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Representation Learning
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% Representation Learning?
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Representation Learning

% Unsupervised Learning
- g0l ZE(y)7I 8= YU HIo|H(X)BHS AHESH0] HIO|H RtN[2| S22 HYlS S5

«  Ex Clustering, Dimensionality Reduction, Self-Supervised Leaming, ...
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Representation Learning
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% Self-Supervised Learning
»  Pretext Tasks: Examplar, Context Prediction, Jigsaw Puzzle, Count, Rotation, ...
»  Contrastive Learning: MoCo, SImCLR

*  Non-Contrastive Learning: BYOL

Pretext Task: Jigsaw Puzzle Contrastive Learning
>H<—
; 4 2 . Posttive Pair Attract
2 | ’ >
e ® 4 €& g
r ik J w ki £ far\  [ws\ - -k
e e g

eL® ¥ 7 e Repel
B TR
6

- ¥ ) m By Negative Examples
e’ K . D_’-’ Ly b9 *DDH‘/
¥ |

S H Data Mining
UKNCRIE{EQ 7/46 '?b h:a o‘:‘. Quality Anclytics




Representation Learning
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% Self-Supervised Learning

«  Contrastive Learning: MoCo

*  Memory Queue (First In First Out), Momentum Update

N

7

Anchor

Attract

Query Key
Encoder\ / Encoder

& b | A < |
¢
¥
L

KOREA

UNIVERSITY

-

.

Positive

Memory Queue

8/46

i: Anchor
i*: Positive

k: Negative Examples

Momentum Update

(Key Encoder)

Bkey — kaey + (1

- m) equery

.ifo r\-d

.ﬁ

Data Mining
Quallity Analytics



Representation Learning
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% Self-Supervised Learning

«  Contrastive Learning: SIMCLR

*  Memory Queue - Batch Size, Data Augmentation, Deep Embedding Layer
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Representation Learning
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% Self-Supervised Learning
*  Non-Contrastive Learning: BYOL

«  Positive pair (without Negative examples), Momentum Update, L2 Loss

BYOL _
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Reinforcement Learning
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< Example of Reinforcement Learning
- Y 2E: Yol TotH 285 249

. Agent 2 Z4-22 LOMIL|E HOHSS LB} SHA|IIX| ZsHs A

Game Environment: ZH0i-= I|3}7| f

~

- MOf=

Reward: +1

)

Environment Reward: -1

Act|on <+ Jump
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Reinforcement Learning
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< Definition of Reinforcement Learning

e  Z2HF(Environment)dt & 22 (Interaction)ot S EE E45H= 00| E(Agent) &
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Reinforcement Learning

/

% The Goal of Reinforcement Learning
- D20l 25 22| &= Z|t=Hot= X (Policy) n(als)E H= A

«  m(a|s)= VO|HES| dF Tt+=EM State (5)O|A] F Action (o) = LiE

Action (a): M + Jump

a = 1(s)

Interaction

2 : State (s), Reward ()
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Details on Reinforcement Learning

/

X}0|H: At ZHE (Interaction)Sl= 2 (Environment)2| =X

% Reinforcement Learning vs. Other Learning
& 8: Action (@)O|Lt 20| =(y), AP0 ‘§2lot Task2t E2

A= 0=

CE

Reinforcement Learning

Supervised Learning

Contrastive Learning

Training
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. . 2 - k ~\ 2 exp (%)
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KOREA

UNIVERSITY

14/46

Srheal

O.. Data Mining
.‘. Quallity Analytics




Reinforcement Leaming

Details on Reinforcement Learning | =
Model n(als)

Objective G =Ry + YRz +¥°Ruyz - = Z V*Rerer

k=0

% Training Data
*  Markov Decision Process (MDP)
v XEQIAMEE ZHE B Rl ZEMA
v U3EENM AFRSHE 2E 2 Envionment)2 MDPE AL QIS
v" Markov Property: O|2ff= 1A &EfZF Ol @] SRl &FEHO][2F O &
(P[St11/S¢] = P[St41[81, 82, -+, Se])

o S57HX| fA <s4PRy>
v S-Statel| &iTt

A — Action2| Z!lgt

State (s;) Interaction Action (a;): M + Jump

" Reward (1;): + or -

tate (St+1)
P X‘l OI % I:I|-_J|\_ Reward (1‘€+]): +or-

R — Reward &=

Environment

v
v
v
v' y - Discount Factor (& 2!=)

« Episode: < s¢,a9,11,51,a1,72,52,03,73,S3, ..., S7 >, total time step: T
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Reinforcement Leaming

Details on Reinforcement Learning | =
Model n(als)

