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observed data are often sequential

time

data
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vision

audio

joint angles
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interacting in the world involves processing sequences of data

vision

audio

(

time

joint 
angles

time

action

(
state 

estimation
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generativediscriminative

observations

internal states

actions
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unsupervised learning: learn from the data

generalization: learn a task-agnostic representation

shared

discriminative generative

training signal
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Jaderberg, Minh, Czarnecki et al., 2016
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BACKGROUND

DEEP SEQUENTIAL 
LATENT VARIABLE MODELS

MODEL-BASED RL
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a model of the density of observed data
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feature 1

feature 2

feature 3

example 1

example 2

example 3
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EMPIRICAL DATA DISTRIBUTION

feature 1

feature 2

feature 3



14

DENSITY ESTIMATION

feature 1

feature 2

feature 3

estimating the density of the empirical data distribution
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maximum likelihood estimation
find the model that assigns the maximum likelihood to the data

x

p
pdata(x)
p✓(x)
x ⇠ pdata(x)

p✓(x)model:

pdata(x)data:

DKL(pdata(x)||p✓(x))argmin
✓

✓⇤ =

DKL(pdata(x)||p✓(x)) = Epdata(x) [log pdata(x)� log p✓(x)]argmin
✓

=

Epdata(x) [log p✓(x)]argmax
✓

=

parameters: ✓

⇡ 1

N

NX

i=1

log p✓(x
(i))
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z

x

✓

N

p✓(x, z) = p✓(x|z)p✓(z)
model:

marginalization:

p✓(x) =

Z
p✓(x, z)dz

inference:

p✓(z|x) =
p✓(x, z)

p✓(x)

(

joint

(conditional 
likelihood

(

prior

(marginal 
likelihood

(
posterior
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z

x

✓

N

maximum likelihood is typically intractable

✓⇤ = argmax
✓

Epdata(x) [log p✓(x)]

⇡ argmax
✓

1

N

NX

i=1

log p✓(x
(i))

⇡ argmax
✓

1

N

NX

i=1

log

Z
p✓(x

(i), z)dz

�

intractable integral

(
must resort to approximation techniques
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approximate posterior q(z|x)

variational lower bound

log p✓(x) � L(x; q) = Eq


log

p✓(x, z)

q(z|x)

�

“reconstruction”

(

“regularization”

(

where

L(x; q) = Eq


log p✓(x|z)� log

q(z|x)
p✓(z)

�

<latexit sha1_base64="mYn3Fe5Zb+Bt08z9ca0nXCFi9fQ="></latexit>
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approximate posterior q(z|x)

variational lower bound

log p✓(x) � L(x; q) = Eq


log

p✓(x, z)

q(z|x)

�

“reconstruction”

(

“regularization”

(

where

L(x; q) = Eq


log p✓(x|z)� log

q(z|x)
p✓(z)

�

<latexit sha1_base64="mYn3Fe5Zb+Bt08z9ca0nXCFi9fQ="></latexit>

p✓(z)
<latexit sha1_base64="IEFcZ6TdJDNiYnM2MXVVhnD1rxA="></latexit>

q(z|x)
<latexit sha1_base64="GKYv3YBzSW+vcCnXm4SsDmmxo+c="></latexit>

�Eq


log

q(z|x)
p✓(z)

�

<latexit sha1_base64="bSdQSp0iZL3ytr3Aon9aL1YVVZc="></latexit>

latent space
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approximate posterior q(z|x)

variational lower bound

log p✓(x) � L(x; q) = Eq


log

p✓(x, z)

q(z|x)

�

“reconstruction”

(

“regularization”

(

where

L(x; q) = Eq


log p✓(x|z)� log

q(z|x)
p✓(z)

