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Reinforcement Learning

reward r

action a,

state S

Learn action policy: s - a to maximize rewards
D Efficient algorithms for artificial agents

HCircuit and molecular mechanisms in the brain
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Al and Brain Science
Reinforcement Learning
Basal Ganglia
Unsupervised Learning

Mental Simulation
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Al and Brain Science

To make intelligent machines by electronics,
we should not bother biological constraints.

As there’s a superb implementation
in the brain, we should learn from that.

Al in 20th century: program human expertise
Al in 21st century: learn from big data

Brain-like implementation like Deep Learning
gives the best performance.
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Coevolution in Pattern Recognition

Brain Science Art|f|C|aI Intelligence

> Perceptron
(Rosenblatt 1962)

> Feature detectors*———
(Hubel & Wiesel 1959) 4 ——

> Multi-layer learning
(Amari, 1967)

lu;‘ N \\\}\‘ L Ugs v Neocog n itron
(Fukushima 1980)

> ConvNet (Krizhevsky, Sutskever, Hinton, 2012)

F_:) %;‘ F"'l » GoogleBrain (2012

> Experience dependence
(BIakemore&Cooper1970) _' ot

o Place cell ..
(O’Keefe 1976)
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Co-Evolution: Reinforcement Learning

Brain Science ~Artificial Intelligence
» Classic conditioning (Paviov 1903) =2 1D learning (Barto etal. 1983)
' Operant conditioning a R B I |
(Thorndike 1898, ‘ ﬁ - | -
Skinner 1938) > ) o
Reward prediction error coding of Dopamlne TD learning hypothesis
dopamine neurons  Reward oceurs - Eartoetal. 1995,
(Schultz et -al 1993, 1997) QO/ (ﬁ Montague et al. 1996)
» Dopamine-dependent SESRS—h
: L RSN RO R A O OO
synaptic plasticity o el
(Wickens et al. 2000)  cs A bIO OO
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§§§ Value codlng in strlatum (Samejlma et al. 2005) Deep Q network (Mnih etal. 2015)
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Brain Theory Meets Big Data
How the Brain Should Be Working

What the Brain Really Is

%achine Learning is Essential for Both Directions
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Three Classes of Machine Learning

— input-output model y = f(x) + ¢ .|

Supervised Learning | .
Input-output pairs {(x;,y1), (X2,¥2),...} f\j

for new input x, predict output y
Reinforcement Learning

state-action-reward triplets {(Xy,Y1,r1), (X2,¥>,62),...}

— action policy y = f(x) to maximize reward

(unsupervised) Representation Learning”
InpUt data{ X1, X2, X3,...} 80
— statistical model of P(x) ;

discover structure behind data
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Specialization by Learning Algorithms

Cortex

(Doya, 1999)

Cerebral Cortex : Unsupervised Learning\

input >

output :>>
J

Basal Ganglia: Reinforcement Learning

¢— reward

input >

-

output £>>

J

Cerebellum: Supervised Learning

~

target
+

! error

input >

-

output :>>
Y,
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Learning to Walk

(Doya & Nakano, 1985)
CExplore actions (cycle of 4 postures)

DLearn from performance feedback (speed sensor)




Neuronlike Adaptive Elements That Can Solve
Difficult Learning Control Problems

ANDREW G. BARTO, MEMBER, IEEE, RICHARD S. SUTTON, AND CHARLES W. ANDERSON (1983)
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Pendulum Swing-Up

reward function: potential energy

value function V(s)
s =(angle,angular velocity)
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Learning to Stand Up

(Morimoto & Doya, 2001)

I:ILéarning from reward and ljnishment
o reward: height of the head
o punishment: bump on the floor
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Markov Decision Process (MDP)

reward r

Markov decision process

O statese S

oactionac€eA

o policy p(als)

o reward p(r|s,a) state s

o dynamics p(s’|s,a)