Objective Gt =Reyg +VRoz + ¥Rz o = Z V*Rerer

k=0

¢ Model (als)
«  MDPZ Td&l 2t (Environment)2| A HXt izt
- ZH(Policy)0|2t 1 F 2O 00| E(Agent) 2| HS Tt
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Details on Reinforcement Learning

Reinforcement Leaming

/

% Bellman Equation

Training SARSARSA..
Data
Model m(als)
Objective Gt =Ry +VRez + ¥Rz . = Z Y*Retier
k=0

*  Value Function®| BF2tgf: G, = Riyq + YRu2 + ¥Rz . = Lo V¥R

State-Value Function (&FEl| 7FX| &)

Action-Value Function (&S 7IX| &)

V' v(s) = E[GelS; = 5] V' qu(s,a) = E;[GS; = s,A; = a]

= Ep[Rer1 + YRez +VPRpz + 1S = 5] = E;[Rer1 + YRez + YRz + -+ |S; = 5, A = a]

T ot Actlon°| dofLt

StateZ}/ QA OHLp-ZE 28| LHE - ¢ O Hﬁﬁaﬁﬂ ﬁ(f‘mtﬁ@a St =5, A =

= Ep[Re41 +VGe11|Se = 5] = Ep[Rey1 + VG |St = 5,A; = a]

= Ex[Rer1 + vvr S+ )IS: = 5] = Ex[Rey1 + Y (Se41, D|S: = 5,4 = a]
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Reinforcement Leaming

Details on Reinforcement Learning | e

Objective G =Ry + YRz +¥°Ruyz - = Z V*Rerer

k=0

/

% Q-Learning
.+ 7tX|(value) 7|2H| St

«  OO]HET} 57 state (s) Ol M AHL1 0] F| o= QU= Action (@) & & 0IS0| &l = T2 =

Action: v + Jump Reward: 0

Action: ™ +Jump Reward: +1 ]

Action: € + Jump Reward: -1

Environment

Action: = + Jump Reward: -2
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Reinforcement Leaming

Details on Reinforcement Learning | =
Model n(als)

Objective Gp = Rep1 + YRz +VRyz - = Z V*Rerer

k=0

/

% Policy Gradient
- YH(Policy) 7|2t Bt

- Ij2t0[E 90f CHo EH n(als; ) 2Y <hsots AHE

e S o]
v JO)=EXis 7”t= Elrn +7r+1r3+ - +1|m]
v 0 =0+av,J(0),Ve(6) = Policy Gradient | Kol

Action-Value Function (&5 7HX| &%)

-1 T-1
VoE [zt_ort+1|ﬂ9] = E.Vg [Zt_o logmg (a¢lsp)risal v q.(s,a) = En[

_ =FE [Rinq +VRir» + V2Rpsa + S, =5, A, = a
~ E;[Vo Yio logmg(aclsy)Ge] 7lRer1 + VYRey2 + Y Reys |S; ¢ |
) e ) = En[Rt+1 +V(Rt+2 +th+3 + ...)lSt =5, At — a]
WheT'e Gt = Rt+1 + th+2 + 'y Rt+3 = Z '}/ Rt+k+1
= Ez[Ret1 +VGesa|S: = 5, A = a

= En[Rt+1 +Yqr (St+1: a)lst =S, At = a]
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Reinforcement Leaming

Details on Reinforcement Learning | =
Model n(als)

Objective Gp = Rep1 + YRz +VRyz - = Z V*Rerer

k=0

% Actor-Critic Methods
« 7HX|(value)2t HH(Policy) ZF 2{st St

Value-Based Policy-Based
Critic ¥

Policy Gradient Action-Value Function (&-& 7HX| &)

-1 T—1 E,[Vg X:{=o logmg(atlsy)Ge]
VoE [z Tes1lmo] = ExVy [Z ~ logmg (at|sp)ris]

t=0 t=0
T-1
=~ ET [VG Z?;ol lOgT[g (at |St)Gt] ~ z =0 ESo,ao,...,St,at [VG logne (a‘t | St)] ETtTl,St+1,...,ST,TT [Gt]
where Gy = Repq +VReyz +V*Regsz oo = Z V¥Retie =
L = D oyt Vo100Ta(arl 5] 0ry (5,0
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Reinforcement Leaming

Details on Reinforcement Learning | =
Model n(als)

Objective Gt = Ress +VRer2 + 7Ry o =Z PResinn

k=0

»» Actor-Critic Methods
¢ 7IX|(Value)2t HH(Policy) B F 12t L

4 0 « 0 + Vglogmg(ac|s;) (Tt+1 +¥Qy(St+1, A1) — Qu(St at))
-i score
Actor 6
b v Actord| A Action (a)S MEH
\ v Critic2 MELEl Action (@) B7SH=s Ygt
v CriticO| A ZR20[ e vE YH|0|E
v CriticO| H[eHsh= HFe = g2 YH[0|E
Critic l 7 o
0.9 ln~ Data Mining
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Details on Reinforcement Learning | =
Model n(als)
Objective Ge = Ress +VRes2 +VRess - =;yk1qt+k+1