�

<latexit sha1_base64="mYn3Fe5Zb+Bt08z9ca0nXCFi9fQ="></latexit>

p✓(z)
<latexit sha1_base64="IEFcZ6TdJDNiYnM2MXVVhnD1rxA="></latexit>

q(z|x)
<latexit sha1_base64="GKYv3YBzSW+vcCnXm4SsDmmxo+c="></latexit>

p✓(x|z)
<latexit sha1_base64="60DGexcpR/Fv1prZWkg4K8IbvkM="></latexit>

Eq [log p✓(x|z)]
<latexit sha1_base64="ThBf6Fct1myVHSay2XFe4My8dic="></latexit>

�Eq


log

q(z|x)
p✓(z)

�

<latexit sha1_base64="bSdQSp0iZL3ytr3Aon9aL1YVVZc="></latexit>

x ⇠ pdata(x)
<latexit sha1_base64="Min9X1kSrlMsgf0t/tlM/bkvIlw="></latexit>

latent space

observed space
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VA R I AT I O N A L  E X P E C TAT I O N  M A X I M I Z AT I O N

x(1)
<latexit sha1_base64="B6UjBp4/v7QM2aCnHPQxDWrpA5c="></latexit>

x(2)
<latexit sha1_base64="FwVr0cXESl3SOrUUaDFUhRz5kW4="></latexit>

x(3)
<latexit sha1_base64="57nNbwizMTRjyA4veG/pfDVetG4="></latexit>

x(4)
<latexit sha1_base64="wB0JLQAS0C6z1a/9NFhmtou0s9U="></latexit>

x(5)
<latexit sha1_base64="Ruy7TN/ByiiuGz+RFEzPS0OHloo="></latexit>

x(M)
<latexit sha1_base64="QRDeGta/YSS+iaetICYO0GfyUdM="></latexit>(

mini-batch

Variational EM (single-step)

x(1:M) ⇠ pdata(x)
<latexit sha1_base64="2ZRlF2DXOphw1/Yk7NFB2aKYBlQ="></latexit>

sample
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VA R I AT I O N A L  E X P E C TAT I O N  M A X I M I Z AT I O N

x(1)
<latexit sha1_base64="B6UjBp4/v7QM2aCnHPQxDWrpA5c="></latexit>

x(2)
<latexit sha1_base64="FwVr0cXESl3SOrUUaDFUhRz5kW4="></latexit>

x(3)
<latexit sha1_base64="57nNbwizMTRjyA4veG/pfDVetG4="></latexit>

x(4)
<latexit sha1_base64="wB0JLQAS0C6z1a/9NFhmtou0s9U="></latexit>

x(5)
<latexit sha1_base64="Ruy7TN/ByiiuGz+RFEzPS0OHloo="></latexit>

x(M)
<latexit sha1_base64="QRDeGta/YSS+iaetICYO0GfyUdM="></latexit>(

mini-batch

x(1:M) ⇠ pdata(x)
<latexit sha1_base64="2ZRlF2DXOphw1/Yk7NFB2aKYBlQ="></latexit>

Variational EM (single-step)

sample

for x(i)
<latexit sha1_base64="3qF9j2MqVMmaHmAG1kIsIBBuAOw="></latexit> in x(1:M) ⇠ pdata(x)

<latexit sha1_base64="2ZRlF2DXOphw1/Yk7NFB2aKYBlQ="></latexit>

: 

maximize L(x(i), q(i))
<latexit sha1_base64="vCZfV8AH+OvK/UxNk5HcA3lTrE8="></latexit>

q(i)
<latexit sha1_base64="ObKj+k94kNxnXYv3yaUnwH3b33c="></latexit>

w.r.t. # E-step
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VA R I AT I O N A L  E X P E C TAT I O N  M A X I M I Z AT I O N

x(1)
<latexit sha1_base64="B6UjBp4/v7QM2aCnHPQxDWrpA5c="></latexit>

x(2)
<latexit sha1_base64="FwVr0cXESl3SOrUUaDFUhRz5kW4="></latexit>

x(3)
<latexit sha1_base64="57nNbwizMTRjyA4veG/pfDVetG4="></latexit>

x(4)
<latexit sha1_base64="wB0JLQAS0C6z1a/9NFhmtou0s9U="></latexit>

x(5)
<latexit sha1_base64="Ruy7TN/ByiiuGz+RFEzPS0OHloo="></latexit>

x(M)
<latexit sha1_base64="QRDeGta/YSS+iaetICYO0GfyUdM="></latexit>(

mini-batch

x(1:M) ⇠ pdata(x)
<latexit sha1_base64="2ZRlF2DXOphw1/Yk7NFB2aKYBlQ="></latexit>

Variational EM (single-step)

