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Introduction

/

< 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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< Definition of Reinforcement Learning

OF

IH SHE 2/36t= O0|™MEAgent) S

« 2t (Environment) 1} A% AH-E (Interaction)

s

b

ok
[>

= d=3
od

| Action (ay): M + Jump
\

Reward (r,): + or -

Reward (7;44): + or -

e <

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

«  m(als)= OO|HEL| A5 S22 M State (s) UM F& Action (a)= EEHF

Environment

Action (a): M + Jump

a = 1(s)

Interaction

2 : State (s), Reward ()
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% Reinforcement Learning vs. Other Learning
Action (a)O|Lt 20| = (y), AHHOf| “delTt Taskel &2

Xt0|H: &= & & (Interaction)5t= 2 (Environment)2| =X

A= 0=

CE

Reinforcement Learning

Supervised Learning

Contrastive Learning

Training

S ARSARSA.. X,
Data XY) 09)
Model (als) =FX) Self (? - F(X))
. . 2 - k ~\ 2 exp (%)
Objective | G; = Ryy1 + YRy + YV Ry . = z Y Retk+1 (Y-Y) Li=—log——7—= >
k=0 exp (T) * Lieggi ity €XP (T)
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Reinforcement Leaming

Introduction Tares
Model n(als)

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

k=0

/

% Training Data
e  Markov Decision Process (MDP)
v =Xl OIAMEE ZHE &7 flct Z2MA
v USIEIE0M A S BE 2HE(Environment) MDPE 4 E|0 Q12
v" Markov Property: O|2ff= 1A &EfZF Ol @] SRl &FEHO][2F O &
(P[St11/S¢] = P[St41[81, 82, -+, Se])

o SIHK| }A <s4PRY >

v S-Statel| &iTt

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

\/ A - ACtionOI x|=I c’|=|F tate (Sm) ~  Reward (r): +or -
v  P-TO|=E 2t Reward (,): + or -
[ &l e, (g
v' R-Reward &
. - Envi t
v' y - Discount Factor (2 2l&) e

«  Episode: < s¢,a9,11,51,a4,72,52,05,73,S3, ..., ST >, total time step: T
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Reinforcement Leaming

Introduction Tares
el n(als)

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

k=0

% Model n(als)
«  MDPZ 4=l 24 (Environment)2| A HX} gt
«  dH(Policy)0|2tal £ 2 Of|0]HE(Agent)2| A =
«  FOIT 2HAO| State (s) 0 F Action (0)2 YeiFe g

v m(a|s) =P,[A=alS =s5]

Environment

Action: € + Jump

Darta Mini
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Reinforcement Leaming

Training

Introduction De

SARSARSA..

n(als)

G =Ry + YRz +¥°Reyz - = Z Y*Retier
=0

/

% Bellman Equation

y Value Function2| HF2H): G = Rep1 + YRz + VP Ry ... = Yieo V¥ Reskan

State-Value Function (&EH 7HX| &) Action-Value Function (& 7IX| &)
V' v(s) = En[GelS; = s] V' Gu(s,a) = Eq[Ge|S; = 5,4, = a
= Ex[Res1 + YResz +V*Reyz + - [Sp = 5] = Ex[Res1 +VResz +V?Regz + 1S, = 5,A, = a]
SateZbRUAMKS LA GRAF -1 T e S AdionOlERR o
= Ex[Rey1 +VGeialSe = 5] = Ep[Re+1 +VG44|S: = 5, A = a]
= Ex[Rerq + v e DIS: = 51 = Ex[Rey1 +Vqr (St DSe = 5,4; = a]
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Reinforcement Leaming

Introduction ;‘f nm

/

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

k=0

% Q-Learning

ZtX](Value) 7|8to| st&

Ol 0 HE7H S state (5) Ol A KHAIO] %2 4= QU= Action ()5 5 0150 El= Wao =
shgyots

Action: v + Jump Reward: 0

Action: N +Jump  Reward: +1 ]

Action: € + Jump Reward: -1

Agent

Environment
Action: = + Jump Reward: -2
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Introduction

Reinforcement Leaming

Training

/

% Policy Gradient
- HH(policy) 7|8t| TE
X

- Lf2I0JE g0f CHet B2 n(als;0) S AE chsots LH

v J(O) = E[Z?;Olrt= E[ry +r+1r3+-+1|m)

v 0'=0+alyJ(0),VyJ(8) = Policy Gradient

SARSARSA...
Data
Model m(als)
Objective Gp = Rep1 + YRz +VRyz - = Z V*Rerer

k=0

Aol

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

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

~ E [V Xi=g logmg(as|se)Ge]

(o]

where Gy = Reyq +YReyz +V?Rpys o = Z V*Retier1

= Eq[Rey1 +YRey2 +V?Riys + ISy = 5,4, = a]

= Ep[Re41 + Y(Res2 + YRz +2)IS: = 5, Ar = af

k=0 = Eq[Rey1 + VGisq|St = 5, A; = a

= Ex[Rey1 + Var (Se41, O|S: = 5,4; = a
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Reinforcement Leaming

| N t 'O d u Ctl on Traring SARSARSA..
— 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 y

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
~ E,[Vy XT-3 logmy (ac|sy) G ~ tho Es,ao..s0a:[Vologmg (el s)1Er,, , si.s....sprp [Gt]
where Gy = Repq +VReyz +V*Regsz oo = Z V¥Retie =
L =D FoaoseadlTologno (els)]Qry 500)
Data Mining
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Reinforcement Leaming
° Training SARSARSA...
Introduction Do
Model m(als)
Objective Gt = Reys +YResz +V*Resz o = i Y*Resient
¢ Actor-Critic Methods
e 7X[(Value)2t ‘S M(Policy) Z5F 1243t ot&
7 0 < 6 + Vplogmg (als;) (rt+1 +¥Qu(Se+1, Arv1) — Qu(Sey at))
7‘ score
Actor 6
) v ActorOf| A Action (a)= &t
\ v Critic2 MELEl Action (@) B7SH=s Ygt
v CriticO| A ZR20[ e vE YH|0|E
v CriticO| X|eHSH= HWeke = & H|0|E
Critic l 7 W
Data Mini
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Reinforcement Leaming
. Training SARSARSA...
Introduction oo
Model m(als)
Objective Gt = Reys +YResz +V*Resz o = Z Y*Resient
k=0

Data Efficiency (=Sample Efficiency)
Training Data (Remind)
., st >, total time step: T

\/
0‘0

[ )
v’ Episode: < s, a9,11,51,a1,12,57,03,13,53,
«  Experience Replay (Replay Buffer, Replay Memory)
v Z Timestep2 2 {2 Experience (s, ap, Tit1, Ser1) B2 NS 52t
" Episode_1: < sq,a0,11,51,04,72,52, 02,13, S3, .0, ST >
,: Episode_2: < sg,aq,11,51,01,72,52, 02,13, S3, o0, ST >
‘ﬁ\\ O
o
o
v, ST >

|
Episode_N: < sy, a0,11,51,01,73,52, 02,73, S3,

Interaction
1
- \\ .
- 14 Stte (%) Interaction Action (e A+ mp
te o) " Reward () +or- = s lexp 1-80, a{)rl,
Reward (141): + or - P ;.,.7
e 3 1exp 215,112, S
) Environment ) Replay
Buffer
E _(T-1)-ST-1 aT—eri

Data Mining
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Reinforcement Leaming
. Training SARSARSA...
Introduction oo
Model m(als)
Objective Gt = Reyt +YResz +V°Resz o = i Y*Resient
k=0

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

EP lexp 2:51,0472, 5,

EP lexp 1:50,0011,51
““n(als; 0) N m(als; 6) 4N n(als; 0)
&t H] 0 [P, B g [EP_1og » SHE

Parameter Update Parameter Update

Interaction

Data Mining
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Reinforcement Leaming

Introduction Tares
el 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 (d41) = OIESHE A& (Fixed Time)
HNf| &= ZHO| A0 AEME Experience2 = H50f| AHE 7S (Experience Replay)
Sample=2 AHESHD H2|= Z1 22| Random SamplingSto] Samplel| 2842 =¢

v
v
v
v ZHO] Local Optimal®i| ==&otALt Eitot= E9E X

Random Sampling

EP Kexp i Sk—1) Q20 Sk

Action (a A + Jump

Interaction

Parameter Update

Data Mining
UKNCRIE{EQ 17/93 o‘:‘. Quallity Analytics



Introduction

X/

< Deep Reinforcement Learning
- 2N 2E2 0 ST etEs 2
v Ex) StarCraft 12| A% state (5)2} action (2)2] 20| 2 Tt O| A
- O|E 8l 43}7| Il Deep Reinforcement Learning (DRL)O| EH
v Google DeepMind0i|A] S5t Deep Q-Network (DQN)O| DRLE| A| %0 &l

v" Deep LeamingO| HHSIHAM Zotatgill 22l5t] 2 AFE =AY += AU

e
-
omn

z
o
=
T
E
—)

StarCraft |l Fully connected

State §=2E e A

NEAAMARE l
+l++0+0+-0+0+ N & N >

A
+
©)
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Deep Reinforcement Learning Research Trends

X/

% Representation Learning for Reinforcement Learning

- JE:OOIH 28432 2&A|7|7| 2|6l Self-Supervised Learning= Z=tet& RO 28

«  Self-Supervised Learning (SSL)= Z=tshs 2H4 0| MENO| Lot £2 BIS ot5
n

=
St &2 HIOHS A HEi 2 7|=5}

1
I

-ql.
f>

v' Representation Learning: O|O[X|, E|AE

v Pretext Tasks, Contrastive Learning, Non-Contrastive Learning...