< Data Efficiency (=Sample Efficiency)
«  Training Data (Remind)
v Episode: < s, a9,11,51,01,12,52,0,,13,53, ...,

«  Experience Replay (Replay Buffer, Replay Memory)
gote st

v Z TimestepE 2 Y2 Experience (s;, ap, 1341, Sp11) B A& d

sr >, total time step: T

Interaction !
|

\_

State () Interaction Action (a,): M + Jump

" Reward (1): + or -

State (s¢+1)
Reward (141): + or -

1exp 1:S0, 91, S
1exp 2:51,A172,S:

Environment

O
iN exp_(T-1):ST-1 aT—l,j

S PR Data Mining
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‘._ Episode N: <sq,a,7,51,a1,72,2,05,73,83, ..., ST

-~ Episode_1: < sq,a0,7,S1, 1,12, S2, 05,13, 53, ..., ST >

1
1 .
! Episode_2: < sg,aq,11,51,01,72,52, 02,13, S3, o0, ST >
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@)

@)
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Replay
Buffer



Details on Reinforcement Learning | =
Model n(als)
Objective Ge = Reva +YResz + 1Rz =;th+k+l

On-Policy vs. Off-Policy

d M (Policy)O| Experience=
v Experience= X Gt
THE 1: ExperienceE 7HX|

\/
0‘0

Sb7| WZ0f| Sample =3 AHM| 7t SARY 240

v
O| =X (Sample Dependent)
v B 2GS AG|0|ESH 2, 0| Experiences RH|IO|E &l FMut CHET| 20| AL 2715
v EFE 3 FHO| EMSEALE Local Optimaldl =& 7ts/80| A2

it il

EP lexp 2:51,0472, 5,

EP _lexp 1:50,0011,51
““n(als; 0) N n(als; 0) 4N n(als; 0)
(ot 3 0. i, HE @ R

Parameter Update Parameter Update

Interaction
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Reinforcement Leaming

Details on Reinforcement Learning | =
Model n(als)

Objective G =Ry + YRz +¥°Ruyz - = Z V*Rerer

k=0

/

% On-Policy vs. Off-Policy
«  Behavior "3 X(Policy) 1t Target ‘S X40| 22| =[O I
v Behavior &2 State (s,) 0l A] Action (a) & FI$H = State (§,,1) = IS H= IH(Continue)
Target ‘HH-2 0| Z3t State (8,,1) HIAl Action (441)E OIESHE A& (Fixed Time)
XY &Sk HHO| IO M E ExperienceZ2 = H50f| AFHE 7Hs(Experience Replay)
Sample=2 AHESHD H2|= Z1 22| Random SamplingSto] Samplel| 2842 =¢

v
v
v
v BH0| Local Optimaldi| s=&5t7HL} Z4iSh= 425 YA

Random Sampling

EP Kexp 1 Sk—1, Q210 Sk

Action (a A + Jump

Interaction

Parameter Update
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Combination of Reinforcement Learning and Representation Learning

o

% The Growth of Reinforcement Learning

BSOS ST HANO Y BAU UL SAN ONEY BN N5
E=

v Ex StarCraft |, StarCraft Il, Dota ll, ...

StarCraft |

StarCraft |l Dota I
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Combination of Reinforcement Learning and Representation Learning

/

% The Growth of Reinforcement Learning
«  Atari 2600, Dota Il A 2tES AHESH AT

e Atari 2600: MuZero, Agent-57= 10~50F 2| ExperienceE AtE

«  Dota II: OpenAl Five= 45,0004 2| ExperienceE At&

Atari 2600

Agent57: Outperforming the Atari Human Benchmark

Mastering Atari, Go. Chess and Shogi by Planning with a
Learned Model

Julian Schrittwieser,! Toannis Antonoglou,>* Thomas Hubert,'*
Karen Simonyan,! Laurent Sifre,' Simon Schmitt,! Arthur Guez.!
Edward Lockhart,! Demis Hassabis,! Thore Graepel,'? Timothy Lillicrap,!
David Silver'=*

!DeepMind, 6 Pancras Square, London N1C 4AG.
ZUniversity College London, Gower Street, London WCIE 6BT.
“These authors contributed equally to this work.