sample

for x(i)
<latexit sha1_base64="3qF9j2MqVMmaHmAG1kIsIBBuAOw="></latexit> in x(1:M)

<latexit sha1_base64="2ZRlF2DXOphw1/Yk7NFB2aKYBlQ="></latexit>

: 

maximize L(x(i), q(i))
<latexit sha1_base64="vCZfV8AH+OvK/UxNk5HcA3lTrE8="></latexit>

q(i)
<latexit sha1_base64="ObKj+k94kNxnXYv3yaUnwH3b33c="></latexit>

w.r.t. # E-step

maximize 
1

M

MX

i=1

L(x(i), q(i))
<latexit sha1_base64="sNd8ADXHK/7jp8wAxr3p2qiSEGs="></latexit>

w.r.t. ✓
<latexit sha1_base64="y9Nz2T+fmSMi/3DG5f53pxwGB6k="></latexit>

# M-step
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VA R I AT I O N A L  E X P E C TAT I O N  M A X I M I Z AT I O N

x(1)
<latexit sha1_base64="B6UjBp4/v7QM2aCnHPQxDWrpA5c="></latexit>

x(2)
<latexit sha1_base64="FwVr0cXESl3SOrUUaDFUhRz5kW4="></latexit>

x(3)
<latexit sha1_base64="57nNbwizMTRjyA4veG/pfDVetG4="></latexit>

x(4)
<latexit sha1_base64="wB0JLQAS0C6z1a/9NFhmtou0s9U="></latexit>

x(5)
<latexit sha1_base64="Ruy7TN/ByiiuGz+RFEzPS0OHloo="></latexit>

x(M)
<latexit sha1_base64="QRDeGta/YSS+iaetICYO0GfyUdM="></latexit>(

mini-batch

x(1:M) ⇠ pdata(x)
<latexit sha1_base64="2ZRlF2DXOphw1/Yk7NFB2aKYBlQ="></latexit>

Variational EM (single-step)

sample

for x(i)
<latexit sha1_base64="3qF9j2MqVMmaHmAG1kIsIBBuAOw="></latexit> in x(1:M) ⇠ pdata(x)

<latexit sha1_base64="2ZRlF2DXOphw1/Yk7NFB2aKYBlQ="></latexit>

: 

maximize L(x(i), q(i))
<latexit sha1_base64="vCZfV8AH+OvK/UxNk5HcA3lTrE8="></latexit>

q(i)
<latexit sha1_base64="ObKj+k94kNxnXYv3yaUnwH3b33c="></latexit>

w.r.t. # E-step

maximize 
1

M

MX

i=1

L(x(i), q(i))
<latexit sha1_base64="sNd8ADXHK/7jp8wAxr3p2qiSEGs="></latexit>

w.r.t. ✓
<latexit sha1_base64="y9Nz2T+fmSMi/3DG5f53pxwGB6k="></latexit>

# M-step

expensive
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deep latent variable model + variational inference + direct encoder + reparameterized Gaussian

Variational Autoencoder (VAE):

