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Reinforcement Learning

* Reinforcement Learning
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Return: G, = Ry q + VRyiz + V?Ryp3 + -+ = 2 YRtk
k=0

State value function : V(s) = E[G;|S; = s]

Action value function: Q.(s,a) = E,[G,|S; = s,A; = a]

Bellman equation )

(D Vi(s) = Yam(als) Xy . p(s',rls, a)[r + yV(s")]
(2) Qz(s,a) =X, p(s',7ls,@)|r + y Xy m(a'|s)Q, (s, a)]
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* Model-Free RL
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* Model-Free RL
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Reinforcement Learning
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 Model-Based Reinforcement Learning(MBRL)
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David Ha'  Jiirgen Schmisthuber

Abstract

We explore bullding generative neural petwork
models of popular  reiaforcement  leaming
emvaronments. Our warld model cam be trmieed
quickly In sn wnsepervised mssaner o heam o
compressed spatial and Jemporal ropresentation
of the emvironment. By using features exstracial
from the workd model as inputs (o an agent, we
can train 2 very compact and simple policy that
cun solve the requined task. We cam even train
our agent estrely taside of ity own hallocisated
dream generased by ies world model, and sransfer
this policy hack 1010 the scrunl enviromment

An imeractive voraon of this paper is avaslable ot

1. Introduction

Humans develop a mestal moded of the world based oo
what they are able to perveive with their limited senses. The
decihsons and actions we make are based on this nternal
model. Jay Wright Fottester, (he father of system dy nanscs
descnibed o mental model a

Tive imnage of the workd arond wa. which we carry i our
head, iy juxt o owondel. Noboudy i hix heod imoginey sl
the workd govermment or country. He has only selected

concepts, und relatiomships benween them, and uses thesw

1w repeesent the real vevtem. (Fooesaer, 1971)

To handle the vast amount of enformatson that flows theough
our dusly lives, our braun beams an absfract representation
of both spatial and temporal aspects of this information
We are able o obwerve o scene and remember an abatract
descriptivn thereof (Cheang & Teaa, 20017, Quiroga o al
2005), Evidence also suggests that what we perceive ot any
given moment is governed by our brain's prediction of the
future bused on our isternal model (Norumann et ol 2005,
Cearie o1 al., X1 3)

One way of understunding the predictive model inshle of our
Brsdes ix thant be might not be abosnt just predicting the feeure
in general, it predicting future scavoey datn given owr

|l Do MNATSENRE "Swiis AL L EONIA (VN1 A& SUIPSS

Flgare [ A Workd Model. from Scoa MoClood s Llsder sus
Comicx (MClond, 1'9L E 2012)

current motor sctions (Kelber et al . 2002, Leinweber o al
20073 We are able 10 stinctively act on this predictive
model asd perform Bt reflexive bebaviours when we face
danger (Mobbs et al, 2015), without the neod 1o comscioushy
plan out a course of action

Take baseball for example. A batter has millzseconds to de
cile how they shoald swing the bat - shoeter than the time
it takes for visual signals to reach our brain. The reason
we are able to hir a 100 mph fastball is due 30 owur ability 10
instincrively prodict when and where the ball will go. For
professonal players, this all happens subconscioaly. Thesr
muscles reflexively swing the bat m the right time s loca-
tion in line with their intermal models’ predichons (Gernit
et al. 2013). They can quickly act oa their predictions of
the future without the noed 10 consciously rell cat possible
fumuwre scemarios 10 form a plan (Hisshon, 2013)

Il s

Figure 2 What we see i buoned on var brain's peediction of the
future (Rosaoka, 2002, Wisanabe ot al . 201 %)
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 World Models (V, M, C model)
o AZH H|O|EF X 2|5t= 7|& : v(vision) model
o MHE 7|457L} C}Z HEJE 0| = St= 7| & : M(memory) model

o ¢ 4o dHE HFZE Fot= 7|& : C(controller) model

St VAE(V-model)

o |
- B Zt
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World Models

* V(VAE, vision) Model
o QUZHO| AAH FE K20 sifF
o Time stepOtCt 2tFo| 2= HIO|EH7LASE M, v 2R 2 YHE 0Xxte HEHE S=E dEE Y+
o ConVAEQ| QIALGZ 9 HO|E{o| ZR3 SHS o4 U U=
o)