Abstract

Constructing agents with planning capabilities has long been one of the main challenges in the
pursuit of artificial intelligence. Tree-based planning methods have enjoyed huge success in challeng-
ing domains, such as chess and Go, where a perfect simulator is available. However, in real-world
problems the dynamics governing the environment are often complex and unknown. In this work
we present the MuZero algorithm which, by combining a tree-based search with a learned model,
achieves superhuman performance in a range of challenging and visually complex domains, without
any knowledge of their underlying dynamics. MuZero learns a model that, when applied iteratively,
predicts the quantities most directly relevant to planning: the reward. the action-selection policy. and
the value function. When evaluated on 57 different Atari games - the canonical video game environ-
ment for testing AT i in which model-based planning app have historically struggled
- our new algorithm achieved a new state of the art. When evaluated on Go, chess and shogi, without
any knowledge of the game rules, MuZero matched the superhuman performance of the AlphaZero
algorithm that was supplied with the game rules.

KOREA
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Number of games > human

Adrii Puigdoménech Badia" ' Bilal Piot "' Steven Kapturowski’! Pablo Sprechmann’' Alex Vitvitskyi'
Nanial Cua ! Charles Blundell !

Dota 2 with Large Scale Deep Reinforcement Learning

OpenAl *
Christopher Berner, Greg Brockman, Brooke Chan, Vicki Cheung,
Przemystaw “Psyho" Debiak, Christy Dennison, David Farhi, Quirin Fischer,
Shariq Hashme, Chris Hesse, Rafal Jozefowicz, Scott Gray, Catherine Olsson,

Jakub Pachocki, Michael Petrov, Henrique Pondeé de Oliveira Pinto, Jonathan Raiman,
Tim Salimans, Jeremy Schlatter, Jonas Schneider, Szymon Sidor, Ilya Sutskever, Jie Tang,

Filip Wolski, Susan Zhang
March 10, 2021

Abstract

On April 13th, 2019, OpenAl Five became the first Al system to defeat the world cham-
pions at an esports game. The game of Dota 2 presents novel challenges for Al system
as long time horizons, imperfect information, and eomplex, eontinuous state-action
challenges which will become increasingly central to more capable Al systems. OpenAl Five
leveraged existing reinforcement learning techniques, scaled to learn from batches of approxi-
mately 2 million frames every 2 seconds. We developed a distributed training system and tools
for continual training which allewed us to train OpenAl Five for 10 months. By defeating the
Dota 2 world champion (Team OG), OpenAl Five demonstrates that selfplay reinforcement
learning can achieve superhuman performance on a difficult task.
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Combination of Reinforcement Learning and Representation Learning

/

% Is it practical in real-world?

«  EdE(Real-world) 2H0|M CHEE2| EE2 2= EEE € + 813 (Model-Free)

«  2HE(Environment)t &2 A (Interaction)oHH 10~50'H, 45,0003 2] Experiences
o= B2 |8 Y

o AMESHANM A, 0 E9| ExperienceE Y= A2 | 27ts

. OO|ME ME0|= A0} AS R EHH $~0k2 A|&H At Q(Trial and Errorn)2t =2

SampleS0| 22
. St& A9 A|ZH0] Z1 SampleQ| 2-&40| EO0{E(Sample-inefficiency)

S H Data Mining
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Combination of Reinforcement Learning and Representation Learning

% How to solve the problem?

e  Solution: Unlabeled Data

CHSH =2 Representation

=i '@%*(Real—world)oﬂ S
= 20| 32
£ AFE3LH0] Pretext Task, Contrastive Learning2 = Ci| O B Xpx{|Of

=
O ELAL] L
= OFEol-I_ I?DI-I:ILIO

=

/ Convolution ~ Convs rolution Fully connected Fully connected
o

. EB

] | | ==
:n

Bf ] EH/ =

o AEARL AL L

of ] B\= !/ om
/| em

= | o i
b <]

[~ C]

&ol7| floliM=

| Self-Supervised Learning= 2!

= 28 AZHS F0|11 Samplel]

Self-Supervised Learning

o

—

1 : 2 ‘ 3
k .‘.“ -4 .i. 6
L. “ ‘ ‘ Positive Pair :(
2 'i.
‘ o a7 :\\
e m V= )
l 3 il ar Repe
v m“ l Negative Examples |
, )/
™7 i /
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Combination of Reinforcement Learning and Representation Learning

/

% CURL: Contrastive Unsupervised Representations for Reinforcement Learning
«  Berkeley, BAIR / 2020 37t International Conference on Machine Learning (ICML)

