“Deep Reinforcement Learning”
Sometimes it works,
but more often it does not !!
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Loria research topics
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THE INTERMATIONAL WEERLY

At last — a computer program that
can beat a champion Go plz PAGE 484

ALL SYSTEMS GO

David Silver et al. (2017). “Mastering the game of Go without human
knowledoe” |In: MNatiire R0 7676 n 3AIKA
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“The exciting new effort to make computers
think ... machines with minds, in the full
and literal sense” (Haugeland, 1985)

“[The automation of] activities that we asso-
ciate with human thinking, activities such as
decision-making, problem solving, learning
...” (Bellman, 1978)

“The study of mental faculties through the
use of computational models”
(Charniak and McDermott, 1985)

“The study of the computations that make
it possible to perceive, reason, and act”
(Winston, 1992)

“The art of creating machines that perform
functions that require intelligence when per-
formed by people” (Kurzweil, 1990)

“The study of how to make computers do

things at which, at the moment, people are
better” (Rich and Knight, 1991)

“A field of study that seeks to explain and
emulate intelligent behavior in terms of
computational processes” (Schalkoff, 1990)

“The branch of computer science that is con-
cerned with the automation of intelligent
behavior” (Luger and Stubblefield, 1993)

Figure 1.1

Some definitions of AL They are organized into four categories:

Systems that think like humans.

Systems that think rationally.

Systems that act like humans.

Systems that act rationally.

<Artificial Intelligence: A modern approach=, Russell and Norvig 1995
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Example: find the cheese
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Markov Decision Process (Beliman 1957, Groupe PDMIA 2008) 5
Spaces
» S : states
. Agent
» A : actions
Dynamics az ~ ﬂ-('lst)
> P(sti1lst, ar)
transitions St

> R(s,a) : reward

Ty~ R(s¢,ay)
Environment
Agent St41 ™ P(-|8t,at)

» 7(a¢|s:) : policy

Value Function: V™(s) =E., [E;l ~ire|so = s}, ve[0,1]
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Reward and Value Function

States

+? Action P

RET T Reward
6 $ 7 8
9 IQ,(;. 11
+1 Reward
Criteria

Value Function: V™ (s) =E., [2;1 ~yire|so = s], v € [0,1]
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2 Adion e Value Function

Reward and Value Function
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+1 Reward

Value Function: V™ (s) =E., [2;1 ~yire|so = s], v € [0,1]
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Reward and Value Function

2 Acion U Q-Value Function
+1 Reward

Q-Value: Q(s,a) =E_, {2;1 Yir|so = s,a0 = a], ~v € [0,1]
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Learn @, even without Model/Dynamics 5

Spaces
> S : states
» A : actions

Dynamics

'W: T4

transitions St

» Rls-a): reward

Agent

ar ~ m(.|st)

’I”tN

Agent |5t,at
> 7(a¢|s;) : policy

Critere

Value Function: V™(s) =E., [E;l ~ire|so = s}, ve[0,1]
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Q-Learning

Optimal Q-Function Q*
> By definition: Q*(s,a) = maxzjnn {Er [> o0V rels0 = 5, a0 = a]}
» Property: Q*(s,a) =E_,[R(s,a) +vymaxyeca Q*(s,a")]

Q-Learning (Watkins 1989)

1. Define a exploration policy mr, Init Q(s, a), Vs, a

2. Repeat until “convergence”

2.1 In s, apply ™ ~> (st, at, e, Se41)
2.2 Update
Q(st, ar) <— Q(st,ac) + e [re + ymaxaca Q(se+1,3") — Q(st, ar)]

3. Optimal Policy: 7*(s) +— argmax,c 4 Q(s, a), for all s € S

Sufficient Conditions for convergence
> Every (s, a) explored infinitely often

> S a; =00, Y (ar)? < o0
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Reinforcement Learning %

The framework of Markov Decision Processes ensure that:

Repeat until “convergence”
1. chose an action in state (~ ry, Sty1)

2. update Q-valeur from previous state according to reward
(avec AQ & [rt + ymaxye a4 Q(st11,a") — Q(st, ar)])

will lead to the optimal policy.
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Reinforcement Learning

The framework of Markov Decision Processes ensure that:

Repeat until “convergence”
1. chose an action in state (~ ry, Sty1)

2. update Q-valeur from previous state according to reward
(avec AQ =~ [rt + v maxyc 4 Q(st41,3") — Q(st, at)])

will lead to the optimal policy.

