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Motivation
Reinforcement Learning in Simulation

Motivation Dreamer Dreaming DreamerV2 DayDreamer

Advantages

» No physical robot

» Optimal environment
» Parallel learning

» No supervison
Issues

» Simulation required
P> Reduced complexity

» Simulation inaccuracies
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Motivation
Challenges of Real-World Reinforcement Learning

Motivation

1. Off-line training (no simulation)

2. Limited samples

3. High-dim continuous state/action space
4. Safty constraints

5. Partially observable tasks

1

Dulac-Arnold, Mankowitz, and Hester 2019.
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Dreamer

Dreamer Dreaming V2 ayDreamer

Published as a conference paper at ICLR 2020

DREAM TO CONTROL: LEARNING BEHAVIORS
BY LATENT IMAGINATION

Danijar Hafner * Timothy Lillicrap  Jimmy Ba Mohammad Norouzi
University of Toronto ~ DeepMind University of Toronto ~ Google Brain
Google Brain

2Hafner, Lillicrap, Ba, et al. 2020.

Jonas Thider — Dream to Control 5/28



Dreamer
Ildea

Dreamer Dreaming DreamerV2 DayDreamer

Learned Latent Dynamics

°
s Value and Action Learned
. by Latent Imagination
Dataset of Experience °

A A
A A

Dreamer

¥

Jonas Thider — Dream to Control 6/28



Dreamer
Components

Motivation Dreamer Dreaming DreamerV/2 DayDreamer Conclusion Appendix

Agent Components
» Dynamics learning
» Behavior learning

» Environment interaction

Latent Dynamics Model Components

> Representation model: p(s¢ | st—1,ar—1, 0t)
» Transition model: q(s; | st—1,a:—1)

» Reward model: q(r: | st)

Environment Interaction Model

P Actor critic

» Action model: a; ~ qg4(ar | s-)

> Value model: vy(s;) %Eq(~|s7-)(27'+,: V)
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Dreamer
Learning latent dynamics

Dreamer
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Learning latent dynamics in Dreamer
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Dreamer
Learning latent dynamics

DayDreamer Conclusion Appendix

Motivation Dreamer Dreaming

1. Draw data sequences {(a, o, rt)}{fi,f from initial dataset

2. Compute model states sy ~ pg(st | St—1, as, Ot)
3. Update neural network parameters 6 by representation learning

Reward Prediction
Reconstruction of Image
» Additional observation model: g(o; | s;) for learning signal

Jrec = Ep Z(jé‘l‘jé'i‘jl;) +c

t
J5=Ing(ot | st) Jg=Inq(re | st)
I = —BKL(p(st | st—1,ar-1,0¢) || q(se | st—1,ar-1))
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Dreamer
Learning latent dynamics

Motivation Dreamer Dreaming 2 [ Conclusion

Contrastive Estimation
» Predict state from observation
» State model: q(s; | o¢)

> Noise contrastive estimation
> Averaging over o’ = observations of current sequence batch

Ince =Ep | D (TS + TR+ T5)

t

JE=1Ing(st | or) —In Zq(st | o)

t
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Dreamer
Learning in Latent Space

Dreamer

v CH v, a, V3 213

A

Imagine future actions, values and rewards
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Dreamer
Learning in Latent Space

Dreamer

1. Imagine trajectories {(s:, a;)},=+ from each s;

2. Predict rewards E(qp(r- | s;)) and values vy (s;)

3. Compute value estimation V)(s;)

4. Update action model - ¢ and value model parameters 1)
Value Estimation

P> Exponetially-weighted average of estimates
H-1

Via(sr) = (1= X)) D A IVi(sr) + ATV (sr)

n=1

h—1
VE(s:) = Ego.q, (Z Y + Vh_7v¢(5h)>
n=r1

with h = min(7 + k, t + H)
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Dreamer
Act

Dreamer

Use trained model to act in environment

ream to Control




Dreamer
Results

Dreamer

Acrobot Swingup Cheetah Run Cup Catch Finger Spin

05 10 15 20 00 05 10 15

Pendulum Swingup Quadruped Run
1000
750
500
250
T T T T T T 0 T T T T T T
00 05 10 15 20 00 05 10 15 20 00 05 10 15 20 00 05 10 15 20
Environment Steps 166 Environment Steps 166 Environment Steps 166 Environment Steps 166