Optimal policy: maximize cumulative reward

o finite horizon: E[ r(1) + r(2) + r(3) + ... + r(T)]

o infinite horizon: E[ r(1) + yr(2) + v2r(3) + ... ]
0<y<1: temporal discount factor

o average reward: E[ r(1) + r(2) + ... + r(T)]/T, T—ooo

action a,
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Actor-Critic and TD learning

Actor: policy with parameter w
e.g., a(t) = Z; w;s;(t) + on(t)
Critic: learn state value function
V(s(t)) = E[ r(t) + yr(t+1) + y2r(t+2) +...]
e.g., V(s(t);v) = Z; v;5,(t)
Temporal Difference (TD) error:
d(t) = r(t) + vy V(s(t+1)) - V(s(t)) ;
Critic learning: AV(s(t)) « 5(t) f
AV = o, o(t) Sj(t)
Actor learning: Aw « 8(t) oclogP(a(t)|s(t);w)/ow

AW; = a,, 3(t) {a(t)-Zw;s;(D)} s;(t) ... weighted Hebb
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SARSA and Q Learning

Action value function

Q(s,a) = E[ r(t) + yr(t+1) + y2r(t+2) ...| s(t)=s,a(t)=al
Action selection

e-greedy: a = argmax, Q(s,a) with prob 1-¢

Boltzman: P(aj|s) = exp[pQ(s,a)] / Z;exp[pQ(s,a;)]
Update by temporal difference (TD) error

AQ(s(t),a(t)) = a 3(t)

SARSA: on-policy

6(t) = r(t) + yQ(s(t+1),a(t+1)) - Q(s(t),a(t))
Q learning: off-policy

”5%3”5“) = r(t) + ymax,Q(s(t+1),a’) - Q(s(t),a(b)
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SARSA and Q Learning

R=-1

S

The Cliff

Sarsa
-25-
Reward _so-
per Q-learning
epsiode
—754
-100 T T T T
0 100 200 300 400

Cliff walking task (Sutton & Barto, 1998)

safe path

optimal path

consider exploration
optimal greedy policy

Episodes

1
500
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“Pain-Gain” Task

N states, 2 actions

+I5
3
OO ——@—
B e T T ]
31 1 1 1
_rZ

if r, >>r;, then better take a,
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Deep Q-Network

(Mnih et al., 2015)
: G a m e S C re e n a S | n p u t Convolution ?anglution Fully connected Fully connecte

Q

o Experience replay
o Fixing the target network
JIDNN captures important features
o human level in 29/49 Atari games

ae EC 7))
VE g S N I
';.""_.. ) "\ "". { “‘) "; :E> '._". S :, ;
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AIphaGo (Silver et al., 2016)
@ Google DeepMind 6 AlphaGo

o 8 B © Supervised learning from play data
o Reinforcement learning by self-play

o Representation learning by deep
neural networks

o Shallow, narrow tree search

Rollout policy SL policy network RL policy network Value network Policy network Value network
Z 4
P Po Py Vo o Py, (@ls) vy (8)
) e

>
% % % % % % o
| | % :
Policy gradient 9
X

Q
& S S
R 17 -
& < 2
2 5 o
@ ) g
A @
% <2 Y Q

elE(

an expert positions Self-play positions
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Model-free/Model-based Strategies

Model-free Model-based
I No prior knowledge I Internal model of the world
state, action — new state
I Learn from experience state, action — reward
state-action-reward 1 Mental simulation
values of states/actions hidden state estimation
cope with noisy observation
Simple, but slow learning action planning

find the best action sequence

Flexible, but heavy load
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Bounce Up and Balance by PILCO

(Paavo Parmas)

2nd try 8th try
i
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Reinforcement Learning

Predict reward: value function

» V(s) = E[ r(t) + vr(t+1) + v2r(t+2)...| s(t)=s]

) Q(s,a) = E[ r(t) + yr(t+1) + v2r(t+2)...| s(t)=s, a(t)=a]
Select action How to implement these steps?
» greedy. a = argmax Q(s,a)

> Boltzmann: P(als) « exp[ B Q(s,a)]
Update prediction: TD error

0 8(t) = r(t) + yV(s(t+1)) - V(s(t)

» AV(s(t)) = o 8(t) How to tune these parameters?