= S
.+ 20210415 7|=22 728 218
CURL: Contrastive Unsupervised Representations for Reinforcement Learning
Aravind Srinivas* ' Michael Laskin* ' Pieter Abbeel
Abstract
We present CURL: Contrastive Unsupervised ¢
Representations for Reinforcement Learning. o o
CURL extracts high-level features from raw pix- q K
els using contrastive learning and performs off- | }
policy control on top of the extracted features. ] Momentur Encod
CURL outperforms prior pixel-based methods, Encode omi iu;_nw ]co “
both model-based and model-free, on complex 9=y lo,) PR
tasks in the DeepMind Control Suite and Atari o !
Games showing 1.9x and 1.2x performance gains o e
at the 100K environment and interaction steps q k
benchmarks respectively. On the DeepMind Con- <N 4
trol Suite, CURL is the first image-based algo- Reinfarcement
rithm to nearly match the sample-efficiency of Learning
methods that use state-based features. Our code
is open-sourced and available at https: //www. Figure 1. Contrastive  Unsupervised  Representations  for
github.com/MishalLaskin/curl. Reinforcement Learning (CURL) combines instance contrastive
learning and reinforcement learning. CURL trains a wvisual
KOREA Data Mining
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Combination of Reinforcement Learning and Representation Learning

/

% CURL: Contrastive Unsupervised Representations for Reinforcement Learning

«  RL Method: 7tX|(Value) 7|EF2| at& BFAIQI Efficient Rainbow BIEHE AL
(Model-Free, Off-Policy)

«  Self-Supervised Learning: MoCo At-&(Contrastive Learning)

o

9 O

1 l @ﬂay buffer

% ? ___:f“_"’w_(_”_‘{)__ _ Reinforcement
Encoder Momentum Encoder ; s : Learning
. k= f,(0,) 5 Encoder
q =f9q(0q) 8k :
O =m0+ (1 —m)f,
Contrastive
\ / """""" Unsupervised
q k Key k =fa(@0) Learning
/ \ / & Encoder
Reinforcement .
) Contrastive Loss
Learning
KOREA -8 o~ o~ Data Mining
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Combination of Reinforcement Learning and Representation Learning

< CURL: Contrastive Unsupervised Representations for Reinforcement Learning
«  Query Encoder2t Key EncoderZ HE®3 +4

e Zf Timestep2 Experience= Replay Buffer0| X2t

«  Mini Batch AfO|=EtE HEZStN M= CFHE £ 2| Data Augmentation= &-&
@’lﬂf buffer J \ ' Y
% 1. _:_fif‘*f_{_ﬂ_‘f_}___# Reinforcement
: Ol | T Learning

. Q‘UEI’}"
Encoder u\ ,/l
e N
Observation Contrastive
"=l Unsupervised
Learning
K < ,/

Datta Mini
KOREA 31/46 .*?’ hcal .‘:‘. Q?Jocii‘ryllr\]r‘%glyﬁcs

UNIVERSITY



Combination of Reinforcement Learning and Representation Learning

% CURL: Contrastive Unsupervised Representations for Reinforcement Learning
-  SYO|OIX|ZEH LI2 & O|0|X|£ Positive Pair, 0| 2|0|= Negative ExamplesZ 2|
«  Query Encoder0f| A =&t Feature Vector= RLIt SSLO|| AHE:
«  RLEFE ALHE Loss@t SSLERH AHLHE LossOfl AZ &0t LossE H5H0] st =
«  RLU}SSLE SA|0| =WSH= One-Stage &41(Not Transfer Learning)

RL Loss Function

@)Iaybuffer \ 2
- L

% ,q_ =f‘9‘f(0 o Reinforcement
— i | Learning
: Query : . [
; Encoder ;/ exp (l y )
: T
: AT AxL; = —log — '
Contrasti L-1l ik
: ontrastive exp\—— )+ D ket P |~
"""""" ">l Unsupervised
Key k=Jalo0 Learning
\ O Encoder \—/

Momentum Update

(Key Encoder) Okey = MOkey + (1 =m)0query
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Combination of Reinforcement Learning and Representation Learning
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% CURL: Contrastive Unsupervised Representations for Reinforcement Learning
-« 26709 Atari 2600 A 22 AESH ds HIt