o HE &AIS X ABISIO KHALAO| ME H|0|E{E I (7), U= O O|E EXS & SX|sH= 20| 8t4

Input image 64x64x3

Relu conv 32x4

Relu conv 64x4

Relu conv 7/
128x4 / '
6x6x128

Original observed frame Relu conv 25x4

\ / 2x2x256
dense m
Jecoder Ny
Encoder —'{ : . 1 —_ o
dense \ /
/ \ 1x1x1024
2 . Relu conv 128x5
Q(z‘m) = N(za ﬂ'(m), o (:B)) p(z|z) = N(z; 1 (2),07%(2)) 5x5x128
Relu deconv\
64x5 _
Obiective Function : Ly 4z = ~Eytoflogp(alz)] + Dxz(a(2l2)lp() ST

Sigmoid deconv 3x6 \

Data Mining Reconstruction 64x64x3
o.:‘- Quality Analytics
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* M(MDN-RNN, memory) model
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* MDN-RNN
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 MDN-RNN
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* C(controller) model

o QXM FEZHIHOE AW HS= Fote F&
o DEIZE SHHFO| HEEHIYHSZE OO|MET X 2t F0 MM Hs5S FotA Chs 288 dEE g 23
o CRHL |inear layer2 T/ =l fully connected networkO|H v, M 2 20j H|sf Ztcts HESI T

ai—1 Ai+1

a, =Wz, h¢] + b

[Zt,0 At Wy

Z
\ t
\ ' W1
1
\ [Z¢1 her 1 At
h
N [STM e W
\ [Zt,Z ht,2
Ly Ziyq Wi
V model .
h;

Data Mining
o.:'. Quality Analytics



Methods

 World Models (V, M, C model)
o AlZH O|0|EE X 2|ot= 7|&: V(vision) model
o MAHE 7|YotAL} L= &EZ 0| =5t= 7| & : M(memory) model
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Experiments

World Models

 Experiments

o VizDoom : HEXNQI 3D 2E0|AM 7tseh 22 20te =

Data Mining
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(a) CarRacing-vO

(b) VizDoom : Take Cover
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Experiments

World Models

 EXperiments
o 7|Z& Model-Free & 8121} World Model 7t H& H|uw &4 T
o V model only= World Model2| Vision modelZt A&t 21}
o Full World ModelZ AtE&E Mf, 71 =2 = 2S5
o OIX|H FEZ HHSI= M model2| B2

O o |- o 1=
o World Model & 40| AAH HE YHOM 2HE2 39S o=

H

(b) Full World Model

(a) V. model only

l“ Data Mining
Y Quality Analytics

_|OF

otets A o2
Method AVG. Score
DQN 343 + 18
A3C(continuous) 591 + 45
A3C(discrete) 652 + 10
CEOBILLIONAIRE 838 + 11
V Model only 632 + 251
V Model(with hidden layer) 788 + 141
Full World Model 906 + 21




Experiments

World Models

* Training inside of the Dream

o Dream : World Model2| M model& CI2 AEE o|=8 4= 1,

o =K JEiZt Ot 0| = SEHE Chs SEi=E 280t0] 7tg2 &

o N ASS HESHZ| H, 7t &doM AZ0]MS Sl

Racing inside of World Model s Dream

Data Mining
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Experiments

* Learning Inside of a Dream

o Of]O]ME 7} World ModelO] MAd st 7}Ak0] Dream EHZA 0] LHOIA] St& S S

o O|O|ME = 7} (Dream) 280 M 2F 900 time step H+& Ed

o Mmodel2 00| HEQ} HE T} $HA0| SHSHWO|0|E, B, ¥ 5)2 r}
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Experiments

 Experiments inside of the Dreams
o 7t &d RO M 2 & OO|MEZF 7HMLtA Rl VizDoom A[LIE| 20N d5= HAE
o

OiM SHHE Hrioz M| 20| HE3MS uff, 1008] A= MEN A 2 1,100 time step (>750) ME A|ZH 7|8

Data Mining
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Experiments

 Experiments inside of the Dreams

o OfX| 2k et=El World Model2 & H| 30| OtL| B2, S =2} #90
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Experiments