Representation Learning Momentum Contrast (MoCo)
¢ oy
28" [05,03,09,11,04,03] ’E‘\ - it
¥R N (1)
A Li=—log—7 ik
‘ femeeiilsr e () B (7)
= - : Query Key i @ _’{""”:Hlé:/ i: Anchor
Encoder\ / Encoder ! ﬂ _,{ . I' i*: Positive
P m | R Bl k: Negative Examples
Li‘ .*"'\ | *Negative Examples I
| Ay e
, % i .‘3 .‘ ‘;'";j." ) Bkey “ mery +(1- m)ﬂquery
\ﬁ{ [0,04,05,13,07,03] ‘»% [11,14,03,04,07,05] Mermory Qe
gAY L

Data Mining
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% Representation Learning for Reinforcement Learning

1. CURL: Contrastive Unsupervised Representations for Reinforcement Learning (2020, ICML)

CURL: Contrastive Unsupervised Representations for Reinforcement Learning

Aravind Srinivas* ! Michael Laskin®* ' Pieter Abbeel !

Abstract

We present CURL: Contrastive Unsupervised o
Representations for Reinforcement Learning. o ./ \ 0
CURL extracts high-level features from raw pix- 1 K
els using contrastive learning and performs off- } |
policy control on top of the extracted features.
CURL outperforms prior pixel-based methods,
both model-based and model-free, on complex g =Jylo,)
tasks in the DeepMind Control Suite and Atari
Games showing 1.9x and 1.2x performance gains .

at the 100K environment and interaction steps q
benchmarks respectively. On the DeepMind Con- <N

trol Suite, CURL is the first image-based algo- Reinfarcament

rithm to nearly match the sample-efficiency of Leaming

methods that use state-based features. Our code

is open-sourced and available at https: //www. Figure 1. Contrastive  Unsupervised  Representations  for

github.com/MishaLaskin/curl. Reinforcement Learning (CURL) combines instance contrastive
learning and reinforcement learning. CURL trains a visual

-

Momentum Encoder
k = falay)
G, = mb + (1 — m)d,

Encoder

Data Mining
UKNQJE{EQ 21/93 o‘:‘. Quality Anclytics
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% Representation Learning for Reinforcement Learning

1. CURL: Contrastive Unsupervised Representations for Reinforcement Learning (2020, ICML)

v OOl 2845 ddA7|7] ?l5k 2
YEE: 7 X(value) 7|2t

v Self-Supervised Leaming: MoCo AH&(Contrastive Learning)

v o ZdeEs

MoCo

0, O

Encoder Momentum Encoder

W k= fglo)

q —qu(oq) 0& = mOA =+ (l - m)gq

N “
q k
7N\ <
Learning
KOREA

UNIVERSITY

Z3tet& 1t Self-Supervised Leaming=

sk A9 Efficient Rainbow AH&(Model-Free, Off-Policy)

@)Iay buffer

=

AN

A3t ol

N

Reinforcement
Learning

-~
A

Contrastive
Unsupervised

22/93
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% Representation Learning for Reinforcement Learning

1. CURL: Contrastive Unsupervised Representations for Reinforcement Learning (2020, ICML)
v" Query Encoder2} Key Encoder2 7
v Zt Timestep2 ExperienceS Replay Buffer0i| A%

v' Mini Batch AtO|=BrF MZ&St31 M2 CHE &7 2| Data Augmentation X&

/gy vt | O\ @ R

% |- 1% ¢ || Reinforcement
: 1 : Learning
; S )
4 D
Observation Contrastive
"> Unsupervised
Learning
S : )
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% Representation Learning for Reinforcement Learning

1. CURL: Contrastive Unsupervised Representations for Reinforcement Learning (2020, ICML)
v &Y O|0|X|2FH L}= & O|0|X|= Positive Pair, 0| 2|0] = Negative ExamplesZ= " 2]

v Query Encoder0f| A =3t Feature Vectore Z2tetEdt SSLOY| AFE
v LSS 2R H A AE Loss@t SSLEEE A A=l LossO| A& &%t LossE Lot et&s =
v AoetEtSSLE SA|0| =5H= One-Stage 24 (Not Transfer Leaming)
RL Loss Function
@)Iay buffer \ f \
% .q_ _z_:ff’«_(_o_%‘_)_ | ol Reinforcement EE:'
; o Learning
: Enctf:;yer \ / l ° i+
5 P\
: ( \ AxL; =—log — -
: i1 ik
: Contrastive exp (T) + Zk ¢(iit) €XP (T)
"""""" *= Unsupervised
Key K =fa (00 Learning
\ O Encoder \
Momentum Update
(Key Encodlzr) Okey < MOicey + (1 = m)0query
Data Mini
UKNCI?IE{EQ 24/93 .‘:‘. Q?Jdciﬁy I/r\]r‘wrzlglytics
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o

1.

* Representation Learning for Reinforcement Learning

CURL: Contrastive Unsupervised Representations for Reinforcement Learning (2020, ICML)
v DMControld} 26712| Atari 2600 &= AtE3}0] ds E7t

o o L . —_ —_ O —t =<
v DMControl2 1002, 500t / Atari= 10T+ Timestep2 2 X[oH5H0] H|O|H 288 24 45
DMControl Atari 2600
S00K STEP SCORES CURL PLANET DREAMER SAC+AE SLACVI1 PIXEL SAC  STATE SAC GAME HUMAN  RANDOM  RAINBOW  SIMPLE OTRAINBOW  EFF. RAINBOW | CURL
FINGER, SPIN 926 450 561 £284 796+ 183 884 L 128 673492 179166 923 +£21 ALIEN 71217 227.8 318.7 616.9 824.7 739.9 558.2
CARTPOLE, SWINGUP [ 841 +45 | 475+71  762+27  735+63 - 419 £40 848+ 15  AMIDAR 1719.5 5.8 32.5 8.0 82.8 188.6 142.1
REACHER, EASY 929+ 44 | 210 £390 793+ 164 627 +£58 - 145+£30 92324  ASSAULT J420 2224 231 >27.2 351.9 431.2 600.6
CHEETAH, RUN 518+28 | 305+131 570+£253 550434 64019 197 +15 795+ 30 gi;ﬁ“;{"m 8735[;3-]3 21‘40-2" f‘fjg 1 ;j"z‘-‘ 613515 ‘4'5710-03 B‘:'g
WALKER, WALK 902+ 43| 351458 89749 847 4+48 842 + 51 2+12 948 £54 ot ITIB1S 23600 23600  S1844 1060.6 101946 148700
BALL IN CUP, CATCH [ 959 +27 | 460+380 87987  794+58  852+71 312+ 63 974 + 33 BoxING 121 o1 s o1 5 02 12
100K STEP SCORES 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
FINGER, SPIN 767 £ 56 f 136 =216 34170  7404+64 693 £ 141 179 + 66 811+46 CRAZY_CLIMBER 35829.4  10780.5 22545  62583.6 21327.8 16185.3 12146.5
CARTPOLE, SWINGUP J| 582146 | 297439 32627 311+11 - 419440 835+22 DEMON_ATTACK 1971.0  152.1 163.6 208.1 711.8 508.0 817.6
REACHER, EASY 538+233 1 20+50 3144155  274+14 - 145430 746425 FREEWAY 29.6 0.0 0.0 20.3 25.0 27.9 26.7
CHEETAH, RUN 299 +48 | 138488 235+ 137 267424 319456 19715 616+18 FROSTBITE 4334.7 63.2 60.2 254.7 231.6 866.8 1181.3
WALKER, WALK 403+24 | 224448 277+12 394422 361473 42+12 891+82 GOPHER 24125 257.6 431.2 771.0 778.0 349.5 669.3
BALL IN CUP, CATCH | 769 + 43 0+0 246+ 174 391+82 512+ 110 312463 74691 HERO 30826.4  1027.0 487 2656.6 6438.8 6857.0 6279.3
1 JAMESBOND 302.8 29.0 47.4 125.3 112.3 01.6 471.0
KANGAROO 3035.0 52.0 0.0 323.1 605.4 779.3 872.5
KRULL 2665.5  1398.0 1468 4539.9 3277.9 2851.5 4229.6
KUNG_FU_MASTER 22736.3  238.3 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 14.6 207 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 1.5 1588.46  5640.6 2696.7 9600.0 5661.0
SEAQUEST 420547 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
E—
KOREA O.. Data Mining
UNIVERSITY 25/93 .\ Quality Analytics



Deep Reinforcement Learning Research Trends

% Representation Learning for Reinforcement Learning

2. Data-Efficient Reinforcement Learning with Self-Predictive Representations (2021, ICLR)

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 target 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
7 out of 26 games. The code associated with this work is available at https:
//github.com/mila-iqgia/spr.