«  10Zt TimestepL = oHE: st5 &8 A[7H0] B Z, Sample-Efficiency et CHH

- HW HHEECE267H2] AY T 774 i

GAME HUMAN RANDOM  RAINBOW SIMPLE OTRAINBOW  EFF. RAINBOW CURL
ALIEN 7127.7 227.8 318.7 616.9 824.7 739.9 558.2
AMIDAR 1719.5 3.8 32.5 88.0 82.8 188.6 142.1
ASSAULT 742.0 222.4 231 527.2 351.9 431.2 600.6
ASTERIX 8503.3 210.0 243.6 1128.3 628.5 470.8 734.5
BANK HEIST 753.1 14.2 15.55 34.2 182.1 51.0 131.6
BATTLE ZONE 37187.5 2360.0 2360.0 5184.4 4060.6 10124.6 14870.0
BOXING 12.1 0.1 -24.8 9.1 2.5 0.2 1.2
BREAKOUT 30.5 1.7 1.2 16.4 9.84 1.9 4.9
CHOPPER COMMAND  7387.8 811.0 120.0 1246.9 1033.33 861.8 1058.5
CRAZY_CLIMBER 35820.4  10780.5 2254.5 62583.6 21327.8 16185.3 12146.5
DEMON_ATTACK 1971.0 152.1 163.6 208.1 711.8 508.0 817.6
FREEWAY 29.6 0.0 0.0 20.3 25.0 27.9 26.7
FROSTBITE 4334.7 65.2 60.2 254.7 231.6 866.8 1181.3
GOFHER 2412.5 257.6 431.2 771.0 778.0 349.5 669.3
HERO 30826.4 1027.0 487 2656.6 6458.8 6857.0 6279.3
JAMESBOND 302.8 29.0 47.4 125.3 112.3 301.6 471.0
KANGAROO 3035.0 52.0 0.0 323.1 605.4 779.3 872.5
KRULL 2665.5 1598.0 1468 4539.9 3277.9 2851.5 4229.6
KUNG_FU_MASTER 22736.3 258.5 0. 17257.2 5722.2 14346.1 14307.8
MS_PACMAN 6951.6 307.3 67 1480.0 941.9 1204.1 1465.5
PONG 14.6 -20.7 -20.6 12.8 1.3 -19.3 -16.5
PRIVATE EYE 69571.3 24.9 0 58.3 100.0 97.8 218.4
QBERT 13455.0 163.9 123.46 1288.8 509.3 1152.9 1042.4
ROAD_RUNNER 7845.0 11.5 1588.46 5640.6 2696.7 9600.0 5661.0
SEAQUEST 42054.7 68.4 131.69 683.3 286.92 354.1 384.5
UP_N_DOWN 11693.2 533.4 504.6 3350.3 2847.6 2877.4 2955.2
|
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Combination of Reinforcement Learning and Representation Learning

% Data-Efficient Reinforcement Learning with Self-Predictive Representations

*  Mila, Université de Montréal / 2020 Research gate
20210415 7| &L 2 23| 218

Data-Efficient Reinforcement Learning with
Self-Predictive Representations

Max Schwarzer*® Ankesh Anand* Rishab Goel
Mila, Université de Montréal Mila, Université de Montréal Mila
Microsoft Research

R Devon Hjelm Aaron Courville Philip Bachman
Microsoft Research Mila, Université de Montréal Microsoft Research
Mila, Université de Montréal CIFAR Fellow
Abstract

While deep reinforcement learning excels at solving tasks where large amounts of
data can be collected through virtually unlimited interaction with the environment,
learning from limited interaction remains a key challenge. We posit that an agent
can learn more efficiently if we augment reward maximization with self-supervised
objectives based on structure in its visual input and sequential interaction with
the environment. Our method, Self-Predictive Representations (SPR), trains an
agent to predict its own latent state representations multiple steps into the future.
We compute targer representations for future states using an encoder which is an
exponential moving average of the agent’s parameters and we make predictions
using a learned transition model. On its own, this future prediction objective
outperforms prior methods for sample-efficient deep RL from pixels. We further
improve performance by adding data augmentation to the future prediction loss,
which forces the agent’s representations to be consistent across multiple views
of an observation. Our full self-supervised objective, which combines future
prediction and data augmentation, achieves a median human-normalized score
of 0.415 on Atari in a setting limited to 100k steps of environment interaction,
which represents a 55% relative improvement over the previous state-of-the-art.
Notably, even in this limited data regime, SPR exceeds expert human scores on
T out of 26 games. The code associated with this work is available at https:
//github.com/mila-iqgia/spr.
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Combination of Reinforcement Learning and Representation Learning
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% Data-Efficient Reinforcement Learning with Self-Predictive Representations

«  RL Method: 7tX|(Value) 7|EF2| at& BFAIQI Efficient Rainbow BIEHE AL
(Model-Free, Off-Policy)

«  Self-Supervised Learning: BYOL At&(Non-Contrastive Learning)

Jo
online oI —— q-learning » Q-Learning Loss

encoder head
zt | Oy oy Qg k—1

conv. transition

It + aug.