 Experiments inside of the Dreams

o BFX| 2 3H5E World Model 2 A4H| £70] OfL| B2, SR E EH0| HO|H 4 9IS
o MDN-RNNQ| &2 28 2ZO|M 4B B 1f, ‘BSUY E= 2x9I4 0| WES T 2l Temperature parameter 18 ALE
o TEEYUCEM T HHS O 0S5 BIHS5HD 4YOR SF  Of O{HI CHUE HF0IM S 00| HES MK BHOIM of Zolst A

A8 Zy A\ Zeyy N L

VizDoom with adversarial policy in Dream
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 Experiments inside of the Dreams

o MDN-RNN2| &5 =28 FE0M HEZS M, ==t E= 25732 =& =E5I7| #/oll Temperature parameter 1& A
4 - > O oL Crge 2F0f A E3c o] HEE= 4F| &FoM 5 Zelgd A

- [ |
o TE EUCEM M BAHS O 05 27t
o O 12 X3l 7 *

S| =
o M| A9l M4£= temperature parametert 2 4

g4y
Temperature Virtual Score  Actual Score
0.10 2086 + 140 193 £ 58
0.50 2060 * 277 196 + 50
1.00 1145 + 690 868 + 511
1.15 918 + 546 1092 + 556
1.30 732 + 269 753 + 139
Random Policy N/A 210 + 108

Dream with 1(0.5) Dream with 71(3.0) cym Leader /A P20 %58
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Y Quality Analytics



Experiments

1) Derivative-Free 7|2 it 0]

| —

2) B x5t 3t

o Quality /\nytics

%| & o| X*H ojj 7|

ox
e
2
e

>

| .

= A3HE
AE oI5 A

Aol J2lC|AHE At =7,
E disk B
ot M= 7|C|i57| o &
h)
2 Dreamt 7=



Methods

 Dream to Control : Learning Behav

o BT B SWO| WA

04 04 0 0, 03 0

(a) Learn dynamics from experience

= S0IM JECAES
o HM S+ Oj2jjof Ciet & A ojef S of S

— Imagination= &

ors by Latent Imagination

280l0 F7|Hel dFS 5ot ZEt 22t ofS 00| E “Dreamer” M| A|
=P

= 275 (Predicting multiple future steps)
M st o MX BN HY 23 U AY $H
v ay V2 ay V3 az dq a2 az
Iv:\‘ IW'\‘ I@r\‘ ‘ ‘ ‘
X 4 # X 4 # k4 # p .

04 01 02 03

(b) Learn behavior in imagination (c) Act in the environment
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 Dynamics Learning (Learning World Mo

o
D
~

o OO|HEZI=2Z0|M =Zlot X7 d HIO|HE &tF2| 592 st
o OO|ME7} 7H4 #7A A B O|E{(World Model) 2 HEtst HAM S SHESIE8E QS

o Representation, Transition, Reward, Observation model ot

Reward model
a(re, [Se)

Transition model
q(Se [Se—1,a¢-1)

Representation model
P(St, |St-1, -1, 0¢)
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o':‘o Quality Analytics



Methods

* Recurrent State Space Model(RSSM)

o DreamerZ} AF5}= World Model2 RSSMO| 2 2x &2 st&

kl

o RSSME 1K€

=

-

152 K| 81D A|ZHE O 2 MBlle A| AEIO| KX AFEJZ 2 3 of
X

o P M JEHE Sofl 02| 0|2 S K| =010 GO|HES| 7Hd ¥ S 7Is7 ot =EaX 22

=
o World Model & V, M model2| AHMO|H A2 §EE &= 8l 7|0t 0|2 & oo o= k|

dq dp

A ‘ A ‘ A

01 01 0 05

2\

|
03 03

Data Mining
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Deterministic model : h; = f(hy_1,S;-1,a¢_1)
Stochastic model : s; ~ p(s¢|h;)
Inference model : s; ~ p(s;|h;, 0;)

Observation model : o; ~ p(0;|h, ;)