KOREA 26/93
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X/

% Representation Learning for Reinforcement Learning

2. Data-Efficient Reinforcement Learning with Self-Predictive Representations (2021, ICLR)
v Zoleks WEE: 71K (Value) 7|8 stE A QI Efficient Rainbow AHE(Model-Free, Off-Policy)

v Self-Supervised Leaming: BYOL AF&(Non-Contrastive Leamning

Jo
online — 5 qlearning » Q-Learning Loss
— I D%:D head 9
t | Oty Q4 k-1
L't + avg. conv. transition
exponential model
moving avg. l' 9o q
2 online . 2
Zt4k—> - —> pradlchon — Yit+k
” + PI'O|BC|IUH Cosine
71 Similcrify Loss
target - target =
enceder  — EEEIE Ztk —> | proietion > Ptk
Jm Jm
T4k + aug.
Data Mining
UKNCI?IE{EQ 27/93 o‘:‘. Quallity Analytics
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X/

% Representation Learning for Reinforcement Learning

2. Data-Efficient Reinforcement Learning with Self-Predictive Representations (2021, ICLR)

v Online Encoder2} Target Encoder2 T+

Zt Timestep'2 ExperienceZ Replay Buffer0fl A% 3 Mini Batch AFO|=

v
v MELE AE e+ k2 O|O|X|of] M=z CHE
v

Data Augmentation 2£ E{ L2 & O|0|X|+= Positive Pairz ‘32|

Jo
online > o » g-learning

r head
“t ’ Gty- v oy Qppk—1

It + aug. conv. fransition
expofential model
movihg avg. i Yo
2 online
_ Ptk > projection
r{'ril Il
target p target
encoder > LT 2tk — projection
fm 9m
T4k + aug.
KOREA
UNIVERSITY 28/93

=

q
— | prediction — Ui+

> §'t+k

j

A= 2|
o= o

£712| Data Augmentation &

» Q-Learning Loss

Cosine
Similarity Loss

.ﬁ

Data Mining
Quallity Analytics



Deep Reinforcement Learning Research Trends

% Representation Learning for Reinforcement Learning

2. Data-Efficient Reinforcement Learning with Self-Predictive Representations (2021, ICLR)
v Online EncoderOi|A] Z=Z3t Feature Vector (z,) = Z=tetEat SSLO| AFHE
v' Self-Predictive Representations (SPR) 7| 212 M|Ct5H0] H|O|E 24 et
v SPR2 transition model (h) =7}, O|2H2] 22 El State (2,.,,) 0I5 S k BHESHH SSL Loss Al 4t
v

Zeire 2 NCeii—1, Qprr—1), ari= Mini Batch Lif Z=XlSt= 0[2H2| Action HE

RL Loss Function

fo
-_> onlimar — q-lol;u:;ng » Q-Learning Loss
Zt ’ a

Ty +avg. conv. transition T
expc_vnential model K ~ A
l moving Y9 AJr oj:-;e - N A# LR (Spk Q) = —Z (l | 3, t+k|| ) ( |2]t+k|| )
9 etk —> projection — | prediction| —> Utk }s Closine k=1 }’t+k 2 yt‘l'k 2
imilarity Loss
i o A Gk
o o where 9 2 (9o (Zerid)) Teak 2 Im(Zeaio)
T4k + aug.
Momentum Update
) <16 + (1 —1)0,n
(Target Encoder) target target ( )oniine
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2. Data-Efficient Reinforcement Learning with Self-Predictive Representations (2021, ICLR)
v’ Atari 2600 2671 A2 AHESHY ds Bt

v 102t Timestep2 2 H|$H5H0] HIO|E 284 S AS

P—
Game Random Human  SimPLe DER OTRainbow  CURL DrQ SPR (no Aug)l SPR
Alien 2278 7121.9 616.9 739.9 824.7 558.2 771.2 847.2 801.5
Amidar 5.8 1719.5 88.0 188.6 82.8 142.1 102.8 142.7 176.3
Assault 2224 742.0 5272 431.2 3519 600.6 452.4 665.0 571.0
Asterix 210.0 8503.3 11283 470.8 628.5 734.5 603.5 820.2 977.8
Bank Heist 14.2 753.1 342 51.0 182.1 131.6 168.9 425.6 380.9
BattleZone 2360.0 371875 51844 101246 4060.6 148700  12954.0 10738.0 16651.0
Boxing 0.1 12.1 9.1 0.2 25 1.2 6.0 127 35.8
Breakout 1.7 30.5 16.4 1.9 0.8 4.9 16.1 12.9 17.1
ChopperCommand 811.0 T387.8 12469 861.8 1033.3 1058.5 780.3 667.3 974.8
Crazy Climber 10780.5 358204 62583.6 16185.3 21327.8 12146.5  20516.5 43391.0 42023.6
Demon Attack 152.1 1971.0 208.1 508.0 711.8 817.6 1113.4 370.1 3452
Freeway 0.0 29.6 20.3 279 25.0 26.7 9.8 16.1 24.4
Frostbite 65.2 43347 2547 866.8 231.6 1181.3 331.1 1657.4 1821.5
Gopher 257.6 2412.5 771.0 349.5 778.0 669.3 636.3 T74.5 715.2
Hero 1027.0 308264  2656.6  6857.0 6458.8 6279.3 37363 57074 7019.2
Jamesbond 20.0 302.8 125.3 301.6 112.3 471.0 236.0 367.2 3654
Kangaroo 520 3035.0 323.1 779.3 605.4 8725 940.6 1359.5 3276.4
Krull 1598.0 26655 45399 28515 3277.9 42296  4018.1 3123.1 3688.9
Kung Fu Master 2585 227363 17257.2  14346.1 57222 143078 9111.0 15469.7 13192.7
Ms Pacman 307.3 6951.6  1480.0  1204.1 941.9 1465.5 960.5 12477 1313.2
Pong -20.7 14.6 12.8 -19.3 1.3 -16.5 -8.5 -16.0 -5.9
Private Eye 24.9 69571.3 58.3 97.8 100.0 218.4 -13.6 526 124.0
Qbert 163.9 134550 1288.8  1152.9 509.3 1042.4 854.4 606.6 669.1
Road Runner 1.5 78450  5640.6  9600.0 2696.7 5661.0  8895.1 10511.0 14220.5
Seaquest 68.4 420547 6833 354.1 286.9 384.5 301.2 380.8 583.1
Up N Down 5334 116932 33503 28774 2847.6 20552 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@350M-Norm’d 0.000 23.382 0.232 0.239 0.197 0.325 0.171 0.336 0.510
Median DON@50M-Norm'd___0.000 0.994 0.118 0.142 0.103 0.142 0.131 0.225 0.361
# Superhuman
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3. Pretraining Reward-Free Representations for Data-Efficient Reinforcement Learning

(2021, ICLR)

Self-Supervision for Reinforcement Learning Workshop - ICLR 2021

PRETRAINING REWARD-FREE REPRESENTATIONS FOR
DATA-EFFICIENT REINFORCEMENT LEARNING

Max Schwarzer*!?, Nitarshan Rajkumar*"-?, Michael Noukhovitch' 2, Ankesh Anand' >
Laurent Charlin' 3, Devon Hjelm!+*, Philip Bachman', Aaron Courville!*
IMila, 2Université de Montréal, "JHEC Montréal, *Microsoft Research

ABSTRACT

Data efficiency poses a major challenge for deep reinforcement learning. We
approach this issue from the perspective of self-supervised representation learn-
ing, leveraging reward-free exploratory data to pretrain encoder networks. We
employ a novel combination of latent dynamics modelling and goal-reaching ob-
jectives, which exploit the inherent structure of data in reinforcement learning. We
demonstrate that our method scales well with network capacity and pretraining
data. When evaluated on the Atari 100k data-efficiency benchmark, our approach
significantly outperforms previous methods combining unsupervised pretraining
with task-specific finetuning, and approaches human-level performance.

Data Mining
KOREA 31/93 .‘:‘. Quality Analytics

UNIVERSITY



Deep Reinforcement Learning Research Trends

X/

% Representation Learning for Reinforcement Learning

3. Pretraining Reward-Free Representations for Data-Efficient Reinforcement Learning
(2021, ICLR)

v" CURL SPRi} EHE| H|X| = A Shg THA|E +=A5St= Two-Stage &40 =
v 3719 LA (SPR, Inverse Modeling, Goal-Conditioned RL)E AMH2SI0] A SHE &
Unsupervised Pre-Training
1. SPR 3. Goal-conditioned RL
5 _, online S sampled goal
Shared Torso TR projcion ! }Simﬁz'.;awss -
Ztrk —> Fqumw — itk A m:hwd > d(z.9)
fm
0"' "
. oo 2 j’ 2. Inverse Modelling Zpy1 — ”Tg:dm > d(#41.9)
St rovs T S = padin > U4k ) foverse Model Reward = d (%, g) — d(Z41.9)
axponantial
meving avg. * ~ — ~ } Loss. 'l
ik Zt+1 7| projecken —* Yt+1
f Q-learning Loss
E — u?-;':r - Bl Zk Task-Specific RL
Stk +oug. rrra —— ‘-I‘l"""'""g —— Q-learning loss
2t
Ztgk
} SPR Loss
Zitk
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3. Pretraining Reward-Free Representations for Data-Efficient Reinforcement Learning

