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Information-Theoretic Principles for Brain, Al and Robot
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Perception <->Action Perception Action

The Free Energy Principle

(=Surprise Minimization Principle)

Surprise = —log P(0;)

F = —log P(0¢) + KL[Q(s¢)||P(stlop)]

Free energy

0, O(s)

Perception

Q(sy) = arg ngn F

Action

Q(m) = U(ZpstF(T[lp) + Lo G(m, 7))

Changing sensations
through action to
maximize evidence

Changing beliefs to
minimize divergence

Input «

I—

Li(¢,6,x) = —Eq,z1x) [log(ps (xi]2))]

The Information
Bottleneck principle

rnfinl(f(x);x) — AI(f (x); task)

Reconstructed

Ideally they are identical. input

x~x

Bottleneck!

An compressed low dimensional
representation of the input.

Encoder

Decoder

pe(X[2) =

¢ (21X

+ KL(qy (z|x)]Ip(2))

The Path Integral Principle

T
. 1
Rt =q; +J- q(Xp) + Eu?Rutdrt
¢

wi = exp(~AR)

Qi
new _ Xiwiug
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Free-Energy(Surprise) Principle:

p(s)

Environment(o)

(unknown state)

p(st, ag, 0)
= p(ols)p(als)p(s|s¢-1, ar-1)

Markov Blanket

LOGA FLEX

(2 Fef Li52] BA)

XIO| & X2 2

(Perception-Action(Planning))

(Q(s),Q(als))

(Estimated environment state)

Brain

Think

(s, a)
= Q(als)Q(s)

KL(Q(s, a)llp(s, a, 0, 5<¢, a<t))
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Free Energy(Information)

=KL (Q(s,a) Il p(s,a,0,5<¢ a<)

= K£(Q(al)Q(s) Il plols)p(als)p(slse-1,ar-1))

= — j Q(s)log(ols) + KL(Q(s) Il p(s|st—1,ar-1))

Auto Encoder Prection of Dynamics(Equivariance property Z&)

+Eqs)[KLIQ(als) Il plals)]]

KL-control theory(= Maximum Entropy Reinforcement Learning)
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KL-Control Theory

_KL(Q(als) I pals) = j Q(als) logp(als) + H(Q(als))

surprise

Ergodicity = p(a|s) < g[e %6¢(5a)]

KL minimization = maximum Entropy Reinforcement Learning

O2(0f 7| | o X| = 24f2| &S AS (Lh7F 7|CHorl o 2o| S2|X| =
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Information Bottleneck Principle

-
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Encoder

99 (2%

An compressed low dimensional
representation of the input.

OIZX| S E3 7|

Perceptlon

The Information
Bottleneck principle

mfin I(f(x);x) — AI(f(x); task)

Reconstructed

Input <« Ideally they are identical. > input

x~ x’

Bottleneck!

Decoder .
Po(X[2) 2

Li(¢,0,x;) = —Eq,(zx) llog(pe (x;|2))]

+ KL(qp(z|x)|Ip(2))

J
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Path Integral Principle

(Control as Inference)

KL control theory

The control computation is ‘reduced’ to a (graphical model)
inference problem.

Dynamics: px, ()
Cost: C(n%T) = (R)

| *

restricted class approximate J

l

Free dynamics: g%,
C = KL(pllgexp(R))

—— » DP —— Bellman Equation

<

v
approx inference —» Optimal =«

Optimal solution:

1
p(x'T1x® = g Ix"exp(R(x"T))

Path integral control can be obtained as a
special case of the KL control formulation.

LOGA FLEX

Path Integral Control Theory

Optimal Control
(Hamilton-Jacobi
-Bellman Equation)

Sampling of Path and Integral of
cost along the paths

T

. 1
Ri=q.+ j q(X;) + Equutht
t

wi = exp(~ARY)
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LOGA PLEX
Conceptual Diagram of FEP-based Robot Learning/Control
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Dynamics 2.
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(Loss4)

>Action control
(Path-Integral Reinforcement Learning/Control)
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Additional Information-Theoretic Principles

« Complexity-Information Theory (Suh, Lee and Cho — Motion Significance/Complexity)

- ox|, oic|of &= (Attention)sliOf st=7}?

«  Empowerment Theory

- Maximum information-channel capacity
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advancing mobility through Al — Key to Open com P LEX WOr|d
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Robot Manipulation
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Robot Navigation

TIP
£°
AR

15



COGA PLEX

ancing mobility through Al

Al-Manipulation Examples:

+ Imitation Learning and Reinforcement Learning in Fitting Task + Assembly sequence: Set-top box — Power Cable - HDMI Cable

|Hole-search] | Peg-insertion|

The number of iterations: 001 The number of iterations: 001

. Video Speed: 6%

Initial motor skills through imitation lcarning Its motor skills improved through RL

Execution Time: OOOOOOO, Execution Time: 0000000(

Videa Speed: 5x sy Video Speed: 1x
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St&E Embedding space £
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Piece-Picking(In Cluttered Environment)(2D)

Torget : small_usb
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Piece-Picking(3D)

A 2glue O¢ 080
matosou n 0.94

A oW IgEgme

l Class: tomatosoup (65)

XYZ(mm): 327.22, -316.14, 53.78
P& RPY(deg): 154.81°, 0.83", 59.56"
w4 WxH:0.10 x 0.09
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3D Perception

RoBoEYE CoPicK-3D Vision
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COGAPLEX

3D scanning
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vancing mobility through Al

3D Perception: Monocular Depth Estimation

., [ Local Planar
Guidance

» [ Local Planar
Guidance
(lpg2x2)

Depth Estimation Network KITTI Benchmark Depth Prediction
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Al-Navigation Examples:

Pepper Service Robot Logistic Robot

22



OH S 0Ot
b =

COGA PLEX

Human Brain-Level Al is still missing.
Human Brain-Level Al-Robot is still missing.
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Computing power
End of Moore’s law?
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Rate of growth : double / everv 1.5 years
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Software/ML Algorithm
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Rate of growth : breakthrough / 10 years

In 2045

« Computing power: 1,000,000 times growth
« Software/ML Algorithm: Over 3 breakthroughs
- Artificial body(sensor/actuator): 10 times growth

Y| HH 0|2 7|4t Smart Actuator

Artificial body(sensor/actuator)

&8 G =
Y -y

* Rate of growth : double / 10 vears
* Soft Robotics
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