—— Dreamer + Reconstruction —— Dreamer + Contrastive —— Dreamer + Rewardonly —~ D4PG (1e9steps) —- A3C (1€9 steps, proprio)

Different representation learning objectives in Dreamer

ream to Control




Dreamer
Object Vanishing

Dreamer

Cup- Reacher Finger URS Connector
catch hard turn_hard reach insert

Dreamer

Output Input

Object vanishing3

30kada and Taniguchi 2021.
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Object Vanishing

Motivation Dreamer Dreaming DreamerV/2 DayDreamer Conclusion Appendix
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Dreaming

Dreame Dreaming DreamerV/2 DayDreamer

Dreaming: Model-based Reinforcement Learning
by Latent Imagination without Reconstruction

Masashi Okada'™* and Tadahiro Taniguchi'»?

*Okada and Taniguchi 2021.
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Dreaming
Contrastive Learning

Negative: [~

Dreaming

Encoder

=6

-
. &

Contrastive learning®

SKundu 2022.
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Function: §

8(f*, FT) Minimize
Distance

Function: §

8(f*, F) Maximize




Dreaming
Independent linear Dynamics

Dreaming 2 [ Conclusion Appendix

> Multi-step prediction model:
13(Zt | Zt—k73<t) = Eﬁ(zt,1|zt,k,a<t,1)[la(zt ! Zz—17at—1)]
P> Hyperparameter k: lantent overshooting

> New objective:

K
T = (TF+ )

k=0
NCE .__ /
T&E = Bplafznpacdatzeid) |INP(e | xe) =0 Y~ plze | X)
x'eD
KL .__
jk T EP(Zt|Zt—k,3<t)Q(Zt—k|X§t—k13<t—k) TH

[KL(q(Zz+1|X§t+1, acey1) || p(zer1lze, ar))]
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Dreaming
Data Augmentation

Dreaming

> Two independent image preprocessors
» Random Crop (72,72) — (64,64)

Latent space

e+l 5 Zt+3

Dreamin

Zyyq, ‘
Zryz  Zpy3 RN

attraction
repulsion

Xer1f  Xerz 4 Xetsth

Latent space learning without discriminator®

®0kada and Taniguchi 2021.
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Dreaming
Open-loop video prediction by seperatly trained decoder

Cheeta-run
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Dreaming
Open-loop video prediction by seperatly trained decoder

Dreaming

I T =
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DreamerV?2

Mastering Atari with Discrete World Models

Dreaming DreamerV2 [ Conclusion Appendix

P Discrete latents
» Vector of categorical variables
» Dreamer: diagonal Gaussian
» Balancing terms within KL loss
» Posterior stochastic state z;
» Prior stochastic state Z;
> Recurrent model: hy = fy(hy—1,ze—1,8r—1)
» Increase in robustness to novel inputs
» Discount predictor: 4 ~ pg(¥ | he, zt)
» Estimation of probability of episode ending
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DreamerV?2

Dreaming DreamerV2 DayDreamer

., e, B
LA . L d
W W Iw
\: \:—T
9/“:‘? 9/“?? 9“:‘?
A A A

DreamerV2 with discrete latent representation7

"Hafner, Lillicrap, Norouzi, et al. 2022.
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DayDreamer
Online Reinforcement Learning in Real World

Dreamer Dreaming DreamerV/2 DayDreamer

» No simulations or demonstrations
Learner and Actor thead

Parallel training

>

>

» Sensor fusion in encoder

» Different gradient estimators for continuous/discrete tasks
4

Identical hyperparameters for all experiments
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DayDreamer
Experiments

DayDreamer

Al Quadruped Walking

- |
- 11 4 — Dreamer
5 — SAC
2 94
9]
-4
2 7
<
5 _I T T T
0 20 40 60
Minutes
Quadruped walking after 1 hour Wu et al. 2023
Sphero Navigation
S 0.9 1 — Dreamer
O i — DrQv2
° 0.7 Q.
+ 0.5
2 0.3+
o
Z 0.1