(2021, ICLR)
v' SPR:BYOL & E ALE / D|2f{e] ROF=! State (2.,,) CIIF % k YH=SHH SSL Loss Al 4t
v Inverse Modeling: 2 2=l 24X} State (2,) 2F Next State (1) = & IH ction (a,) W=

v Goal-Conditioned RL: Goal (g)2 Goal-Conditioned RewardE &2 5! st&

Unsupervised Pre-Training
1. SPR 3. Goal-conditioned RL
. cson n sompled godl g
z — —> | predicion —* Up+1: R
Shared Torso PR poo } S_mﬁ;’_'";io .
irmil 5 = compute disiance Z
1 Zorh —> WW — itk T o goal > d(z.9)
N [
. anline - E -
. encoder " Dg:l:l 2. Inverse Madelling Ltp1 —> .,g:dm > d(Z41.9)
t 1
transifion o orline R - = -
S el e “t 7 puoecton |~ oL }InmrsaModal Reward = d (%, 9) — d(Zi41.9)
axponen
maving avg. * . ~ Loss.
A Rl —> p-l;a:m — U+ ']' )
f Q-learning Loss
torget EOEE Zepk
E encoder > ok Task-Specific RL
fun
Stak +oug. rrra —— ‘-I‘l“"""g —— Q-learning loss
2t
Zith
} SPR Loss
Zitk
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3. Pretraining Reward-Free Representations for Data-Efficient Reinforcement Learning
(2021, ICLR)

v State (s,) Ol CHSF Goal (g)= 71712 Ol A& 2282 E UniformSHA| M E 2ot State2| EFZI HH
v Goal-Conditioned Reward= 2 2F=! State (2,,2,,1)2t Goal (g) Zt2| 2| Z F9|

Unsupervised Pre-Training

1. 5PR 3. Goal-conditioned RL

2 anline - sampled goal g

Zppg— — predicfion —= 5 +i in ~ _ ~ ~

Shared Torso - e P — ) R(ZZt41,9) = d(Z, 9) — d(Z441,9)
frget 2 — o gool > d(Z, 9)
Zt+k | projecion. " Yi+k
G
'lle 5
. - - D:zlf]:‘ _l 2. Inverse Modelling Zpy1 —> m:g:dm + d(241,9)
5S¢ + aug. o ; 3, | jodline 4 predicion. —» 7, . ). = = Z g
) model <t pefcion TR ) foverss Model Reward = d (2, 9) — d(Zi41,9) 5 — t
:f““:;":; 3 Loss d(Zt' g) = €xp —2
o Zr41 —> | ———— Jt+1 ¢ || t|| ||g||2
, Q-learning Loss
ﬁ "‘;“"‘ i thE Task-Specific RL
Sipk+aug. rrob ——— CHW““"G ——+ Q-learning loss
“t
Zrik
} SPR Loss
Zirk
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3. Pretraining Reward-Free Representations for Data-Efficient Reinforcement Learning

(2021, ICLR)
v A g5 = Online Encoder?t Target Encoderg AF&5H0] Fine-Tuning= £l

v Fine-Tuning SPRI} Z3tetE LossE 7+Ha2toto] ats 21

Unsupervised Pre-Training
1. SPR 3. Goal-conditioned RL

sampled goal g

IS anline i
Ziy g —> — | predicion —* Ur+k 3
Shared Torso EEofockon S'mﬁ:nal.o )
imilarity Los: 3 — m:ﬂ;ﬂdﬁhﬂ - d(z.q)

#erk > () ——— 5+

fo G
online ; ~ " .
encoder % Dgt:l:l I 2. Inverse Modelling eyl —* 'b;d - d(2t41,9)

. . a B _
St +aug. _—— o i — m“hdi‘m - | predicion. — 7y ). }Imrm,: tel Reward = d (%, g9) — d(Z41.9)
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Pretraining Reward-Free Representations for Data-Efficient Reinforcement Learning
(2021, ICLR)

v
v

102t Timestep2 2 X|$H=! Atari 2600 2671 Al QS

AHE

otof HIOIH ==

M SEA
o oo

b7
d

ol

NOtSH= SGI AFM EH50]| Large Size ResNet Convolutions A8 SGI-C/LO| 7+ 24

Random Human SPR ATC SGI-R SGI-E SGI-W SGI-C/S  SGI-C SGI-C/L
Alien 2278 7127.7 801.5 699.0 1034.5 857.6 1043.8 1070.5 1101.7 1184.0
Amidar 5.8 1719.5 176.3 954 154.8 166.8 206.7 185.9 168.2 171.2
Assault 222.4 742.0 571.0 509.8 446.6 583.1 759.5 632.4 905.1 1326.5
Asterix 210.0 8503.3 977.8 454.1 754.6 953.6 1539.1 651.8 835.6 567.2
Bank Heist 14.2 753.1 380.9 5349 397.4 514.8 426.3 547.4 608.4 567.8
Battle Zone 2360.0 371875 16651.0 13683.8 4439.0 16417.0  7103.0 12107.0  13170.0 § 14462.0
Boxing 0.1 12.1 35.8 16.8 51.7 33.6 50.2 40.0 36.9 73.9
Breakout 1.7 305 17.1 16.9 234 17.8 354 23.8 42.8 2519
Chopper Command ~ 811.0 7387.8 974.8 870.8 784.7 1136.2 1040.1 1042.7 1404.0 1037.9
Crazy Climber 10780.5 358294 429236 742155 50561.2 763563 810574 755421 88561.2 94602.2
Demon Attack 152.1 1971.0 545.2 524.6 2198.7 357.5 1408.5 1135.5 968.1 5634.8
Freeway 0.0 29.6 24.4 57 2.1 151 26.5 125 30.0 28.6
Frostbite 65.2 43347 1821.5 222.6 349.3 981.4 247.7 861.1 741.3 927.8
Gopher 257.6 2412.5 715.2 946.2 1033.9 964.9 1846.0 1172.4 1660.4 2035.8
Hero 1027.0 308264 7019.2 6119.4 7875.2 6863.7 7503.9 7090.4 7474.0 9975.9
Jamesbond 29.0 302.8 365.4 272.6 263.9 383.8 425.1 413.2 366.4 394.8
Kangaroo 52.0 3035.0 32764 603.1 923.8 1588.9 598.6 1236.8 2172.8 18875
Krull 1598.0 2665.5 3688.9 4494.7 5672.6 4070.7 5583.2 6161.3  5734.0 5862.6
Kung Fu Master 258.5 227363  13192.7 11648.2 133492 11802.1 14199.7 16781.8 161378 17340.7
Ms Pacman 307.3 6951.6 13132 848.9 411.0 1278.3 1970.8 1519.5 1520.0 2218.0
Pong -20.7 14.6 -5.9 -13.5 -39 42 47 9.7 7.6 17
Private Eye 249 695713  124.0 95.0 95.3 100.0 100.0 84.7 90.0 83.8
Qbert 163.9 13455.0  669.1 572.2 595.0 717.6 855.6 804.7 709.8 702.6
Road Runner 11.5 7845.0 14220.5  7989.3 5476.0 9195.2 180119  12083.5 18370.2 18306.8
Seaquest 68.4 420547  583.1 415.7 7353 615.2 656.1 728.2 7284 1979.3
Up N Down 533.4 116932 28138.5 84361.2 67968.1 636129 845514 42165.6 79228.8 § 46083.3
Median HNS 0.000 1.000 0.415 0.204 0.326 0.456 0.589 0.423 0.679 0.755
Mean HNS 0.000 1.000 0.704 0.780 0.888 0.838 1.144 0.914 1.149 1.590
#Games > Human 0 0 7 5 5 6 8 6 9 9
#Games > 0 0 26 26 26 25 26 26 26 26 26

I——
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Reinforcement Learning with Augmented Data (2020, NeurlPS)

Reinforcement Learning with Augmented Data

Michael Laskin* Kimin Lee” Adam Stooke
UC Berkeley UC Berkeley UC Berkeley
Lerrel Pinto Pieter Abbeel Aravind Srinivas

New York University UC Berkeley UC Berkeley
Abstract

Learning from visual observations is a fundamental yet challenging problem in
Reinforcement Learning (RL). Although algorithmic advances combined with
convolutional neural networks have proved to be a recipe for success, current
methods are still lacking on two fronts: (a) data-efficiency of learning and (b) gen-
eralization to new environments. To this end, we present Reinforcement Learning
with Augmented Data (RAD), a simple plug-and-play module that can enhance
most RL algorithms. We perform the first extensive study of general data aug-
mentations for RL on both pixel-based and state-based inputs, and introduce two
new data augmentations - random translate and random amplitude scale. We
show that augmentations such as random translate, crop, color jitter, patch cutout,
random convolutions, and amplitude scale can enable simple RL algorithms to
outperform complex state-of-the-art methods across common benchmarks. RAD
sets a new state-of-the-art in terms of data-efficiency and final performance on
the DeepMind Control Suite benchmark for pixel-based control as well as Ope-
nAl Gym benchmark for state-based control. We further demonstrate that RAD
significantly improves test-time generalization over existing methods on several
OpenAl ProcGen benchmarks. Our RAD module and training code are available at
https://www.github.com/MishalLaskin/rad.
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1. Reinforcement Learning with Augmented Data (2020, NeurlPS)
v A3EtE S Qo AFR &l O|O|Ef(Experience)0i CIOIE 52 7|HE Mg

v Y YE HO|H0| HO|H & 7|ES HE¢ct A2z ot Zefetg a1 2 /s

Reinforcement Learning with Augmented Data

Data Augmentation

E:.x;erie;lce
e Reinforcement

Learning
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1. Reinforcement Learning with Augmented Data (2020, NeurlPS)

v Crop, Grayscale, Cutout, Cutout Color, Flip, Rotate, Random Convy, Color JitterE A&
v Random Conv: ©/2|2| T}2t0|E{ 2 PAE SHIE 20]0j2 S8f HO|ES izt