exponential model
moving avg. i Yo q
2 online - 0
Zgpk—> oo —|predicion — Ytk
) " projection Cosine
/m Similcrify Loss
target . target -
enceder  — EEEIE Ztk —> | proietion > Ytk
fm 9m
T4k + aug.
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Combination of Reinforcement Learning and Representation Learning
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% Data-Efficient Reinforcement Learning with Self-Predictive Representations
Online Encoder®} Target EncoderZ HIE®3 4

e Z Timestep'® Experience= Replay Buffer0fl X% 5! Mini Batch AfO|=EHE HE2
- MELORE AME(@t+ k)2l O0|X|0f| MZ CE F7H2| Data Augmentation &

- Data Augmentation@ EFH L= & O|0|X|= Positive Pair2 32|

fo
online L, pppm—— g-learning » Q-Learning Loss

r head
2t ’ Aty ooy Opgpf—1

conv. transition
expofential model

movihg avg. i Yo q
2 online - o
Zprg—> ooF | predicion —> Uik
il Cosine
Similarity Loss

0
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target - target L
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Combination of Reinforcement Learning and Representation Learning
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% Data-Efficient Reinforcement Learning with Self-Predictive Representations

«  Online EncoderOl| A =&} Feature Vector (z,)+= RLIt SSLO|| AtE

- Self-Predictive Representations (SPR) 7| 2= X|2t510] Sample-EfficiencyE LS 24t
v SPR2 transition Model(h) Z=7t, O|2{|2| 9=l State (2,,,) 0IF A k BHESHH SSL Loss Al 4t
V' Zr 2 W(Crig1, Qpip—1), Gr= Mini Batch L Z=XSH= 0|22 Action &2

«  RLEFH ALtz Loss@t SSL2FE] ALHEl LossO| A2 &%t LossE H5tY] sha =

RL Loss Function

fo
online — I — Cl'lil;ﬂ;ﬂrjﬂg » Q-Learning Loss
abco*r
Zt | a
ty oo ey Qtdk—1

| conv. fr:cll-lesliﬁon K T
exponential m y y
_ . SPR _ z : Vet+k Vet+k
moving avg. i ° q Ax L (St:t+K' at:t+K) - (
k=1

online

) 244k = | orolection |~ Prediclion —>1/t+k} Cosine ||3’t+k||2 ||Yt+k||2
/m Similurih/ Loss
ey — OO 2tk — P';?:i'on —> Je+k

fn 9m where Y, = q (go(zt+k)):yt+k 2 Im(Zesx)

Ttk +aug.
Momentum Update
) « 10 + (1 —=1)0n1
(Farget Encoder) target target ( ) online

KOREA

By o~ o~ Data Mining
UNIVERSITY 37/46 '??'. r‘\'a .‘:‘. Quallity Analytics



Combination of Reinforcement Learning and Representation Learning
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% Data-Efficient Reinforcement Learning with Self-Predictive Representations
-« 26709 Atari 2600 A 22 AESH ds HIt

« 102t Timestep2 2 $HH: St& A8 A|ZH0| B8, Sample-Efficiency EFAF CHEH
- Q7 dSELF 26712 AIY T 771 BHCURLZ 271 )

P—
Game Random Human  SimPLe DER OTRainbow  CURL DrQ SPR (no Aug)l SPR
Alien 2278 71277 616.9 739.9 8247 558.2 771.2 847.2 801.5
Amidar 5.8 1719.5 88.0 188.6 82.8 142.1 102.8 142.7 176.3
Assault 2224 7420 527.2 431.2 3519 600.6 4524 665.0 571.0
Asterix 2100 8503.3 1128.3 470.8 628.5 7345 603.5 820.2 977.8
Bank Heist 14.2 753.1 34.2 51.0 182.1 131.6 168.9 425.6 3809
BattleZone 2360.0 37187.5 51844 101246 4060.6 14870.0  12954.0 10738.0 16651.0
Boxing 0.1 12.1 9.1 0.2 25 1.2 6.0 12.7 35.8
Breakout 1.7 30.5 16.4 1.9 9.8 49 i6.1 12.9 17.1
ChopperCommand 811.0 7387.8 1246.9 861.8 10333 1058.5 780.3 667.3 974.8
Crazy Climber 10780.5 358204 625836 161853 21327.8 121465 20516.5 43391.0 42923.6
Demon Attack 152.1 1971.0 208.1 508.0 T11.8 817.6 1113.4 370.1 545.2
Freeway 0.0 29.6 203 279 25.0 26.7 0.8 16.1 244
Frostbite 65.2 4334.7 254.7 866.8 231.6 1181.3 331.1 16574 1821.5
Gopher 257.6 2412.5 T71.0 349.5 778.0 669.3 636.3 T14.5 715.2
Hero 1027.0 308264  2656.6 6857.0 6458.8 6279.3 3736.3 57074 7019.2
Jamesbond 29.0 302.8 1253 301.6 112.3 471.0 236.0 367.2 365.4
Kangaroo 520 3035.0 3231 779.3 605.4 8725 940.6 1359.5 3276.4
Krull 1598.0 2665.5 4539.9 2851.5 32779 4229.6 4018.1 3123.1 3688.9
Kung Fu Master 258.5 227363 172572 14346.1 57222 14307.8  9111.0 15469.7 13192.7
Ms Pacman 3073 6951.6 1480.0 1204.1 941.9 1465.5 960.5 12477 1313.2
Pong =207 14.6 12.8 -19.3 1.3 -16.5 -8.5 -16.0 -5.9
Private Eye 249 69571.3 58.3 97.8 100.0 218.4 -13.6 52.6 124.0
Qbert 163.9 13455.0  1288.8 1152.9 509.3 1042.4 854.4 606.6 669.1
Road Runner 11.5 7845.0 5640.6 9600.0 2696.7 5661.0 8805.1 10511.0 14220.5
Seaquest 68.4 42054.7 683.3 354.1 2869 3845 301.2 580.8 583.1
Up N Down 5334 11693.2 33503 2877.4 2847.6 2055.2 3180.8 6604.6 28138.5
Mean Human-Norm’'d 0.000 1.000 0.443 0.285 0.264 0.381 0.357 0.463 0.704
Median Human-Norm'd 0.000 1.000 0.144 0.161 0.204 0.175 0.268 0.307 0.415
Mean DQN@50M-Norm’d IJ 000 23.382 0.232 0.239 0.197 0.325 0.171 0.336 0.510
Medlan DON @ 350M-Norm’'d ().004 0.118 0.142 0.103 (.142 0.131 0.225 0.361