Reward mOdE| . Tt ~ p(?‘t|ht, St)

reconstruction
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* Recurrent State Space Model(RSSM)

o DreamerZ} AF5}= World Model2 RSSMO| 2 2x &2 st&

kl

o RSSME 1K€

=

-

o P M JEHE Sofl 02| 0|2 S K| =510 GO|HEL| 7He ™= 757 ot =

o World Model & V, M model2| AEMO|H A2 HEE = 4l 7|

dq dp

n oS o &

.-

2\

|
03 03

- -
04 04 05 0o

Data Mining
o':‘o Quality Analytics
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Deterministic model : h; = f(hy_1,S;-1,a¢_1)
Stochastic model : s; ~ p(s¢|h;)
Inference model : s; ~ p(s;|h;, 0;)

Observation model : o; ~ p(0;|h, ;)

Reward mOdE| . Tt ~ p(Tt|ht, St)
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* Recurrent State Space Model(RSSM)

o DreamerZ} AF5}= World Model2 RSSMO| 2 2x &2 st&

kl

o RSSME 1K€
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152 K| 81D A|ZHE O 2 MBlle A| AEIO| KX AFEJZ 2 3 of
X

o P M JEHE Sofl 02| 0|2 S K| =010 GO|HES| 7Hd ¥ S 7Is7 ot =EaX 22

=
o World Model & V, M model2| AHMO|H A2 §EE &= 8l 7|0t 0|2 & oo o= k|
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03 03
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Deterministic model : h; = f(hy_1,S;-1,a¢_1)
Stochastic model : s; ~ p(s¢|h;)
Inference model : s; ~ p(s;|h;, 0;)

Observation model : o; ~ p(0;|h, ;)

Reward mOdE| . Tt ~ p(?‘t|ht, St)
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N

e Dreamer with RSSM
o DreamerZ} AF5}= World Model2 RSSMO| 2 2x &2 st&

SAlof CHRE 0| R

=
=

1

o é|I-§%_I OE S = . — %
o 0|5 7tsctHE(h)e ==t HE(s) &
dp
hl > h2 > h3
Il
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Sl SZ 53
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& 718 e 7| AQ0|Lt =M E Tt

Xel5tH 2tZ ol LM =l 22tddE 228
MO ArELCZ2ZM OfO|FME= 2 0|2 & &8
hy = f(he-1,5¢-1, @¢-1)
S¢ ~ P(Se|hy)
<+« — St~ q(s¢|hy, 04)
< 0; ~ p(0¢|hy, s¢)

re ~p(Tre|he, Se)

Deterministic model : h; = f(hy_1,S;-1,a¢_1)

Stochastic model : s; ~ p(s¢|h;)
Inference model : s; ~ p(s¢|h;, 0;)

Observation model : o; ~ p(0;|h, ;)

Reward m0d€| . Tt ~ p(rt|ht, St)
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5 5 ®» B b
* Dreamer with RSSM S
o Dreamer?t A+238H= World Model 2 RSSMO|Zt X2 Sh&
o HATEEXN/ZEHN HE SAO| CHFE= O &
o HFMEH M nol A AI|Ml 7| Of0|Lt FME T
o HEEN ME s Y ALl BAS Halen Bl YN E SN2 2Y
o UE7tsttdE(h)et ==&t HE (s) SAI0H AAEE22M HO|TE= 02 D[ E 8 75
as hy = f(hi_1,8¢-1,0¢-1) Deterministic model : hy = GRU(h;_1,S¢—1, A¢—1)
St ~ p(Stlht) Transition model : St~qe(st|st—1,at—1)
h, . h, { h, <« = S;~q(S¢|hy, 0p) > Sy— Representation model : S¢~Po(St|S¢—1, a1, 0¢)
',’ = O~ p(otlht» St) notation Observation model : Ot~ (g (Otlst)
Y “v 4 ry ~ p(rtlht' St) Reward model: T i~(g (rtlst)
S1 S2 S3

03,I'3

Q.. Data Mining 40
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Methods

e Dreamer with RSSM

o Dreamer®| dynamics learning

o
| S
o FX g+& Ztliglols SHEE 2

A > gL, g% J5 2 term log- likelihood E Z|CH =}

o KL-Divergence2 O|F O Zl g% = representation modelZ} transition model ZF 22 & 714 A Bt =&