Grayscale Cutout Cutout color

Augmentations applied
consistently across
stacked frames

Original
Minibatch

Rotate Random conv.
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Reinforcement Learning with Augmented Data (2020, NeurlPS)

v 1082t 5082t Timestpe2 £ H|TH=l DMControl 671 2HE2 AFESI HIO|H 289 & HE

SO0K STEP SCORES | RAD | CURL PLANET DREAMER SAC+AE SLACVI PIXEL SAC  STATE SAC
962 | 926 561 796 884 673 192 923
FINGER, SPIN 16 | L5 4284 L o183 1128 10 L 166 TPy
, 847 | 845 475 762 735 419 848
CARTPOLE, SWING + 26 + 45 + 71 + 27 + 63 ) + 40 + 15
" , 952 | 929 210 793 627 145 923
EACHER, EASY +25 | £ + 44 + 164 + 58 - + 30 +24
611 518 305 732 550 640 197 795
CHEETAH, RUN +51 | +2s8 + 131 + 103 + 34 + 19 +15 +30
, o18 | 902 351 897 847 842 42 948
WALKER, WALK +16 | x4 + 58 + 49 + 48 + 51 +12 + 54
960 | 950 460 879 794 852 312 974
CUP, cATCH 12 | 27 4 380 187 1 58 171 1 63 133

100K STEP SCORES
FINGER. SPIN 831 767 136 341 740 693 224 811
" =+ 30 4+ 36 + 216 + 70 4+ 64 + 141 + 101 + 46
, 813 | 582 297 326 311 200 835
CARTPOLE, SWING | ) | | (¢ + 39 +27 + 11 - +72 +2
) s10 | 338 20 314 274 136 746
REACHER, EASY +76 | +233 + 50 + 155 + 1 - +15 + 25
387 | 209 138 238 267 319 130 616
CHEETAH, RUN 1 | s 1 88 176 Iy 1 s6 112 118
WALKER. WALK 429 | 403 224 277 394 361 127 891
' 4 58 4 24 4 48 + 12 422 + 73 4 24 =+ 82
CUp. CATCH 495 | 769 0 246 391 512 97 746
' + 168 =+ 43 +0 + 174 + 82 + 110 =+ 27 =+ 91
Data Mining
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1. Reinforcement Learning with Augmented Data (2020, NeurlPS)

v' Random Crop 34 7| 20| 21tE S MeX o= =0l

Scores at 500k environment steps
for permutations of 2 data augmentations

Task: walker, walk crop

grayscale

rotate

4
S
Score

cutout

color jitter

crop grayscale  rotate cutout  color jitter
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1. Reinforcement Learning with Augmented Data (2020, NeurlPS)

v ProcGen A4S AES10] &5 24 (Seen) 1t CHE HIAE 2HE(Unseen)2 Soff Y Ets} 4

v oig 28 YE0| HojH S 7§t HEStHEt: ditel §50| ks As 2l

Test performance
== Pixel PPO == RAD (flip)
50— RAD (grayout) RAD (rotate)
== RAD (color-jitter) == RAD (crop)
=== RAD (cutout-color) === RAD (cutout)
40+ RAD (random conv)

Jumper (seen) StarPilot (seen) BigFish (seen)

Score

: o o = I &= & & & ok & & ol = = I !
. e 0 50 100 150 200
Jumper (unseen) StarPilot (unseen) BigFish (unseen) Timesteps (M)
(a) ProcGen (b) Test performance on modified CoinRun
Data Mining
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Generalization in Reinforcement Learning by Soft Data Augmentation (2021, ICRA)

2021 IEEE International Conference on Robotics and Automation (ICRA 2021)

May 31 - June 4, 2021, Xi'an, China

Generalization in Reinforcement Learning by Soft Data Augmentation

Nicklas Hansen*!, Xiaolong Wang*

Abstract— Extensive efforts have been made to improve
the generalization ability of Reinforcement Learning (RL)
methods via domain randomization and data augmentation.
However, as more factors of variation are introduced dur-
ing training, optimization becomes increasingly challenging,
and empirically may result in lower sample efficiency and
unstable training. Instead of learning policies directly from
augmented data, we propose SOft Data Augmentation (SODA),
a method that decouples augmentation from policy learning.
Specifically, SODA imposes a soft constraint on the encoder
that aims to maximize the mutual information between latent
representations of augmented and non-augmented data, while
the RL optimization process uses strictly non-augmented data.
Empirical evaluations are performed on diverse tasks from
DeepMind Control suite as well as a robotic manipulation task,
and we find SODA to significantly advance sample efficiency,
generalization, and stability in training over state-of-the-art
vision-based RL methods.'

44/93

test

training random colors video backgrounds

(a) Environments for DeepMind Control tasks. We consider
5 challenging continuous control tasks from this benchmark.

test

training random colors

(b) Environments for robotic manipulation. The task is to
push the yellow cube to the location of the red disc.
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2. Generalization in Reinforcement Learning by Soft Data Augmentation (2021, ICRA)
v H0IH & 7|Es HEtt JHZERH YH(Poliy)s HE e50k= A0| Ofl 2o of5ilt
detelss = 2lot0] ofadte Z2 M2 K e
v O|f: RS AT ohae M Aok B e JEiZE 298] 4 Fets 71H

_ﬁ_ )

v 352 H0|H&= BYOLS &H-&85t0] O|O|E{0] CHot Mot & st T ALE
=
o

v HISZ HO|H= Zotets S orad [T ALE
representation learning on augmented data reinforcement learning on non-augmented data
' encoder projection predictor encoder policy

0
4

feature space J}" = stop-gradient
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2. Generalization in Reinforcement Learning by Soft Data Augmentation (2021, ICRA)

v H|ZSZGO|HE ARSI TtE Lotets T
v wO0|Z MEE MO0 34 7|H2 M8t 5 atg T
v Aeietgdr 9 oS0 A AFEE|+= Encoder= Shared Network &

Algorithm 1 Soft Data Augmentation (SODA)

0, 1): randomly initialized network parameters
w: RL updates per iteration
7: momentum coefficient
. for every iteration do
for update = 1,2, ...,w do
Sample batch of transitions v ~ B
Optimize Lry, (v) wrt 0
Sample batch of observations o ~ B
Augment observations o’ = t(o), t ~ T
Compute online predictions Z = hg(gg(fe(0’)))
Compute target projections z* = gy ( fy(0))
Optimize Lsopa (2, 2*) wrt 6
Update ¢ < (1 — 7)) + 70

representation learning on augmented data reinforcement learning on Aen=augmented data

projection predictor coder  policy

I } -
. 4
rema _'.
h istency
1
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!f
o
™
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&
3
e R R o I I
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(b) Random overlay data augmentation.

2. Generalization in Reinforcement Learning by Soft Data Augmentation (2021, ICRA)

Training Environment

M=

v' DMControl 57 2t40]| LBt M5

v

HAE 2H4:

[=13

H=

video backgrounds

color_hard

random colors

DMControl-GB CURL RAD PAD SAC SAC SODA SAC SODA CURL RAD PAD SODA
(generalization) [19] [9] [42] (DR)  (conv) (conv)  (overlay) | (overlay) [19] [9] [42] (overlay)
walker, 556 606 717 520 169 635 718 768 445 400 468 692
walk +133 +63 +79 +107 +124 +48 +47 +38 +99 +61 +47 +68
walker, 852 745 935 839 435 903 960 955 662 644 797 893
stand +75 +146 +20 +58 +100 +56 +2 +13 +54 +88 +46 +12
cartpole, 404 373 521 524 176 474 718 758 454 590 630 805
swingup 467 472 476 +184 462 4143 430 +62 +110 453 +63 +28
ball_in_cup, 316 481 436 232 249 539 713 875 231 541 563 949
catch +119 +26 +55 +135 +190 +111 +125 +56 +92 +329 +50 +19
finger, 502 400 691 402 355 363 607 695 691 667 803 793
spin +19 +64 +80 +208 488 +185 +68 +97 +12 +154 472 +128
Data Mining
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«  JHE: F/MNQ MO +H0(E2AE X) 7|E0 =& & HIoIE LHoM X (Policy)=
Moz ohgd += =S¢
HH MA HE3L7| s = etd it 42 EHESH0] 2= Online CIO|E{7 EHa

=
22 2ge = e 28 21, Online H|O|Ef =8 Al H|& S A|Zt

>
o
)
ol

(a) online reinforcement learning  (b) off-policy reinforcement learning (c) offline reinforcement learning

e o o - -

rollout data {(s:,a;,8},7:)} rollout data {(s:,a;,85,7:)} s;,a;,8.,7;)
z 1

e
N s

[
s, T ]
update D ' : '
Tk ﬂ_p Tk ; T3 i : s
\ a | k + 1 \ a a : learn a |
rollout(s) rollout(s) rollout(s) I 7-‘- | deployment
t Th+1 t data collected ONCE == == == == = |
with any policy training phase
Data Mining
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Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)

Conservative Q-Learning
for Offline Reinforcement Learning

Aviral Kumar', Aurick Zhou', George Tucker?, Sergey Levine!:
1UC Berkeley, 2Google Research, Brain Team
aviralk@berkeley.edu

Abstract

Effectively leveraging large, previously collected datasets in reinforcement learn-
ing (RL) is a key challenge for large-scale real-world applications. Offline RL
algorithms promise to learn effective policies from previously-collected, static
datasets without further interaction. However, in practice, offline RL presents a
major challenge, and standard off-policy RL methods can fail due to overestimation
of values induced by the distributional shift between the dataset and the learned
policy, especially when training on complex and multi-modal data distributions. In
this paper, we propose conservative Q-learning (CQL), which aims to address these
limitations by learning a conservative Q-function such that the expected value of a
policy under this Q-function lower-bounds its true value. We theoretically show
that CQL produces a lower bound on the value of the current policy and that it
can be incorporated into a policy learning procedure with theoretical improvement
guarantees. In practice, CQL augments the standard Bellman error objective with a
simple Q-value regularizer which is straightforward to implement on top of existing
deep Q-learning and actor-critic implementations. On both discrete and continuous
control domains, we show that CQL substantially outperforms existing offline RL
methods, often learning policies that attain 2-5 times higher final return, especially
when learning from complex and multi-modal data distributions.