Problem

References

w
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How can we represent/memorize this Q function when S is a continuous

(or very large) space ?
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Artificial Neural Networks (4 Deep Learning)
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Universal Approximator

Theorem Univeral Approximation
Formal neural networks with at least 3 layers are universal

References

w

approximators under rather weak hypothesis on the activation functions

(non-polynomial).

Cybenko 1989; Hornik 1993; Scarselli and Tsoi 1998

Input Output
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Supervised Learning %

Gradient Descent using Back-Propagation
Examples with labels : {x',t' = f(x')},.,

Minimize error : E =33, (y" — t/)?

Repeat

1. Example x; ’wy;

2. Gradient error
wij

3. Update

Awj = —a X

OE >

(9W,'j
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Supervised Learning

Gradient Descent using Back-Propagation

Examples with labels : {x',t' = f(x')}
Minimize error : E =33, (y" — t/)?

i€l,..,N

Repeat t
1. Example x; I Vi D £
2. Gradient error : v
W,'j 1
3. Update '
OE iz
Awj = —a X

(9W,'j

References
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Supervised Learning %

Gradient Descent using Back-Propagation

Examples with labels : {x',t' = f(x')},.,
Minimize error : E =23, (y" — t/)?

Repeat

1. Example x; ’wy;

2. Gradient error

E
aW,'j
3. Update

Awj = —a X

OE
aW,'j
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Supervised Learning %

Gradient Descent using Back-Propagation

Examples with labels : {x',t' = f(x')},.,
Minimize error : E =23, (y" — t/)?

Repeat

1. Example x; ’wy;

2. Gradient error

E
aW,'j
3. Update

Awj = —a X
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Convolution Network
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Input Filter / Kernel

Source : https://towardsdatascience.com/

applied-deep-learnineg-part-4-convolutional-neural-networks-584bci134cile?2
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Convolution Network
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Convolution Network g

Source pixel

((1x3)+(0x0)+(1x1)+
(-2%x2)+(0x6)+(2x2) +
[[(1x2)+(0x4)+(1x1) =-3

e e A A o)

Convolution filter
(Sobel Gx)

Destination pixel

AAVV ANV VD

VANV

VALV VAN

AN NN\

A

AV L

Source : https://towardsdatascience.com/
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Automatic Feature Extraction g

Machine Learning

Gin, — &y — 37373

Input Feature extraction Classification

Deep Learning

S L

Input Feature extraction + Classification Qutput

Sources:

- https://medium. com/swlh/
ill-tell-you-why-deep-learning-is-so-popular-and-in-demand-5aca72628780
- Hou, Adhikari, and Cheng 2018
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Multi-layer regressor and convolution formal networks are only a small
subpart of artificial neural networks.

>

| 4
>
>

A\

neural network with at least 3 layers can learn any function
convolution networks: extract features
deep learning: combine previous points

no constructive theorem/algorithm but learning algorithm quite
efficient

need huge datasets
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Connexionism - Deep Learning

Multi-layer regressor and convolution formal networks are only a small
subpart of artificial neural networks.

