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Motivation

e Vision: fully autonomous systems that learn by
themselves from raw pixel data.
e This paper: Modeling of high-dimensional pixel data

o Strategy: A deep dynamical model is proposed that
contains a low-dimensional dynamical model.
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Problem Formulation

Problem formulation: Modeling of high-dimensional pixel data

Output

Example: Video stream of a
pendulum

e Input: Torque of a
pendulum

e Qutput: Pixel values of Input

o 10 20 30 40 50 60 70 80 %0 100
Time

Torque

LINKOPING
II.“ UNIVERSITY



Deep Dynamical Models Niklas Wahlstrdm October 21, 2015 2

Problem Formulation

Problem formulation: Modeling of high-dimensional pixel data

Output

Example: Video stream of a
pendulum

e Input: Torque of a
pendulum

e Output: Pixel values of oot
an 11 x 11 image MM/\/VW\/\N\J
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The Autoencoder
Notation: Hidden layer

. . . Input layer "hottleneck” Output layer
e y, - High-dim. observations J

e 7. - Low-dim. features
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The Autoencoder
Notation: Hidden layer

. . . Input layer "hottleneck” Output layer
e y, - High-dim. observations J

e 7. - Low-dim. features

Model components:

1. Encoder: z, = g (yy; Ok)

Encoder
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The Autoencoder
Notation: Hidden layer

. . . Input layer "hottleneck” Output layer
e y, - High-dim. observations J

e 7. - Low-dim. features

Model components:

1. Encoder: z, = g (yy; Ok)

2. Decoder: 3% = g(zy; 0p)

Encoder Decoder
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The Autoencoder
Notation: Hidden layer

. . . Input layer "hottleneck” Output layer
e y, - High-dim. observations J

e 7. - Low-dim. features

Model components:

1. Encoder: z, = g~ (yy; Ok)

2. Decoder: y& = g(z;6p)

Encoder Decoder

Reconstruction error:
N ~R
VR(OE,00) = 31—y llyi— ¥ (O, 0p)|?
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Deep Dynamical Model

Notation: High-dim.

. \
observations

e y, - High-dim. observations

e 7. - Low-dim. features Fent
eatures

e uy - Inputs
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Deep Dynamical Model

Notation: High-dim.

. O
e y, - High-dim. observations ~ °bservations

e 7. - Low-dim. features
Features
e uy - Inputs

Model components: Inputs

1. Encoder: z, = g (y4; 0E)
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Deep Dynamical Model

Notation: High-dim.

. O
e y, - High-dim. observations ~ °bservations

e 7. - Low-dim. features
Features
e uy - Inputs

Model components: Inputs

1. Encoder: z, = g~ (yy; Ok)
2. Prediction model: Zj 1), = f(Zk, Wk, - - - Z— i1, W pi1; OP)

LINKOPING
II.“ UNIVERSITY



Deep Dynamical Models Niklas Wahlstrdm October 21, 2015 4

Deep Dynamical Model

Notation: High-dim.

. O
e y, - High-dim. observations ~ °bservations

e 7. - Low-dim. features
Features
e uy - Inputs

Model components: Inputs

1. Encoder: z, = g~ (yy; Ok)
2. Prediction model: Zj 1), = f(Zk, Wk, - - - Zp—p i1, Wpmpi1; OP)

~P ~
3. Decoder: y q); = g(Zp1 1% 0p)
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Deep Dynamical Model

Notation: High-dim.

. O
e y, - High-dim. observations ~ °bservations

e 7, - Low-dim. features
Features
e uy - Inputs

Model components: Inputs

1. Encoder: z, = g~ (yy; Ok)

2. Prediction model: E;H”k =f(zp, Uk, ..., 2Zp—p i1, Up—pi1;60p)
~P o~

3. Decoder: Yit1k = g(Zk+1|k§9D)

Prediction error:
Vp(0E,00,0p) = 31, Vi1 — Yio1n(O6, 0p, 0p)]12
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Training

Key ingredient: The reconstruction error and the
prediction error are minimized simultaneously!

(5E,5D,5P) = argmin Vr(0g,0p) + Vp(Ok, Op, Op)
0c.00,0p

N
Vk(0g,00) = > llyy, — Y1 (0, 601,
k=1
N-1
Vo (0, 00,60p) = Y [IVis1 — Yir1x(0k, 60, 6p) 1.
k=n
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Experiment: Pendulum

Output Model output

e Layers in
encoder/decoder: 4

e Latent dim.:
dim(z) =1

e Order of prediction
model: n =4

Torque
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Experiment: Pendulum

Output Model output

e Layers in
encoder/decoder: 4

e Latent dim.:
dim(z) =1

e Order of prediction
model: n =4

Input

hnp AR A

5

Torque
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Experiment: Agent in a Planar System

e Input: Offset in x—dir.
(u1) and y—dir. (us)

e Qutput: Pixel values of
a 51 x 51 image

e Latent dim.: dim(z)=2
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Experiment: Agent in a Planar System

e Input: Offset in x—dir.
(u1) and y—dir. (us)

e Qutput: Pixel values of
a 51 x 51 image

e Latent dim.: dim(z)=2
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Experiment: Agent in a Planar System

Separate vs. Simultaneous Training

True frame

Yie+0 Yi+1 Yi+2 e+3 Yierds  Yit5 Yie+6 k+7 YR

Simultaneous training

Virsh Yirar Yraoi Yiron L7k

Yisole Yerik Vil

sk

Separate training

Yok Yeetk Ye2lk  Ye3lk Yetalk Yetslk Yet6lk Yettk  Yetsik

LINKOPING
II.“ UNIVERSITY



Deep Dynamical Models Niklas Wahlstrdm October 21, 2015

Experiment: Agent in a Planar System

Simultaneous Training Separate Training

. Interation: 0 : Interation: 0
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Experiment: Agent in a Planar System

Simultaneous Training Separate Training

- Interation: 0 , Interation: 0
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Experiment: Agent in a Planar System

Simultaneous Training Separate Training
Interation: 450 Interation: 450
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Experiment: Agent in a Planar System
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Application: Control of Two-Link Arm from Pixels Only

Trial: 3 Frame: 94

e Model predictive control

o Ref. value: z,s = g_l(yref)

o Model iteratively improved

J.-A. M. Assael, N. Wahlstrém, T. B. Schén, and M. P. Deisenroth.
Data-Efficient Learning of Feedback Policies from Image Pixels using Deep Dynamical Models.
Sept. 2015, ArXiv e-prints 1510.02173
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Application: Control of Two-Link Arm from Pixels Only

Trial: 1 Frame: 1

e Model predictive control

o Ref. value: z,s = g_l(yref)

o Model iteratively improved

K< <f[> > 1] [=oie] +]

J.-A. M. Assael, N. Wahlstrém, T. B. Schén, and M. P. Deisenroth.
Data-Efficient Learning of Feedback Policies from Image Pixels using Deep Dynamical Models.
Sept. 2015, ArXiv e-prints 1510.02173
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Conclusions

e Model for high-dimensional pixel data

e Simultaneous training is crucial

o Application: Control based on pixel data only

12
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