49/93
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v 2tE3ar ds2E Ql0] 7| E0| =X E H0|H 2 FME shad = U= OffineRL S
v Q-ValueQ| Il =7 HOverestimation)”} B4 SH= Offline RL 3HA| ZXY
v 1 WIO| CHE X Ol 21912 Distribution Shift (Out of Distribution)
v Offine &0 M H|0|& & =EISt= mp2t Online 0| St5dt= n 2H X XHO| EXY

_ _ _ @ Offline mm Offline
(c) offline reinforcement Iearnlng S @ Online 0.071 Online
s, a;,si, i)} - T E:;U.os
I %U.US
-' £
S, 7' buffer | %0.04
| g 0.03 1
I 2 0.021
| learn
| 0.01
rollout( s) deployment 0.00
I 30 40 50 60 70
data collected ONCEe w= == == = = Negative Log-likelihood
with any policy training phase ) .. ) -
(a) t-SNE visualization (b) Negative log-likelihood
KOREA O.. Data Mining
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v It B2t EXIE siZSH| I8 Conservative Q-Leaming (CQL) & 112|F A2t
v CQL2 AKXl Q-Value (Actual Q-Function)=.Ct %K 0| Q-Value (Estimated Q-Function) 20|
SO = R

v Z CQLE Q-Value?| Lower-BoundE & &= 740| SHA

A

rr

Naive Q-function

Q(s,a)]

Conservative Q-function

Actual Q-function

Aﬁtiun support 1 Action support a

Data Mining
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v mg(als)Oll 2t M E HIO|EH A DOJ| CHEH V™ (s) (State sOIl CiSH 7|THEHE FEdte A0l S H
v Solution: & &Pt Z& A1} 3HH| Unseen ActionS2| Q-ValueE X[A3HeHO 2 M
Lower-Bound Q-Function & - Unseen Action2| Q-Value®i| LSt Regularization

v 1) Training the Q-Function for Lower-Bound Q-Value

P

1 . 1 NI 2
QF‘ e arg mdn I(x Es D a~p(als) (@[S, aj]l— 3 Es a~D [(Q(s a)—B QF‘(S, aj) ] , (1)
Minimize Q-Value Standard Bellman Error Objective

!

Q )
«  HIO|EAI DOf| Q= ActionT ZE&SH= Q-Functiongf2 X|A2lshH= BeFo 2 A|ASH= Z40] &
«  ac= Tradeoff Al5=2 40| 2™ State, ActionOf| CHSH (™ (s,a) < Q™(s,a) BtZ(Theorem 3.1 B& )

Theorem 3.1. For any p1(a|s) with supp . C supp 7a, with probability > 1 — 4, Q™ (the Q-function
obtained by iterating Equation|l) satisifies:

- C'.r" T 6Rmax
(I — P72 | (s, a).
(1—7)VID|
Thus, if « is sufficiently large, then QT (s,a) < Q™ (s,a),Vs € D,a. When B™ = BT, any a > 0
guarantees Q7 (s,a) < Q™ (s,a),Vs € D,ac A

¥seD,a, Q"(s,a) < Q" (s,a)—a [(I —'\PT)_I a } (s,a)+

g

Data Mining
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Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)

v
v

v

mp(als) Ol [H2t - El C|O|E{ A DOl THRE v™(s) (State sOil CHet Z|CHEHE =Edh= A0l S8
Solution: & "0t S X AT} SHH| Unseen ActionS2| Q-ValueZS |-n-2f5.:. EMN

Lower-Bound Q-Function & - Unseen Action2| Q-Value0|| Ci{ St Regularization

2) Focus on V™ (s) Instead of Q™(s,a) = Lower-Bound 0™(s,a) < Q™(s,a) 7§

Qk-l_] s arg Hbin = 'I(ESmD,am,u(a|s] [Q(g a)] - EHx-'D.:ru#-:-:;-l s) (.?'x"' "-—'-J)I

_% Es.a.s’mf.) [(Q(S a} - BA”TQAR: (S? a)):g] - (2

T S PSS

Q-ValueE = ZJ0] AN But, 1% 7CZFE Dataset DOJ Sf= ActionOfl CHSIA = Q-Function= A[~FSF

7| HE0f fch "ot B EX > " =M 7IEHZI | HXMOF THIE Z| 2ot = AL HZ Q-ValueS Z[CH2I5H= TermO| E

= T AM——

o MEIM, u(als) = als) 2 M, 77 (s) < v7(s) EXE 4= QS (Theorem 32 &)

KOREA

UNIVERSITY

Theorem 3.2 (Equation 2 results in a tighter lower bound). The value of the policy under the Q-
Sunction from Equation 2, V7 (s) = Er(als) [Q (s,a)]. lower-bounds the true value of the policy
obtained via exact policy evaluation, V7 (s) = Er(a)s) [Q7 (s, a)], when p = 7, according to:

Vs €D, V(s) < VT(s)—a {(I —4P") 'E, [i - 1“ (s)+ [( — 4Py 1 O Banax (s).
g

1=VIP
Thus, if a > C’ R"’“‘ ‘max.eD |\/\T’7 [Z w(a s)(%[’:% - 1)] Ys e D, VT(s) < V7(s),

with proi_:ubi!i!} > 1 — 5. When B™ = BT, then any a > 0 guarantees V'r(s) <V7(s),¥s € D.

Data Mining
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v mp(als)Ofl 2t A-dE HIO[E 4 DOl CHSH v (s) (State sOfl CHet 7|CHEh)E 5= A0 =8
v' Solution: & HOF ZX AT 74| Unseen Action=2| Q-ValueE £|A3HetO 2 M
Lower-Bound Q-Function & - Unseen Action2| Q-Value®i| LSt Regularization

v 3) Conservative Q-Function for Policy Improvement

mﬁil}n max o (Esmf}ﬂam”[“ o) [Q(s,a)] — Esop anis(als) [@(s, a):} Maximize Q-Value
7 '
1 A AL 2
B |(Qs.2) - B Q4 (s.0) ] LR() (CQL(R)). ()

+  Policy EvaluationZ} Improvement= 2HH0f| £l (Policy Optimization A4t 224)
+  Policy Improvement= 2XH Q-Function 2t= Z[CH2}St= PolicyE TAF2ISHE u(als) E 4984 (Max p)
s R regularizer > S50 2} CQL £-°40| H2HCAQL Variants)

a’ CQL2 2.E Stated]| CHBH V™ (s) < V™ (s) &2 S B (Theorem 3.3)

Theorem 3.3 (CQL learns lower-bounded Q-values). Let ?er(a s) o exp(@k (s,a)) and assume

that Dy (7 k+1 "TQ,\) < & (i.e., 1 changes slow Iy w.rt to QF). Then, the policy value under QF,
lower-bounds the actual policy value |V‘“+1 (s) < VFH(s )kb if

= max ( Aék(as)) £
a st falals)>0 ’:‘T,.S‘(El S)
KOREA

O.. Data Mining
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v mp(als)Ofl 2t A-dE HIO[E 4 DOl CHSH v (s) (State sOfl CHet 7|CHEh)E 5= A0 =8
v’ Solution: & # T ZX A1 3HH| Unseen Action=2| Q-ValueE X2t 2N
Lower-Bound Q-Function & - Unseen Action2| Q-Value®i| LSt Regularization

v 3) Conservative Q-Function for Policy Improvement

Theorem 3.3 (CQL learns lower-bounded Q-values). Let T (als) o exp(QF(s,a)) and assume
that|Drv (7 k+1 ?TQR) < ¢ (i.e., T changes slowly w.r.t to ij. Then, the policy value under QF,
lower-bounds the actual policy value, VFT(s) < VFT1(s)¥s if

75 (als) A (als)
Er_, (als) L - 1| = max f”?k—
Q 7z(als) ast 7a(als)>0 \ Tg(als)

5 )
+ Dy, Total Variation DivergenceE 2|0|(§(P,Q) = supIP(A) —-Q(4)))

*  Leamed Policy (#**") 2+ Optimal Policy (774) 7+ Efg 7c‘>'—c|’— e T Policy XIO| 2 24 ot F7ref E|oigtol E

Aot=
O —
& «  LowerBoundE Y 22{H i EI} £40| 7{0f 5t Of= € &2 BF, 5 Policy’t XS] HBE|0{OF 2t

Data Mining
UKN%E{EQ 55/93 o‘:‘. Quality Anclytics



Deep Reinforcement Learning Research Trends

0/

< Offline Reinforcement Learning

1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v mp(als)Ofl 2t A-dE HIO[E 4 DOl CHSH v (s) (State sOfl CHet 7|CHEh)E 5= A0 =8
v Solution: H#F Tt =X AT} B4 Unseen Action=2| Q-ValueE X|2A2HetO 2N
Lower-Bound Q-Function & - Unseen Action2| Q-Value®i| LSt Regularization
v' 4) CQL Gap Expanding

Theorem 3.4 (CQL is gap-expanding). Ar any iteration k, COL expands the difference in expected
Q-values under the behavior policy wg(als) and g, such that for large enough values of ag, we

have that HS: Eﬂ.—_-'_-,"{:_:l|5:| [Qk(ﬁs a} - E;ak{a|s}[ék{53 a)] > E?T:‘j (3_|s}[Qk (Sa a)] - E;t;.,(a|s]| [Qh(s: El)