µ�(x)
<latexit sha1_base64="f4POFtkrBQtlxidt2haan9e3VOs="></latexit>

��(x)
<latexit sha1_base64="byTPipI6nSdWcCa+1Ot0FEheE08="></latexit>

z
<latexit sha1_base64="JJBRHMAw1+FJL17Y9ikHFHSRDGA="></latexit>

✏
<latexit sha1_base64="mlLz5PRn6k/2I/uXqfF1v+kMzi4="></latexit>

⇤<latexit sha1_base64="Nkk3T+niU2cCEWunvav3KuI5f5w=">AAACdnicdVHLSgMxFE3HV62vVpeCBEtRXJSZKuiy6MZlC31BO5RMetuGJpMhyYhl6Be41Y/zT1yaabvoQy8EDuc+zsm9QcSZNq77nXF2dvf2D7KHuaPjk9OzfOG8pWWsKDSp5FJ1AqKBsxCahhkOnUgBEQGHdjB5SfPtN1CaybBhphH4goxCNmSUGEvV7/r5olt254G3gbcERbSMWr+Q6fcGksYCQkM50brruZHxE6IMoxxmuV6sISJ0QkbQtTAkArSfzJ3OcMkyAzyUyr7Q4Dm72pEQofVUBLZSEDPWm7mU/CvXjc3wyU9YGMUGQroQGsYcG4nTb+MBU0ANn1pAqGLWK6Zjogg1djlrkxqen6Tm0jFr8oGY5Up4lUltREa8r9cRPpJWYSz+oRndbog0xHarcmAXaE/ibR5gG7QqZe++XKk/FKvPy+Nk0SW6RrfIQ4+oil5RDTURRYA+0Cf6yvw4V07JuVmUOpllzwVaC8f9BZZ5wrc=</latexit>

+
<latexit sha1_base64="Z+9aU0F2yHtHC/FjEFUaW/dEtUg=">AAACdnicdVHLSgMxFE3HV62vVpeCBEtREMpMFXRZdOOyhb6gHUomvW1Dk8mQZMQy9Avc6sf5Jy7NtF30oRcCh3Mf5+TeIOJMG9f9zjg7u3v7B9nD3NHxyelZvnDe0jJWFJpUcqk6AdHAWQhNwwyHTqSAiIBDO5i8pPn2GyjNZNgw0wh8QUYhGzJKjKXqd/180S2788DbwFuCIlpGrV/I9HsDSWMBoaGcaN313Mj4CVGGUQ6zXC/WEBE6ISPoWhgSAdpP5k5nuGSZAR5KZV9o8Jxd7UiI0HoqAlspiBnrzVxK/pXrxmb45CcsjGIDIV0IDWOOjcTpt/GAKaCGTy0gVDHrFdMxUYQau5y1SQ3PT1Jz6Zg1+UDMciW8yqQ2IiPe1+sIH0mrMBb/0IxuN0QaYrtVObALtCfxNg+wDVqVsndfrtQfitXn5XGy6BJdo1vkoUdURa+ohpqIIkAf6BN9ZX6cK6fk3CxKncyy5wKtheP+ApiLwrg=</latexit>

Kingma & Welling, 2014

Rezende et al., 2014
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let � be the distribution parameters of q(z|x)

learn a direct mapping

� f�(x)

, for example, � = {µ,�2}

DIRECT AMORTIZED INFERENCE

efficient, but potentially inaccurate

BLACK-BOX VARIATIONAL INFERENCE

q(z|x) argmax
q

L(x; q)inference optimization:

gradient-based optimization

� �+ ⌘r�L
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inference models may not reach fully optimized estimates

L

2D model, MNIST

see also: Inference Suboptimality in Variational Autoencoders, Cremer et al., 2018

Marino et al., 2018a
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Marino et al., 2018a

ITERATIVE AMORTIZED INFERENCE

learn an iterative mapping

� f�(�,r�L)

q(z|x) argmax
q

L(x; q)inference optimization:

let � be the distribution parameters of q(z|x), for example, � = {µ,�2}
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L