Det inistic state : = .
o ‘ o ‘ eterministic state ht GRU(ht—l,St—l; at—l) (1) JREC = Ep(zt(gg + ng + g%)) + const

. . . Transition model : SthB(Stlst—l,at—l) @ @ @

Representation model : St~P9(St|St_1, ai_1, Ot) (2) Jﬁ = ln q (Otlst) (3) c‘]ge = ln q (rtlst)

Observation model : 0,~qg(0¢|S;)

Reward model :  1.~qg(1¢|S.) (4) 35 = —BKL(p(s¢lsi—1,a¢—1,00) I (selse—1,a,-1))))
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» Effects of RSSM
o Dreamer= 25 =l World Model2| & A SZHOAM 7HM 9| HF2 A4t Bl ots

o World ModelO| &H| 2tZ2| O|2f HEfet FAlS 6|5 S Aol Of £|H2| X =& 7}

1+o]|

o RSSMA|Zst I8 S Soll, &X 232 MAH He
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2
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e
2
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1ol LT Eymas Do Cpb e 11451 1 1 wwscemant

o Imagination : &&=l World Model L &R 7t = ZFLHO|A O|2i H=<2| 210t 0|2] Ol ot ™M= Z[ A ztot= 1
o Dynamics learningOl| A &t& &l transition, reward model2t 27| policy model2| 0|=& 2 TI& — Imagination trajectory 4/

o ZX| ZZHof|A M/ El Imagination trajectorye =2 O|O|ME ZAEHE AHH|0|E0) AIEE|= AF

* Learning behaviors by latent imagination ------[.m___._,___n ]. = =

k’\f‘ X\F:\‘ X\F;\‘
P B

{(s1,a1),(52,83), ... (Se4p, Qi) }
Imagination trajectory

Latent space

01

(b) Learn behavior in imagination (c) Act in the environment
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Dreamer

* Learning behaviors by latent imagination

o Dreamer2| |O| M E Gl M*H 5t Z7t5|SHE O Actor-Critic network T+ & AFE
o BHHO|A Actor?} BHE S FBHH, Critic 7HK| 42 Actor?| S (H M) S T}

o=
o Actor= S0 Cliet W7 HEE 7|Hto 2 M A0l E H=

Environment

Actor

feedback

Critic
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* Learning behaviors by latent imagination '[' ]"'
o Imagination2 & E World Model LH Zxj| 7H4 ZZHH0A Oj2) WEo| ZatE 0|2 of|Zstn HXM S x| H3}st= 1

o Dynamics learningMlA] & El transition, reward modeldt Z7] policy model2| O|&FS UIEH TIW — Imagination trajectory ‘4-‘d

(g (s7),04(s7))

go(aclse) -
- | VoSl @ Action model: a, ~ q4(a;|s;)
vzp(st)
t Value model: vy (s;) = Eq(s) (S5 E YT try)

< Action sampling:  a, = tanh(uy(s,) + 04(s,)€), € ~ Normal(0,1).

E <= == Objective of Action model :

Q.

S

& at St t+H 1

.g (1) mdz);lx Egpq0 Z Vilsp) | (2) Eqoa4 (E I vy (se) — Vi(sy) ||2> <V, : Value estimator >
< =t
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N

* Learning behav

B-¢ % &8 'ié TAs TRS & - -
43 2] [ m jiig g » [ =
-1-N-1-B- | B | 2 B =2
[PV Sp—— TP — Pey——

lors by latent imagination

o Imagination2 & E World Model Wi & 7}4 S 7L oA O|2f ¥-s2| AutF 0|2 of| 55t XS X[ X e}ot= 1bd
o Dynamics learningMlA] & El transition, reward modeldt Z7] policy model2| O|&FS UIEH TIW — Imagination trajectory ‘4-‘d

$

Action sampling
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(ﬂd) (S‘t)' G(I) (S‘t))
4 (atlsr)[

@ Action model: a, ~ q4(a;|s;)

Value(Critic) J
vy, (s.) model

t+H

Value model: v,,,(sr)que’qu(Zr ty’ ~tr)

< Action sampling:  a, = tanh(uy(s,) + 04(s,)€), € ~ Normal(0,1).