» neural network with at least 3 layers can learn any function

» convolution networks: extract features

» deep learning: combine previous points

» no constructive theorem/algorithm but learning algorithm quite
efficient

» need huge datasets

Deep Reinforcement Learning

Represent the Q-function with a (deep) neural network
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Deep Reinforcement Learning

“breakthrough” : DQN (Deep Q-Network) Mnih et al. 2015

Convglulion Convgiulion Fully cgnnected Fully cof nnected
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Deep Reinforcement Learning

Represent the Q-function with a (deep) neural network
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Deep Reinforcement Learning

“breakthrough” : DQN (Deep Q-Network) Mnih et al. 2015
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“breakthrough” : DQN (Deep Q-Network) Mnih et al. 2015
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Deep Reinforcement Learning

DeepRL
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“breakthrough” : DQN (Deep Q-Network) Mnih et al. 2015

DQN

-

Il -

Q@ a)
Q@ a)

Q@ a)

choice a

Simulator

+ score/(r)

®



DeepRL
Oe0000

Deep Reinforcement Learning

“breakthrough” : DQN (Deep Q-Network) Mnih et al. 2015
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Deep Reinforcement Learning

“breakthrough” : DQN (Deep Q-Network) Mnih et al. 2015
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Deep Reinforcement Learning

“breakthrough” : DQN (Deep Q-Network) Mnih et al. 2015

Learn autoamticaly to “play”

> State: 4 x images (84x84)
» Actions : joystick

(-1.1])

» 49 games

(70 million img?7?)

» Reward : according to score (?7)

» number of iterations : a lot

References
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What about theory ?

not much can be proved nor ensured as we need:

» Markovian problem

> infinite number of trials

» approximation of @ function should be linear

» ANN can learn any function (but what structure ?7)

» Backpropagation ~~ local optimum

References

oy
@)



Sometimes it works

Emergence of Locomotion Behaviours in Rich Environments.mov

The agent learns to run, jump, crouch and climb.

And also DQN, AlphaGo, AlphaZero, reduce energy consumption in large
datacenters, AutoML, Dota 2, ...
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. but more often it does not !!

WHENEVER SOMEONE/ASKS|ME IF

Irpan 2018
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... but more often it does not !!

> Not data efficient

» (Often, not the best performance reached)

» Defining the reward is a very delicate task

» Local optima

> Generalization is a hard problem (vs over-specialization)

» Very unstable, many hyper-parameters, very hard to reproduce

Irpan 2018

References
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... but more often it does not !!

60 . , . . .
= TRPO (0.0) .

== TRPO+VIME (103.7)
= = TRPO+L2 (0.0)

50

40
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20

10

0 200 400 600 800 1000

Irpan 2018
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What can he|p you ? (ifyou want to try)

» Easy to generate zillions of examples
> Able to “self-play” or againt yourself.

» Exist simplified expression of the problem
» Clear and easy way to define the rewards
» Reward function can be shaped to give information very often

> (Already know good features to use)

Irpan 2018
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Any “take home” message ? %

Deep RL (Artificial Intelligence)

> can sometimes lead to spectacular (technical) achievements

» relies on “ancient” (grounded) knowledge
(MDP, backpropagation, CNN)

» it looks like simple ideas but with solid theoretical grounding

» but theory is very limited: non-realistic conditions

» Sometimes, motivates and inspires real scientific progress
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Any “take home” message ?

Deep RL (Artificial Intelligence)

>

>

can sometimes lead to spectacular (technical) achievements

relies on “ancient” (grounded) knowledge
(MDP, backpropagation, CNN)

it looks like simple ideas but with solid theoretical grounding

but theory is very limited: non-realistic conditions

Sometimes, motivates and inspires real scientific progress In
Machine Learning (vanishing gradient, exploration, goal generation, state
representation, unsupervised learning, data efficience, ...)
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Any “take home” message ? %

Deep RL (Artificial Intelligence)

> can sometimes lead to spectacular (technical) achievements

> relies on “ancient” (grounded) knowledge
(MDP, backpropagation, CNN)

> it looks like simple ideas but with solid theoretical grounding

» but theory is very limited: non-realistic conditions

» Sometimes, motivates and inspires real scientific progress but also in
other fields because of “Ready to use toolkit”. Statistical physics ?
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