> AQ(s(t),a(t)) = o 5(t)
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Basal Ganglia
HLocus of Parkinson’s and Huntington’s diseases

Striatum
Globus Pallidus
Substantia Nigra

Thalamus
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Dopamine Neurons Code TD Error
6(t) = r(t) + yV(s(t+1)) - V(s(t))

No prediction un p rEd |Ct€d A

Reward occurs

medial lateral

l:h;;;;@-'l

.(rlw‘C.S) | o R S |

Reward predicted p Fe d | Cte d 0

Reward occurs
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_,.l\_
. DR BT T R I, .A..'A‘“‘ oo i
CS R | ;!
g
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Reward pr d td OmlttEd 6

No reward o

(Schultz et al. 1997) \Y
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Dopamine-dependent Plastlc ty

Cortex /

Medium spiny neurons in striatum
> glutamate from cortex
> dopamine from midbrain
[hree-factor learning rule wickens et al.)
> cortical input + spike — LTD
> cortical input + spike + dopamine — LTP

Glu + 3 APs
> input x output x reward oo el 0
(30 Hzx 10) 4 RN A 4

3 4 5 Time (s)

I | me W| N d oW 457 nin. ChR2(+) dopamine fiber e

of plasticity o
(Yagishita et a|_’ 201 4) e — — — e — m_11,
w/0 DAopto —1 0 1 2 3 4 5

DAopto delay (s)

/ f‘ é Z?ZO nm /‘
Glu fiber A/
_J D1R-MSN
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Basal Ganglia for Reinforcement Learning?
(Doya 2000, 2007)

state action

| =

Cerebral cortex —[Q&&(
state/action coding

NN

N

Striatum (o N T~
reward prediction ) Z ;Z )(

Pallidum Vi) | sa)

~ action selection Y 1 ! ,
I@ O)(C
(

)
Dopamine neurons —

TD signal
Thalamus

& &Y \\éj:

v v
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Fixed and Free Choice Task
(Ito & Doya, 2015, J Neuroscience)

0.5-1s 1-2s
€—><€

Left Center Right poking Center

>

No-rwd
Cue tone Reward prob. (L, R)
Left tone Fixed
(900Hz) (50%,0%)
Right tone Fixed
(6500Hz) (0%, 50%)
Varied

Free-choice tone
(White noise)

(90%, 50%)
(50%, 90%)
(50%, 10%)
(10%, 50%)
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Neural Activity in the Striatum

—

D Dorsolateral

80
60 =

80 & = —

HDorsomedial

00 o —




State/Action/Reward Coding

State Action Reward

cue

cue L/R cue L/R

0.81

0.57
bits/sec 7

bits/sec

7 0.19 1

bits/sec

0
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Generalized Q-learning Model
(Ito & Doya, 2009)

Action selection

P(a(t)=L) = expQ,(t)/(expQ,(t)+expQg(t))
Action value update: ie{L,R}

Qi(t+1) = (1-0,1)Q;(t) + a;x; if a(t)=i, r(t)=1
(- '(X])Qi(t) ALY |f a(t)=i, I‘(t)=0
(T-05)Q;(t) it a(t)=i, r(t)=1
(T-05)Q;(t) it a(t)=i, r(t)=0

Parameters
a,. learning rate
a,: forgetting rate
k;. reward reinforcement
K>. ho-reward aversion
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Model Fitting by Particle Filter

(90 50) (50 90) (50 10)

