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DEEP REINFORCEMENT LEARNING

Inputs Hidden layers Output

Backgammon (Tesauro, 1994)
Elevator control (Crites and Barto, 1996)

Helicopter control (Ng et al., 2003)
Transfer in tictac-toe (Rivest and Precup, 2003; Bellemare et al., unpublished)

Atari game-playing (Mnih et al., 2015)
Go (Silver et al., 2016)



Inputs

LEE SEDOL
« 00:07:00

Google DeepMind

Challenge domains

Hidden layers

Output

Require: 1); = > ;| P;r 0z IOT €ach (T
Sample transition (z¢, ay, 74, Tyy1)
# Compute distributional Bellman target
if Categorical SARSA then

a* ~ 7(-|z+1)
else if Categorical Q-learning then

a* «—argmax, E_ @, ,.0[R]

R~m,

end if

A(Ig,ag) (zi+lraA)

T — (from) g
# Project target onto support
,ﬁiﬂihaz) g, Hc,ﬁiﬂfnﬂt)

—
e e

: # Compute KL Loss

. Find gradient of KL(7{%%*)||p{®+2))

: Use gradient to generate new
I's 2 | 7 / hY

—
W N

)

estimate

Algorithms




SOME CHALLENGES IN DEEP RL

* Training data is not i.i.d.

» Hard to get confidence intervals

* Potential divergence issues (e.g. van Hasselt et al., 2015)
» State space often unknown

* Modelfree methods reign supreme (simulation a plus)
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A multi-platform Atari 2600 VCS emulator

The Arcade Learning Environment (Bellemare et al., 2013)
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Returns the vector of the mininal set of actions needed to play
e gane,
ctionVect ALEInterface: :qethininalActionSet() {
f (!ronSettings.get()){
throw std: : runtine_error("AON not set");
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int ALEInterface: :getFraneNunber() {
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fint ALEInterface: :getEpisodeFraneNunber() const {
return environnent->getEpisodeF raneNuaber ()

Returns the current
ALEScreent ALEInte

CC Wikipedia



/| Returns the vector of the mininal set of actions needed to play
qane.
ActionVect ALEInterface: gethininalActionSet() {
if (!ronSettings.get()){

throw std:: runting_error("AON not set");

return ronSettings->gethininalActionet();

/ Returns the frane nunber since the loading of the RN
int ALETnterface: :getFranehunber() {
return environnent->getFraneNunber();

/ Returns the frane nunber since the start of the current episode
int ALETnterface::qetEpdsodeFraneunber() const {
return environnent->getEpisodeF ranelunber();

Y/ Returns the current gane scre
ALESCreent ALEInte

Returns the vector of the mininal set of actions needed to play
] the gane,
ctionVect ALEInterface: :qethininalActionSet() {
f (!ronSettings.get()){
throw std::runting_error("RON not set");

return ronSettings->getHininalActionSet();

// Returns the frane nusber since the loading of the RN
int ALEInterface: :getFraneNunber() {
return environnent->getFraneNunber();

// Returns the frane nunber since the start of the current episode
int ALEInterface: qetEpisodeF raneNunber() const {
return environnent->getEpisodeF raneNuaber ()

// Returns the current gane
ALEScreent ALEInte

/| Returns tor of the nininal set of actions needed to play
// the gane,
ctionlect ALEInterface: :gethininalActionSet() {
if (!ronSettings.get()){
throw std::runtine_error("AM not set");

return ronSettings->getHininalActionset();
}

// Returns the frane nusber since the loading of the ROM
int ALEInterface: qetFraneNunber() {
return environnent->getFraneNunber();

// Returns the frane nusber since the start of the current episode
it ALEInterface: :getEpisodeFraneNunber() const {
return environnent->getEpisodeF raneNuaber ()

// Returns the current gane screea

COMPETENCY

CC Wikipedia



it ALEterface: getFranelin
return enviroment->getFrang

s the frate 1
et

nehury
isodeFrarelunber();

s the crrent qane

Diverse

Interesting

Independent



Diverse

MOUNTAIN CAR Goal

/

&

“We argue that reinforcement learning is
particularly vulnerable to environment overfitting

and propose as a remedy generalized methodologies |[...]"
Whiteson et al., 2011
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Independent

(by and for people)
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EARLY ATTEMPTS (2010-2013)

OXYGEN

LSH on pixels DISCO: Obiject Detection
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DEEP Q-NETWORKS (DQN)

Mnih et al., 2015
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LSTM layer (Hausknecht and Stone, 2015)
Recurrent network (Mnih et al., 2016)
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POLICY
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Dueling networks (Wang et al., 2016)

Asynchronous actor-critic (Mnih et al., 2016)

Bootstrap Q-functions (Osband et al., 2016)

Noisy networks (Fortunato et al.; Plappert et al., 2017)



Prioritized replay (Schaul et al., 2016)
Importance sampling (Gruslys et al., 2018)
Off-policy corrections (Gelada et al., in prep.)