2D model, MNIST

I N F E R E N C E  O P T I M I Z AT I O N

directly visualize inference in the optimization landscape

Marino et al., 2018a
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I N F E R E N C E  O P T I M I Z AT I O N

visualize data reconstructions over inference iterations

Marino et al., 2018a
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structured models

hierarchical sequential
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(naïve) direct encoders cannot account for structured estimates

structured models

hierarchical sequential

zk
<latexit sha1_base64="qCNsTAslBZ+3T6P97eElhTzBa7M="></latexit>

z<k
<latexit sha1_base64="EWZcL4pUm9r8AnTL2zFC4mKxjhE="></latexit>

q�(zk|x)
<latexit sha1_base64="dokp6OrwOrBRNqTuCjVJLHxq4PI="></latexit>

depends on , but does not have access to this information
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iterative encoders can be easily extended to structured estimates

structured models

hierarchical sequential

structure defines gradients, which define inference



D E E P  S E Q U E N T I A L  L AT E N T  
VA R I A B L E  M O D E L S
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tt� 1 t+ 1

dynamics: dependence in time

multi-information: I(x1:T ) =
X

t

H(xt)�H(x1:T ) � 0
<latexit sha1_base64="ZG6dEjYSPILKuj0lV0m3JJ5kqqc="></latexit>

observing x¬t
<latexit sha1_base64="LfYcx9Mv5jkb2wIgQLT9Xz8Ph/g="></latexit>

xt
<latexit sha1_base64="/9eKoYxPE1ZizRUsfEHodALxXRM="></latexit>

reduces uncertainty in 

pdata(xt|x¬t)
<latexit sha1_base64="wqhf7rWWVm40zyYj3bXVK6yNCbs="></latexit>

pdata(xt)
<latexit sha1_base64="RsoqhZHnEgpIvhJvbje7Fui+r9Y="></latexit>

xt
<latexit sha1_base64="/9eKoYxPE1ZizRUsfEHodALxXRM="></latexit>
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model temporal dependencies

tt� 1 t+ 1
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model temporal dependencies

tt� 1 t+ 1
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model temporal dependencies

tt� 1 t+ 1
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M O D E L I N G  D Y N A M I C S

tt� 1 t+ 1

fully-observed

tt� 1 t+ 1

latent

p✓(xt|x<t) =

Z
p✓(xt|zt)p✓(zt|x<t)dzt

<latexit sha1_base64="Us8UbCjMTL/U4uDi8I1+tTtn1Bg="></latexit>

may be more flexible than a fixed-form p✓(xt|x<t)
<latexit sha1_base64="hsjE9FCjkzXNO2FF+fHIUg7mGLw="></latexit>
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where xT is a sequence of T observed variables

zT is a sequence of T latent variables

general form:

p✓(xT , zT ) =
TY

t=1

p✓(xt|x<t, zt)p✓(zt|x<t, z<t).(

prior

(
likelihood
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simplified case (hidden Markov model):

general form:

p✓(xT , zT ) =
TY

t=1

p✓(xt|x<t, zt)p✓(zt|x<t, z<t).(

prior

(
likelihood

ztzt�1 zt+1

xt+1xtxt�1

p✓(zt|zt�1)

p✓(xt|zt)
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ztzt�1 zt+1

xt+1xtxt�1

p✓(zt|zt�1)

p✓(xt|zt)

Markov model:

Parameterization:

p✓(zt|zt�1) is typically an analytical distribution

p✓(zt|zt�1)

ztµ✓(zt�1)

�2
✓(zt�1)

for example, p✓(zt|zt�1) = N (zt;µ✓(zt�1), diag(�2
✓(zt�1)))
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ztzt�1 zt+1

xt+1xtxt�1

p✓(zt|zt�1)

p✓(xt|zt)

the parameters of these analytical distributions are 
functions, often deep networks
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ztzt�1 zt+1

xt+1xtxt�1

p✓(zt|zt�1)

p✓(xt|zt)

the parameters of these analytical distributions are 
functions, often deep networks
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the parameters of these analytical distributions are 
functions, often deep networks

ztzt�1 zt+1

xt+1xtxt�1

p✓(zt|zt�1)

p✓(xt|zt)

zt�1

µ✓(zt�1)

log�2
✓(zt�1)



W E I G H T  S H A R I N G
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could use a separate network for each conditional dependence

number of parameters grows linearly with time

share weights for similar conditional dependencies

fixed number of parameters



L O N G - T E R M  D E P E N D E N C I E S
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how do we model long-term dependencies?