: - Left, d
X 1) R g
I T | | gt o

Right, reward

Ul
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Action/State Values in Striatum
(Ito & Doya, 2015)

- . cue L/R
JAction value hase 1125 h 7

o DLS b/ higher QL
- DMS \M lower QL

Action II 110 I| IJI

Reward

QL IIII |
QR

~IState value Lo
igher
o VS ,//M M\J\ower QL

higher QR
O W”\%/\Iowgr QR
Action Nl

Reward

or TR

firing
(Hz)

QLf

firing
(Hz)

QL

QR

25
20F
15+
10
5 b
0 I,
50 1

o ——

WL

=

trials

o
A\

i

of g; o { o
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Hierarchy in Cortico-Striatal Network

Frontal

D Dorsolateral striatum: motor

o early action coding

© what motor action?
Dorsomedial striatum: cognitive
o choice action value

AN :
Corti_co?_triatal T k
projections EN N .
\ O —_ © which goal?
AN

= 2 T1Ventral striatum: motivational?

Hindlimb
Trunk ACd
* Forelimb

/ Ce/

\ﬁa B/ © state value
b . © whether worth doing?

3 (Voorn et al., 2004)
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Meuro (2018)

Reward-Predictive Neural Activities in Striatal

Striosome Compartments

Tomohiko Yoshizawa,’ Makoto Ito,"? and ©Kenji Doya’

Object lens
Endoscope

Neuron

icroscope

Base plate

Dental
cement

~'————_—'—

| __Blue light Stnosome-Cre +

— SEHUE AAV.Flex.GCaMP6s -

Neural activity
(Normalized AF/F)

o

l Reward
|
| = Big reward
|
— No reward

| R —

0 2.5 5 (sec.)
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Unsupervised Learning

input {X,,...,Xx} — output {y,,...,yn}

no target output

finding structures in distribution of x
Dividing into subgroups

clustering

mixtures of Gaussians

self-organizing maps (SOM)
Decomposing into components

principal component analysis (PCA)

independent component analysis (ICA)
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Hierarchical Clustering

Bottom up clustering
» start with each data point as a cluster

' check distance: nearest/average/furthest

merge closest clusters

Dendrogram

[

Python 04; i - W mm
scipy.cluster.hierarchy mﬂ.ﬂﬁﬁﬂﬂﬂhﬁﬂh

o ts L 3m e ps SR s ot S R SER85 I st A S e 8 L LSS A A e B it b (R b Gl e )

' sklearn.cluster.AgglomerativeClustering
58
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K-means Clustering .

Data set {X;,...,X5} — K clusters ’

no target labels! A4 X

Distortion measure J =Y, ¥l X, 14l |2 [

prototypes u (k=1,...,K) :
indicator variable r, e{1,0}, ¥ r, =1 ,

Fix 2, and minimize with r,, i
for each x,, find nearest y, setr, =1
Fix r,, and minimize with g ,

mean of data in the cluster g, = ¥,/ X,/S ¥ ok
epeat — converge to a local minimum
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Mixtures of Gaussians

Gaussian mixture distribution
p(X) = ¥, TINX| 1, Z ) :

marginal distribution p(z)=[] w2
conditional p(x|z)=]TINX| 4,2 )%
marginal of x is Gaussian mixture

Latent variable z=(z,,...,zy): z,&{1,0}, Y,z,=1

(a)
o ®
e ‘.}\.’! .'
05 ﬁ [ ] }?. ..
. e Tald
5
0

P(x) = ZZP(X,Z) = ZZP(Z)p(XIZ) = ankj\/(&l,u;;zk)

Posterior of z given X: responsibility

P2=11%) = mNX o Z/ BN )| s

nx as the prior of z,=1
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— grid of prototypes {u;,...,4x}
similar prototypes for neighboring nodes
Stepwise recursive SOM
find best match: c(n) = argming [|X,,—zl|
update neighbors: g (t+1) = @ (t) + ah X ,—1)
h. = expl[-dist(c,k)/2 o?]
Batch update
find c(n) for all x,,