@ )

«  Dataset0]] = Action (In Distribution)2| Q-Value2} DatasetOf| 8= Action (Out of Distribution)2| Q-Value X0| 7|&
0l =3t Q-Function 72| X+O| 7} MA| Q-Function Zt X1O| 2Lt 2 AL-E 2|0|

«  Policy n*(als) 7 Data Distribution fiz(als) Ol Bl 7PIHIX| =& SH= Z4E 2|0

«  CQL Update= Distribution Shift (Out of Distribution Action ) =4llE &X|& = AA| &

& _

KOREA 56/93 ..:.. Data Mining
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v mp(als)Ofl 2t A-dE HIO[E 4 DOl CHSH v (s) (State sOfl CHet 7|CHEh)E 5= A0 =8
v' Solution: £ 0t 5X A1} S| Unseen Action=2| Q-ValueE |23 2 M

AL

Lower-Bound Q-Function & - Unseen Action2| Q-Value®i| LSt Regularization

v' 5) CQL Variants R(u)

111{1_;-[}11 IH;TD‘: 8 (ESND,-&NIHI::-I s) [Q (5: a)] - Es~D,awﬁ'g(a|s) [Q (5: El))

1 A 2
TR [(ms,a)—zaw‘(sza)) ]+’R-w (CQL(R)). ()

(@ )
COLH):R(WE . 1 A a2
Fox H-Function@.2 min aF._p logzexla(Q(S,a))—anﬁﬁ{a s [@(s,a)] —§Es,a,5r~9 [(Q - B"*Q ) ] (4)
gxeinZopstnt | ¢ "
(I J
(Q )
caL(p:RWE oo exp(Q(s,a)) ] - 1 _ peeAk)?
KL-Divergence2 Q" OBeaoe) lEaNP(a|S} [Q(S’a) Z Barms(als) [Q(s,a)] | + Q]ES’“‘S!””D (Q 5™Q ) '
275t Zolet At (7
< https.//enwikipedia.org/wiki/Fox_H-function
Data Mining
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v mp(als)Ofl 2t A-dE HIO[E 4 DOl CHSH v (s) (State sOfl CHet 7|CHEh)E 5= A0 =8

v Solution: & H Ot S X AT} S| Unseen ActionS 2| Q-ValueS X|AStsto 2 M)

—_

Lower-Bound Q-Function & - Unseen Action2| Q-Value0|| Ci{ St Regularization

v 6) Safe Policy Improvement Guarantees

Theorem 3.5. Let QT be the fived point of Eqm..*ﬁon@ then ™ (als) := arg max; Eq. (s [VT( )]

is equivalently obtained by solving:

7" (als) < argmax J(m, M) — a7

where Dcgr (7, m5)(s) ==Y, w(als) - (r:ﬂ(élrs}) - 1).

L ]Es'-udr
-

(@

+  Theorem 35= CQLe| XMzt 1PHZ E

(@

® DCQL(S)O" | -6-I'I_ 'U'H = El = E-c.)-H
Leamed Policy w2t Behavior Policy 77t
Lo =& k&5t & (R10|7} ls AS BEY)

) [Degr (7, 75)(s)]. 5) 4
o [l
Deau(s) = )l Ls(am 1}
== mas) —m als) — malals 'U(a|5) —
) = 3 (r(als)  ms(al9) + 7o) Lﬁ(am 1}

- Z(?r(a|5) —ms(als)) [M} v Z m(als) { ‘u(a'S)) - 1]

3 (a‘b a ms(als
Z w(als) —Ts(|))2 0 ‘;incez (H_Z (als) =1
_ ma(als) -
J 20

KOREA
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Note that the marked term, is positive since both the numerator and denominator are positive, and
this implies that D¢ (s) > 0. Also, note that Degp(s) = 0, iff m(als) = mz(als). This implies that
each value iterate incurs some underestimation, V*¥1(s) < BTV *(s).

Data Mining
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v mp(als)Ofl 2t A-dE HIO[E 4 DOl CHSH v (s) (State sOfl CHet 7|CHEh)E 5= A0 =8
v Solution: = # Ot SX A0t BH7H| Unseen Action=2| Q-ValueE 35|-n-2f5.:.9 M
Lower-Bound Q-Function & - Unseen Action2| Q-Value®i| LSt Regularization

v' 7) CQL Pseudo Code

Algorithm 1 Conservative Q-Learning (both variants)

. Initialize Q-function, g, and optionally a policy, 7.
: forsteptin {1,...,N} do
3:  Train the Q-function using G gradient steps on objective
from Equation[4]
0 == 61 — T}QvQCQLi;"R]{HJ
(Use B for Q-learning, B™#¢ for actor-critic)
4:  (only with actor-critic) Improve policy 74 via G gradient
steps on ¢ with SAC-style entropy regularization:
Qi}t = ‘;.f}f—l + nﬂESM'D,awﬂé{- s :QH(S: a) _lﬂg W¢{a|5):
: end for

[ =i

Lh
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)
v DARL HIX|OFF AL
v' O] Offline RL & &= (BEAR, BRAC, SAC, BO1} H|
v O HHEEIN FARHAL 2 des E/R 2 HO|=7t 4421 2t

ST oo= AN—

r
.

ox
2
x
|.|-|
4o
3>
rot
0x
or
ofA
o0z

Task Name SAC BC | BEAR | BRAC-p
halfcheetah-random 305 2.1 255 2335 35.
hopper-random 11.3 0.8 9.5 11.1 10.
walker2d-random 4.1 1.6 6.7 0.8 7.
halfcheetah-medium 43 36.1 38.6 44.0 4.
walker2d-medium 0.9 6.6 33.2 727 79.
hopper-medium 0.8 29.0 47.6 31.2 58.
halfcheetah-expert -1.9 | 107.0 108.2 33 .
hopper-expert 0.7 | 109.0 110.3 6.6 109.
. -0.3 | 125.7 106.1 -0.2 153.
alfcheetah-medium-expert 1.8 35.8 517 438 62.
walker2d-medium-expert 1.9 11.3 10.8 -0.3 98.
hopper-medium-expert 1.6 | 111.9 4.0 1.1 111.
halfcheetah-random-expert 33.0 1.3 24.6 30.2 .
walker2d-random-ex pert 0.8 0.7 1.9 0.2 91.
hopper-random-expert 5.6 10.1 10.1 58 110.
e halfcheetah-mixed 2.4 38.4 36.2 45.6 46.
5 : y hopper-mixed 35 11.8 253 0.7 48.
Flow CARLA FrankaKitchen walker2d-mixed 19 11.3 10.8 0.3 26.
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)

v 59|, AntMaze, Adroit, Kitchen 2tE0f| A CQLEF 7 &SHA 00| Ot H+5 ¥ &

Domain Task Name BC [ SAC [ BEAR | BRAC-p | BRAC~ [[JCQL(H) | CQLip)
antmaze-umaze 63.0 0.0 73.0 50.0 70.0 74.0 713.5
antmaze-umaze-diverse 55.0 0.0 61.0 40.0 T70.0 834.0 61.0

AntMaze antmaze-medium-play 0.0 0.0 0.0 0.0 0.0 61.2 4.6
antmaze-medium-diverse 0.0 0.0 8.0 0.0 0.0 53.7 5.1
antmaze-large-play 0.0 0.0 0.0 0.0 0.0 15.8 3.2
antmaze-large-diverse 0.0 0.0 0.0 0.0 0.0 14.9 23
pen-human 34.4 6.3 -1.0 8.1 0.6 37.5 33.8
hammer-human 1.5 0.5 0.3 0.3 0.2 4.4 2.1
door-human 0.5 3.9 -0.3 -0.3 -0.3 9.9 9.1

Adroit relocate-human 0.0 0.0 -0.3 -0.3 -0.3 0.20 0.35
pen-cloned 56.9 23.5 26.5 1.6 -2.5 39.2 40.3
hammer-cloned 0.8 0.2 0.3 0.3 0.3 2.1 5.7
door-cloned -0.1 0.0 -0.1 -0.1 -0.1 0.4 3.5
relocate-cloned -0.1 -0.2 -0.3 -0.3 -0.3 -0.1 -0.1
kitchen-complete 33.8 15.0 0.0 0.0 0.0 43.8 31.3

Kitchen kitchen-partial 33.8 0.0 13.1 0.0 0.0 49.8 50.1
kitchen-undirected 47.5 2.5 47.2 0.0 0.0 51.0 52.4

Data Minin
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1. Conservative Q-Learning for Offline Reinforcement Learning (2020, NeurlPS)

v’ Atari 2600 A 0| A = CQLO]

oABIO =
a2 39

Task Name | QR-DOQN REM )
Pong (1%) -13.8 -6.9 19.3
Breakout 7.9 11.0 61.1
Q*bert 383.6 343.4 14012.0
Seaquest 672.9 499.8 779.4
Asterix 166.3 386.5 592.4
Pong (10%) 15.1 3.9 18.5
Breakout 151.2 86.7 269.3
Q*bert 7091.3 | 8624.3 13855.6
Seaquest 20848 | 3936.6 3674.1
Asterix 189.2 75.1 156.3
Pong Breakout Qbert
AR E LN L e aae, PSRN
IA“{V‘MM%VVW || - =
/{ E / /,—”'/ LW\\ 53000
NIV < i J/’/
f —— QR-DQN . l // = QR-DON 000 = QR-DON
/ =l 1/ m=fy | —
KQREA 62/93