general model form p✓(xT , zT ) =
TY

t=1

p✓(xt|x<t, zt)p✓(zt|x<t, z<t).

p✓(xT , zT ) =
TY

t=1

p✓(xt|ht�1, zt)p✓(zt|ht�1)

use a recurrent network

zt

xt

htht�1ht�2 ht+1

zt+1zt�1

xt�1 xt+1

deterministic



I N F E R E N C E
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given a sequence of observations, xT , infer p✓(zT |xT )

smoothing inference

filtering inference
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VA R I AT I O N A L  I N F E R E N C E  I N  S E Q U E N T I A L  M O D E L S

q(zT |xT )introduce an approximate posterior

choices about the form of q(zT |xT ) determine how we evaluate L

often q(zT |xT ) is structured

ELBO: L(xT , q) = Eq


log

p✓(xT , zT )

q(zT |xT )

�
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the model contains temporal dependencies

S T R U C T U R E D  VA R I AT I O N A L  I N F E R E N C E

p✓(xT , zT ) =
TY

t=1

p✓(xt|x<t, zt)p✓(zt|x<t, z<t).

zt

the approximate posterior should account for these dependencies

q(zt|xt)if we use , we cannot account for x<t z<tand
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filtering approximate posterior

q(zT |xT ) =
TY

t=1

q(zt|xt, z<t).

condition on observations at past and present time steps

t
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q(zT |xT ) =
TY

t=1

q(zt|xT , z<t)

smoothing approximate posterior

condition on observations at all time steps

t
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A M O R T I Z E D  VA R I AT I O N A L  I N F E R E N C E

how do we amortize inference in sequential models?

typical approach:

filtering: use a recurrent network

smoothing: use a bi-directional recurrent network
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VRNN
Chung et al., 2015

Z-Forcing
Goyal et al., 2017

SRNN
Fraccaro et al., 2016

Structured VAE
Johnson et al., 2016

SVG
Denton & Fergus, 2018

STORN
Bayer & Osendorfer, 2014
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Chung et al., 2015

general model form p✓(xT , zT ) =
TY

t=1

p✓(xt|x<t, zt)p✓(zt|x<t, z<t).

VRNN model form =
TY

t=1

p✓(xt|zt,ht�1)p✓(zt|ht�1)

generative model
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Chung et al., 2015

generative model

' are fully-connected networks

ht = LSTM(['x(xt),'z(zt)] ,ht�1)

recurrence:
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Chung et al., 2015

generative model

' are fully-connected networks

prior:

p✓(zt|ht�1) = N (µz,t, diag(�2
z,t))

where [µz,t,�z,t)] = 'prior(ht�1)
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Chung et al., 2015

generative model

' are fully-connected networks

conditional likelihood:

p✓(xt|zt,ht�1) = N (µx,t, diag(�2
x,t))

where [µx,t,�x,t)] = 'dec('z(zt),ht�1)
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Chung et al., 2015

filtering inference q(zT |xT ) =
TY

t=1

q(zt|xt, z<t).

VRNN inference model form =
TY

t=1

q(zt|xt,ht�1)

inference model
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Chung et al., 2015

inference model

' are fully-connected networks

[µz,t,�z,t)] = 'enc('x(xt),ht�1)where

approximate posterior:

q(zt|xt,ht�1) = N (µz,t, diag(�2
z,t))
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GTMM
Gemici et al., 2017

MERLIN
Wayne et al., 2018

Kanerva Machine
Wu et al., 2018

use a specialized memory module to 
model longer-term dependencies zt

xt

htht�1ht�2 ht+1

zt+1zt�1

xt�1 xt+1

Mt�1 Mt+1Mt
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custom-designed inference models

VRNN
Chung et al., 2015

SRNN
Fraccaro et al., 2016

SVG
Denton & Fergus, 2018
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Marino et al., 2018b

perform iterative amortized inference at each time step
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TIMIT audio waveforms