0 40 80 120
Minutes

Sphero navigation in 2 hours
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DayDreamer
Experiments

DayDreamer

URS5 Visual Pick Place

o 4

=

234 Hial |
s — Dreamer

> 2 -— Rainbow

£ ., |—PpPO

g1

a

© 0+

Visual pick and place with multiple objects on UR5 (2.5 objects/min after 8 h)

XArm Visual Pick Place

Human

— Dreamer
— Rainbow

o H N W B
L

Objects / Minute

/

Visual pick and place with XArm
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DayDreamer
Experiment Video

Dreame Dreaming V2 DayDreamer

https://danijar.com/project/daydreamer/
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Conclusion

Motivation Dreame Dreaming DreamerV/2 DayDreamer Conclusion

» Data/computation time-efficient actor critic method

» Dreamer

» Dreaming

> DreamerV2
> (DreamingV2)

human-level performance
Image/multi-modal input
Successfully tested on real robots

Object-vanishing/early over-fitting

vVvyyvyyvyy

Hardware wear
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Thank you for your attention

Conclusion

Thank you for your attention.

Are there any questions 7
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Kullback-Leibler Divergence®

> KL(P || Q)
P: "true" distribution of data

>
> @Q: approximation of P

> Relative entropy of P with respect to @
>

Amount of information lost when @ is used instead of P

8contributors 2023.
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Dreaming-Details

b) Compute logits

a) Infer latent states

.n

~ P (Sesalse ‘12)
T e B T e
loglt st Wz|xet logit

S e G-
’Pre rocess images #1 |£ ’Pre rocess images #2 ||£

logs——— exp(9) f:;;;n:;tro
cross-entropy
xt+1 t+K ZeXp(xD with logits

\“| @)

Dreaming(V1) latent representation learning Okada and Taniguchi 2021
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Reconstruction Ground Truth

Object vanishing in DreamerV2 Okada and Taniguchi 2022
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DreamerV?2

References

Without reconstruction

random crop

Contrastive learning
_ logexp(logit)

" logY exp(logit)

z,. discrete latent
{ ..-
N

32 variables

p(z|x,) : discrete dist.

logit: log p(z = z,|x,)
2( " ® log ’)

Positive pairs

32 classes

N

32 classes
—

32 variables

DreamingV2 Okada and Taniguchi 2022
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DreamingV2-Details

References

. T Lo N\L = e ~ logit
@ i @q(ml ) ~ﬁ(71+1|ht+1) ®ﬂ$_.‘%

— logit logit logit S8
_. e o8 o g
: l— p(zlxy)

)
p(7‘|xt) [p(zle-l) ] p(ZIxH,K) [ cach*PMF | | calc. PMF |
t 4 +
| calc. PMF | | calc. PMF | | calc. PMF |
t [} t t  EMA [
@ ....... > @
EMA
................. T ) @
log exp () ‘ ‘ _ logexp(®)
@) S = S @ ®) 1A = T er@

DreamingV2 latent representation learning Okada and Taniguchi 2022
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Comparison of Dreamer and Dreaming

DreamingV2  DreamerV2  Dreaming Dreamer
Discrete latent v v
Reconstruction v v
free
3D Robot-arm
UR5-reach 776+194 704+£222 75241178 7014223
Reach-duplo 199443 149+62 145461 5+11
Lift 3274150 165+126 1744107 134+46
Door 383+143 190+£126 3194173 154+32
PeglnHole 436+£26 376459 353150 354147
2D Manipulation
Reacher-hard 5984447 175£340 7431346 2474392
Finger-turn-hard 484+434 600+417 8584210 533+426
Reacher-easy 9244210 923+£215 947+100  658+429
Finger-trun-easy 4344469 498+469 8424286  665+430
2D Locomotion
Cheetah-run 768+24 811475 542+132 776+120
Walker-walk 857+115 951+28 518+76 906+70

Scores on different robot tasks Okada and Taniguchi 2022
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