<= == Objective of Action model:

t+H
S 1
‘ (1) m(I?X qu,qcp Z V/l(sr) (Z)qu,q(p (E | vtp(sr) — VA(S‘L') ”2>
T=t
h—1
V,’f,(sr) = Eqpq4 z Yy ir, + yh‘fv,,,(sh) with h=min(t+ k,t + H)
n=t
H-1

Vi(so) = (1-2) Zan Wi(so) + 21-1ViGs,),
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* Learning behaviors by latent imagination '[' ]"'

o Imagination2 25 E World Model W Exf 7hd SZHLH0AM D|cf ¥-S2| ZutS 0|2] oS5t HM S = X g}st= 2b

o Dynamics learninglA &t&El transition, reward modeldt Z£7]| policy model2| H|ZS 20 £18 — |Imagination trajectory 4

go(aclse) -
- | VoSl @ Action model: a, ~ q4(a;|s;)
vzp(st)
t Value model:  vy(s,) = E,, q¢(2t+iy tr,)

< Action sampling:  a, = tanh(uy(s,) + 04(s,)€), € ~ Normal(0,1).

<= == Objective of Action model:

St t+H 1
(1) mdz);lx Eqpq0 Z Vilsp) | (2) Eqoa4 (E I vy (se) — Vi(sy) ||2> <V, : Value estimator >

Action sampling
kS

2
Update ¢ « ¢ + aV, XiEHV,(s,) Update ¢ < ¢ — al, ytHh2 ||v,,,(sr) Vi(so)|
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 Experiments

o Dreamer2| ds= 87Ict7| ?/3 20712 DMC ZHE 0 A A
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>
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 Experiments : Imagination horizons
o Dreamer?| si4+1X OFO|C|0f QI AHAF 0| = Q| (Imagination Horizon, H)7t O] O| M E Q| H&50f O|X|= & =H
o Imagination Horizon : 0| 0| E 7} 7tk 20| M 0|2 =2 A =l (planning)& [, H-time step O|F 7t X| 0| =
o MY Z E5ll DreamerZt Imagination horizon length (H)2| Z0|0f] F&2 & = AES =19l

o Dreamer®| value modelO] Imagination ZFS0|AM E ™ A S £+ gl= BANX| n2{sio] FAof 8t . &I7|NM 217 Hd

Cartpole Swingup Cheetah Run Quadruped Walk Walker Walk
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oL el L ) 8- PlaNet  (Vg)

() T I 1) ' () Ll Al 1 () 1 Ll Ll ()

10 20) 30 40 10 20 30 40 10 20 30 40 10 20 30 40
Imagination Horizon Imagination Horizon Imagination Horizon Imagination Horizon

(a) walker-walk (b) cheetah-run (c) door-open
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 Experiments : Performamce comparison to existing methods
o Dreamer®2} 7|= RL OO|ME 7t H|W H& +=H (M-B : 2/M-F : 2)

o Dreamer= Model-FreeOf H|5H E# M2 stepl B &0 LI ot ds B
o Dreamer= &Xl| &7H| A Actor-Critic2 2 action, value model2 &5t World Model A E9Q! Planet2 57}
o Dreamer®| World Model3} behavior €& latent imagination2 Soff H&X, &7|H taskof| Ciet WX S ZAS| a5
B Dreamer (5e6 steps) B PlaNet (5e6 steps) B DAPG (1e8 steps) W A3C (1eB steps, proprio)
~ 1000
E R0 == Dreamer
e G000 —  PlaNet
Z 200 iy , I ) I - A
=0
=5 ueg 55 1= 2L o T=2 g2 EE UE TEEZEEE s U dE 22 dE 3 TE
BE 2505 =7 E5 55 82 BE 5 PE 52 E2 22 25 Za 54 B3 25 EZ £2
Ematﬂ L-g w4 = Efﬂg L ﬁ 2 2R L= £ =W L E 4T
i U= = = o E 5 “wm Tw = I <
= - = & = = L
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o T 772 BHE0M LI

o CHEE2| 4% Dreamer
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Model-Based Reinforcement Learning

AL

o World Model (2018) ; Q1Zt9| QIX| N F 2 1PHd S DRI =t nEal &t

o
o Dreamer (2020) : 7|Z World ModelS ZMA|Z| 2 &7|H o= 9l &
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=
=
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