semoman 0 NA 2 1 1225 | 7]
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Appendix

« Policy Gradient

O ANl O
o TARE

© J(0) = E[X{Z resalme] = Eln + 1y + 13+ -+ 13| mp]
«  0'=60+alyj(0), VyJ(8) = Policy Gradient

T-1

T-1
VoE [Zt_ort+1|ﬂ9] =Ty t_OP (St A Te41

T-1

= o VeP(st, ar[Dre+1
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Appendix

« Policy Gradient

O ANl O
o TARE

© J(0) = E[X{Z resalme] = Eln + 1y + 13+ -+ 13| mp]
«  0'=60+alyj(0), VyJ(8) = Policy Gradient

T-1 T—1
VoE [Zt_ort+1|ﬂ9] =Ty t_OP (St Ae| D141

T—1
= o VoP (St a| D141

-1 VoP (st a:|7)
0& 7t = zt=0 P(st, a¢|7) PGLaln)

T—1
= o P(st, at|T)VglogP(st, ac|)1i41

T-1

= E[ o VologP(sy, ar|T)1i41]

0.0 I i
KQREA 4346 w3 hea

.ﬁ

Data Mining
Quallity Analytics



Appendix

« Policy Gradient

O ANl O
o TARE

o P(spai|t) = P(sy,ag,11,51,a4, 15, .., St, At |0)
*  P(sg)mg(aglse)P(s1lsg, ag)me(asls1) P(sz|s1,aq) ...

* logAB = logA + logB

T-1
Pl6) =P | | _ moarls)Psiaalsa)

T-1
logP(116) = logP(so) + ) [loga(aelse) +ogP(seyslse,a)

0| Chiet 0|2 — B ™O| =& D= Al &= A

0.0, b~
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Appendix

« Policy Gradient

O ANl O
o TARE

o P(spai|t) = P(sy,ag,11,51,a4, 15, .., St, At |0)
*  P(sg)mg(aglse)P(s1lsg, ag)me(asls1) P(sz|s1,aq) ...

* logAB = logA + logB

T-1
Pl6) =P | | _ moarls)Psiaalsa)

T-1
logP(116) = logP(so) + ) [loga(aelse) +ogP(seyslse,a)

T-1

TologP(el6) =y ) logr(alsy)

t=0
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Appendix

« Policy Gradient

O ANl O
o TARE

o P(spai|t) = P(sy,ag,11,51,a4, 15, .., St, At |0)
*  P(sg)mg(aglse)P(s1lsg, ag)me(asls1) P(sz|s1,aq) ...

* logAB = logA + logB

T-1

T—-1
VglogP(z|0) = Vy Zt—o logmg (ag|sy) EH ol E;[ VologP(st, a|t)1i44]

v

= t=0

T-1 T-1
VoL | rialm] = ETLY .  logma(@ulson]

T-1

T-1
~ B[V Zt—o logmg(a¢|s;)Ge], where Gy = o Vtrt+1 =Tt41 t VT2 + Vzrt+3 +t VT_l It

Discounted G, — Tt EAHO| of 24t BEX
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