I N F E R E N C E  I M P R O V E M E N T

model output, 
iteration 1

model output, 
iteration 0

observation

Marino et al., 2018b
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Marino et al., 2018b

training with additional 
inference iterations results in 

improved performance
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Marino et al., 2018b

each inference iteration yields 
decreasing relative improvement
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sequential decision making by maximizing expected future reward
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partially-observable Markov decision process (POMDP)

AGENT ENVIRONMENT
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xt
rt

observation

reward

AGENT ENVIRONMENT

partially-observable Markov decision process (POMDP)
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xt

at

rt

action

observation

reward

AGENT ENVIRONMENT

partially-observable Markov decision process (POMDP)
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xt

at

rt

action

observation

reward

AGENT ENVIRONMENT

zt
st

agent state

environment 
state

partially-observable Markov decision process (POMDP)
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a policy is a probability distribution over actions: a ⇠ ⇡(a|·)

maximize the expected sum of rewards (return)

⇡(a|·) argmax
⇡

E⇡

"
TX

t=1

rt

#

RL objective:
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approaches to policy optimization

model-free

direct mapping to actions

at

xt

environment/critic

zt

rt+1:T
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model-free

at

xt

zt

rt+1:T

environment/critic

direct mapping to actions

approaches to policy optimization
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model-free

at

xt

zt

rt+1:T

environment/critic

at

zt

xt

agent/model

zt+1 zT

at+1

rt+1 rTrt xt+1 xT

direct mapping to actions

model-based

unroll model to evaluate actions

approaches to policy optimization



R E I N F O R C E M E N T  L E A R N I N G

77

model-free model-based

at

zt

xt

agent/model

zt+1 zT

at+1

rt+1 rT

at

xt

zt

rt+1:T

environment/critic

rt xt+1 xT

direct mapping to actions unroll model to evaluate actions

approaches to policy optimization
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model-free model-based

at

xt

at

zt

xt

agent/model

zt+1zt

rt+1:T

zT

at+1

rt+1 rTrt xt+1 xT

direct mapping to actions unroll model to evaluate actions

easy/fast to act
+

often longer to train
—

often shorter to train
+

difficult/slow to act
—

also, only as good as the model

approaches to policy optimization

environment/critic
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without latent variables (fully-observed):

with latent variables (partially observed):

World Models
Ha & Schmidhuber, 2018

Planning From Pixels
Hafner et al., 2019

I2A
Weber et al., 2017

Nagabandi et al., 2018 Chua et al., 2018
PETS

Fu et al., 2016
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Ha & Schmidhuber, 2018

• learn a generative model/compressed representation of 
environment from pixel observations

• use the model as a simulator to learn actions
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Ha & Schmidhuber, 2018

the model:
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Ha & Schmidhuber, 2018

the model (vision):

compress the observations
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Ha & Schmidhuber, 2018

the model (dynamics):

learn the dynamics of compressed state representations
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Ha & Schmidhuber, 2018

observations reconstructions

CarRacing-v0
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Ha & Schmidhuber, 2018

observations reconstructions

VizDoomTakeCover
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Hafner et al., 2019

the model:
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Hafner et al., 2019

planning:
optimize
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Hafner et al., 2019

observations

predictions
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hierarchy of states and actions

action 
= get Ph.D.

state 
= no Ph.D.

state 
= Ph.D.

abstract action

abstract states
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distinguish between model uncertainty and environment stochasticity

current 
state

time

environment
model

planned trajectory

prevent regions of exploitability in the model
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learning from intrinsic (non-environmental) rewards

xt

at

rt

action

observation

reward

AGENT ENVIRONMENT

zt
st

agent state

environment 
state

intrinsic reward rit

intrinsic reward signals:

surprise, empowerment, learning improvement, etc.

often helpful to have a model of the environment to estimate these quantities
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LATENT VARIABLE 
MODELS

DEEP SEQUENTIAL 
LATENT VARIABLE MODELS

MODEL-BASED RL