REPLAY MEMORY

sHIHS
sHIMS
sHIHS
sHIES




Double Q-learning (van Hasselt et al., 2015)
Advantage learning (Bellemare et al., 2015)
Q(A) (Harutyunyan et al., 2016)

Retrace (Munos et al., 2016)

Distributional methods (Bellemare et al., 2017,
Dabney et al., 2018, ...)

LEARNING ALGORITHM

TQ=r+vyP"Q




1. Distributional reinforcement learning
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IMPLIED MODEL
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BELLMAN EQUATION

/E'[ZW(JJ)] :/ER(w) + WZ[Z”(X’)}



DISTRIBUTIONAL BELLMAN EQUATION

Z™(z) = R(z) +vZ"(X')



Z™(z) = R(z) +vZ"(X')

T

VALUE DISTRIBUTION

Bellman (1957): Bellman equation for mean

Sobel (1982): ... for variance

Engel (2003): ... for Bayesian uncertainty

Azar et al. (2011), Lattimore & Hutter (2012): ... for higher moments
Morimura et al. (2010, 2010b): ... for densities

Z7 (1)
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Discrete distribution
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T"Z =R+~yP"Z

1.From x, a, sample a transition: i

r, X', A"~ R(z,a), P(-|z,a),w(-| X) L

A
2.Compute sample backup VP"Z
T"Z(z,a) =1+~vZ(X', A

3.Project onto approximation support: ;. pry

T Z(x,a) . ﬂ h

4.Update towards projection, i.e.
take a KL-minimizing step
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f Mean | Median | > H.B. >DQNw

DQN 228% 79% 24 0
DDQN 307% 118% 33 43
DUEL. 373% 151% 37 50
PRIOR. 434% 124% 39 48
PR. DUEL. | 592% 172% 39 44
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DISTRIBUTIONAL PERSPECTIVE
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QUANTILE REGRESSION
DABNEY ET AL., 2017

IMPLICIT QUANTILE NETWORKS
DABNEY ET AL., 2018

DISTRIBUTIONAL ACTOR-CRITIC
BARTH-MARON ET AL., 2018

GENERATIVE QUANTILE NETWORKS
OSTROVSKI ET AL., 2018
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HESSEL ET AL., 2018

BELLEMARE ET AL., 2016

.

CRAMER DISTANCE
BELLEMARE ET AL., 2017

ANALYSIS OF C51
ROWLAND ET AL., 2017

” “As EXPECTED”
LYLE ET AL., 2018 |
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2. Exploration with pseudo-counts
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EXPLORATION

Bellman equation:

Q(x,a)=r(r,a) +~v K maxQ(x a')

r'~P a &

Exploration bonus (Strehl and Littman, 2008):
Q(z,a) = 7(z,a) +v K maxQ(2',a") A o

x/ ~Pa’€A /N (z,a)
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Most observations
experienced once:

up to 90% singletons
(Blundell et al., 2016)
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(GENERATIVE MODEL
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DENSITY MODEL

Train

Assumptions
1. density « frequency

2. model quality = generalization




Bellemare, Srinivasan, Ostrovski, Schaul, Saxton, Munos, 2016
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THE “CTS” MODEL
pn(@) =TTy ol (2| 2<7)
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EXPLORATION

Bellman equation:

Q(x,a) =r(x,a)

Exploration bonus (Strehl and Littman, 2008)

v K maxQ(x a')

x'~P a’ E

Q(z,a) = 7(z,a) +v E maxQ(a’,a’)

Pseudo-count bonus

Q($, CL) — 72(567 CL)

v/ ~Pa’ €A

v K max@(a: a')

'~ P a’ €A
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CREDIT ASSIGNMENT ISSUES IN EXPLORATION

* Another important key factor: fast credit assignment

~

Q(zt,at) = q X |ry(ze, ar) +’Y§1§§Q($t+1>@/)

(1 —q) X ZWiT+($t+i»at+i)
=0

Mixed Monte-Carlo (MMC) update



EFFECT OF MIXED MONTE CARLO UPDATE
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REMOVING EXTRINSIC REWARDS
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