
a 3
‘ Model-Free RL Model-Based RL
”; L
) { 3
; 3 { | | 3
Policy Optimization ‘ Q-Learning Learn the Model | Given the Model
Policy Gradient <« 4% DQN — World Models —ﬁ AlphaZero
| | DOPG <« : ::'
A2C/A3C < . cst ——>  I2A
: —> TD3 D am—
PPO «—— ) : > QR-DQN —>  MBMF
E——— SAC ] ) g

TRPO -

A4

MBVE

—>  HER

https://spinningup.openai.com/en/latest/spinningup/rl_intro2.html#id20
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Aprendizado por Reforco Vs. Aprendizado Supervisionado

® Nio ha “oraculos” :

® Sem acesso explicito as respostas certas (i.e., nenhum target ou label é fornecido)
® feedback esparso e/ou atrasado:

® Maior parte do tempo o agente recebe pouca informacao para melhorar seu desempenho
® Geracgdo de dados:

® Nao ha nocao clara de “datasets”

® Se a politica do agente se altera, a distribuicao das experiéncias do agente também muda

INSTITUTO DE MATEMATICAEESTATISTICA 5 5 -
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RL: Otimizacao de Politica - Algoritmo

Algoritmo 2 Otimizacao de Politica
Entrada: parametros da politica 6; taxa de aprendizado «
1: enquanto nao satisfeito faca

2: Colete trajetorias com a politica atual, 7, 79,..., 7y ~ Ty
3: Calcule os retornos de cada trajetéria,
T(k) 1
k
R 3
t=0
4: Estime o desempenho da politica,
|
J(mo) ~ > Ry
k=1
5: Compute gradientes e atualize os parametros da politica,

0« 0+ CMV@J(W@)

6: fim enquanto
7: devolve
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Referéncias

(1) Reinforcement Learning: An Introduction (Sutton & Barto 2018, 2nd Edition)

e Capitulo 1 (http://incompleteideas.net/book/RLbook2018.pdf)

(2) OpenAl Spinning Up

e https://spinningup.openai.com/en/latest/spinningup/rl_intro.htm|

(3) Challenges of Real-World Reinforcement Learning (Dulac-Arnold, Mankowitz, and Hester, 2019)

® https://arxiv.org/abs/1904.12901

(4) Reinforcement Learning Applications (Li, 2019)

e https://arxiv.org/abs/1908.06973
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