Seaquest
IS0 QR-DQN
00 == REM ~ n
= M S
N\ N
N
N\
\
Yy i -
0 0 40 60 B0 o0

Training Iterations
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: HOJH 2&d, otg g«

0
0z
0
0
jo
-0

|5 Multi-Task H& 22 MZ L}

|
o
ox!
=2
f

ShASE 2 H|0|H H|E
Al CH2 H|A39| Gradient’t 75X S 2 7H43510] &
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Distral: Robust Multitask Reinforcement Learning (2017, NeurlPS)

Distral: Robust Multitask Reinforcement Learning

Yee Whye Teh, Victor Bapst, Wojciech Marian Czarnecki, John Quan,
James Kirkpatrick, Raia Hadsell, Nicolas Heess, Razvan Pascanu
DeepMind
London, UK

Abstract

Most deep reinforcement learning algorithms are data inefficient in complex and
rich environments, limiting their applicability to many scenarios. One direction
for improving data efficiency is multitask learning with shared neural network
parameters, where efficiency may be improved through transfer across related tasks.
In practice, however, this is not usually observed, because gradients from different
tasks can interfere negatively, making learning unstable and sometimes even less
data efficient. Another issue is the different reward schemes between tasks, which
can easily lead to one task dominating the learning of a shared model. We propose
a new approach for joint training of multiple tasks, which we refer to as Distral
(distill & transfer learning). Instead of sharing parameters between the different
workers, we propose to share a “distilled” policy that captures common behaviour
across tasks. Each worker is trained to solve its own task while constrained to stay
close to the shared policy, while the shared policy is trained by distillation to be the
centroid of all task policies. Both aspects of the learning process are derived by
optimizing a joint objective function. We show that our approach supports efficient

transfer on complex 3D environments, outperforming several related methods.

Moreover, the proposed learning process is more robust to hyperparameter settings
and more stable—attributes that are critical in deep reinforcement learning.
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1. Distral: Robust Multitask Reinforcement Learning (2017, NeurlPS)
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1. Distral: Robust Multitask Reinforcement Learning (2017, NeurlPS)
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1. Distral: Robust Multitask Reinforcement Learning (2017, NeurlPS)
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1. Distral: Robust Multitask Reinforcement Learning (2017, NeurlPS)
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1. Distral: Robust Multitask Reinforcement Learning (2017, NeurlPS)
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QMIX: Monotonic Value Function Factorisation for
Deep Multi-Agent Reinforcement Learning

Tabish Rashid "' Mikayel Samvelyan*> Christian Schroeder de Witt '
Gregory Farquhar ' Jakob Foerster ' Shimon Whiteson '

Abstract

In many real-world settings, a team of agents must
coordinate their behaviour while acting in a de-
centralised way. At the same time, it is often
possible to train the agents in a centralised fash-
ion in a simulated or laboratory setting., where
global state information is available and communi-
cation constraints are lifted. Learning joint action-
values conditioned on extra state information is
an attractive way to exploit centralised learning,
but the best strategy for then extracting decen-
tralised policies is unclear. Qur solution is QMIX,
a novel value-based method that can train decen-
tralised policies in a centralised end-to-end fash-
ion. QMIX employs a network that estimates joint
action-values as a complex non-linear combina-
tion of per-agent values that condition only on lo-
cal observations. We structurally enforce that the
joint-action value is monotonic in the per-agent
values, which allows tractable maximisation of
the joint action-value in off-policy learning, and
guarantees consistency between the centralised
and decentralised policies. We evaluate QMIX
on a challenging set of StarCraft II microman-
agement tasks, and show that QMIX significantly
outperforms existing value-based multi-agent re-
inforcement learning methods.

(a) 5 Marines map (b) 2 Stalkers & 3 Zealots map

Figure 1. Decentralised unit micromanagement in StarCraft 11,
where each learning agent controls an individual unit. The goal is
to coordinate behaviour across agents to defeat all enemy units.

In many such settings, partial observability and/or com-
munication constraints necessitate the learning of decen-
tralised policies, which condition only on the local action-
observation history of each agent. Decentralised policies
also naturally attenuate the problem that joint action spaces
grow exponentially with the number of agents, often render-
ing the application of traditional single-agent RL methods
impractical.

Fortunately, decentralised policies can often be learned in a
centralised fashion in a simulated or laboratory setting. This
often grants access to additional state information, otherwise
hidden from agents, and removes inter-agent communica-
tion constraints. The paradigm of centralised training with
decentralised execution (Olichoek et al., 2008; Kraemer

QMIX: Monotonic Value Function Factorisation for Deep Multi-Agent Reinforcement
Learning (2018, ICML)
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1. QMIX: Monotonic Value Function Factorisation for Deep Multi-Agent Reinforcement
Learning (2018, ICML)
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1. QMIX: Monotonic Value Function Factorisation for Deep Multi-Agent Reinforcement

Learning (2018, ICML)
v HE|VO|HE Hatatg HE A| Hx=A
v NEENOHEE=ER

E

v ES2 400

H 10
= 2= ™ 2 (Partial Observation) 0| &/MZ S355HX| &S
O| 7§7{Ql0| oLl B EAto 2 FO{Z

Qtot (T:: u) Qa(T:! u’g’)
| I (T e )
[ Mixing Network }7& ‘Pa
Qa(T 1')
ﬁ
Qi(r!,u}) Qul(r",up) (o, uj_4) ot,ut 1) (of, uf_y)
(a) (c)
KOREA
UNIVERSITY

Data Mining
73/93 .‘:‘. Quality Anclytics



Deep Reinforcement Learning Research Trends

o

% Multi-Agent Reinforcement Learning

1. QMIX: Monotonic Value Function Factorisation for Deep Multi-Agent Reinforcement

Learning (2018, ICML)
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1. QMIX: Monotonic Value Function Factorisation for Deep Multi-Agent Reinforcement
Learning (2018, ICML)
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1. QMIX: Monotonic Value Function Factorisation for Deep Multi-Agent Reinforcement

Learning (2018, ICML)
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1. QMIX: Monotonic Value Function Factorisation for Deep Multi-Agent Reinforcement
Learning (2018, ICML)
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RODE: Learning Roles to Decompose Multi-Agent Tasks (2021, ICLR)

Published as a conference paper at ICLR 2021

RODE: LEARNING ROLES TO DECOMPOSE
MULTI-AGENT TASKS

Tonghan Wang', Tarun Gupta®, Anuj Mahajan?, Bei Peng*

" Institute for Interdisciplinary Information Sciences, Tsinghua University
¥ Univeristy of Oxford

tonghanwangl?96@gmail.com
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Univeristy of Oxford Tsinghua University

shimon.whitesonf@cs.ox.ac.uk chongjie@tsinghua.edu.cn
ABSTRACT

Role-based learning holds the promise of achieving scalable multi-agent learning
by decomposing complex tasks using roles. However, it is largely unclear how
to efficiently discover such a set of roles. To solve this problem, we propose to
first decompose joint action spaces into restricted role action spaces by clustering
actions according to their effects on the environment and other agents. Learning
a role selector based on action effects makes role discovery much easier because
it forms a bi-level learning hierarchy: the role selector searches in a smaller role
space and at a lower temporal resolution, while role policies learn in significantly
reduced primitive action-observation spaces. We further integrate information
about action effects into the role policies to boost learning efficiency and pol-
icy generalization. By virtue of these advances, our method (1) outperforms the
current state-of-the-art MARL algorithms on 9 of the 14 scenarios that comprise
the challenging StarCraft IT micromanagement benchmark and (2) achieves rapid
transfer to new environments with three times the number of agents. Demonstra-
tive videos can be viewed at htips://sites. google.com/view/ rode-marl.
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2. RODE: Learning Roles to Decompose Multi-Agent Tasks (2021, ICLR)
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2. RODE: Learning Roles to Decompose Multi-Agent Tasks (2021, ICLR)
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2. RODE: Learning Roles to Decompose Multi-Agent Tasks (2021, ICLR)

v (b) Role Selector
v OO|MEEZ HHETt RoleS HI'Hot= I
v Oo|MEQ| 2= FHeI GRU ALl 24 HEE BtRE HH HH
v E=E Y HQ} Role Representations 4k LI& Sl 7HK| 4
2 A—® |
5 / |
Lp (HTB,HB,E,;) = Ep <Z Teve Ty Max 0l (Sere ) — Qfot(st.pt)> | 3 R P
t'=0
£-"| ’® D ﬁ
Role Qi
v 2z, ~ T4 |ZakeA 24, > Role Representations 2 A|4H4 (= role 57 1= 2) Representations ;
Role Selector
v QPrp) = 7z, > S5E B ELf Role Representations 2k L] 5! RoleE 2 7HX| LH&
v’ Role2 2 7| Z o150 | 2/8H QMIXS| Mixing NetworkS 28 h,
Role Q Value Role 1 Q Value Role 2 Q Value Role 3 Q Value h; =—— GRU h;
Agent 1 0087 0213 0124 Agent i
Agent 2 0.321 0025 0.145 /
Agent 3 0.115 0047 0234 O;
Data Mining
UKNCI?/E{EQ 81/93 o‘:‘. Quality Anclytics



Deep Reinforcement Learning Research Trends

< Multi-Agent Reinforcement Learning

2. RODE: Learning Roles to Decompose Multi-Agent Tasks (2021, ICLR)
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2. RODE: Learning Roles to Decompose Multi-Agent Tasks (2021, ICLR)
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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
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« 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
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