Self-Organizing Map ..
- OHO-®-Of
Data set {X] ,...,XN} @«;’QQQ>

OO O O
- O-0-O-O-O

mean of neighbors .= Y. ,NiiXn/ Y Pk
%—l‘ OKINAWA INSTITUTE OF SCIENCE AND TECHNOLOGY GRADUATE UNIVERSITY |
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SOM Examples

I Animals (Ito et al. 2006)

&

R

el

=
~L R
O ing
S ‘i
NOE
2 cbd 11
S M
m-«m
W T
-

goose

duck

A

il
B
o™
M-
b F B
TERN N
MiaNM NN
M NN
LN B
MMNNMNENR

=F ¥
= F| K

\ 7 T 90 4
2“

47132171110

4

. owl

|39
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Visual Cortical Columns

I Cat visual cortex (Hubel & Wiesel) B SOM model (Obermayer et al.)

I

=W
% e — =7
L] \ //
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Principal Component Analysis

. S
D-dim data X={x,..., X5}’ (zero mean) .
. . . . DV
Find a low dimensional subspace with /Xn
largest variance >/\
minimal projection error

M-dim projection z,=Vx, by V={v,,...,vy,}7, [IV,.||=1
data covariance C=X'X/N=Y,x,X,,//N
covariance of z: VICV

Eigenvectors v,,..., vy, for Cv,=1,V,,

with largest eigenvalues A,,..., Ay
Singular value decomposition (SVD): X=USV!

V:eigenvectors of X™X, S?=diag(4,,...,4p)
59
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PCA by Autoencoder
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Independent Component Analysis

Latent variable with independent components
p(z) = [[;p(z) ... usually non-Gaussian
Observed data: x = Az
blind source separation: y = Wx

SO e e e

-0
A/O W/ O #i wiie o
O O whan ) +hih ) -HHil
O O W we
X +~OWWMW

X y
unknown BLIND
mixing SEPARATION

O 0O

N

process (learnt weights)
40
OI ST OKINAWA INSTITUTE OF SCIENCE AND TECHNOLOGY GRADUATE UNIVERSITY | -l



Infomax and ICA

Mutual information of input x and output y
I(y,x) = H(y) - H(y|x)

H(y|x): constant for additive noise
maximum information transfer I(y,x)
maximum output entropy H(y)
independence of outputs p(y) = [];p(y)

Sigmoid output: y = tanh(u), u = WX
AW o« dH(y)/0W WTW ...natural gradient
= ([WT] T+yx"HWTW

%—l‘ OKINAWA INSTITUTE OF SCIENCE AND TECHNOLOGY GRADUATE UNIVERSITY | 2



Visual Feature Detector by ICA

(Bell & Sejnowski 1997)

Hdindependent components of natural images

5 é% OI ST OKINAWA INSTITUTE OF SCIENCE AND TECHNOLOGY GRADUATE UNIVERSITY
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Mental Simulation

Brain’s process using
an action-dependent state transition model
s’=f(s,a) or P(s’|s,a)

Estimate the present from past state/action

perception under noise/delay/occlusion
Predicting the future

model-based decision, action planning
Imagining in a virtual world

thinking, language, science,...
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Multiple Ways of Action Selection

Model-free

> a = argmax, Q(s,a)

Model-based

> a = argmax, [r+V(f(s,a))]
forward model: s’=f(s,a)

Memory-based

> a=g(s)




SCIENTIFIC REPQRTS 2

‘Model-based action planning

‘involves cortico-cerebellar and

‘basal ganglia networks

Received: 16 February 2016 - Alan S, R. Fermin®%3, Takehiko Yoshida®2, Junichiro Yoshimoto2, Makoto Ito?,
Accepted:19July 2016 : Saori C. Tanaka* & Kenji Doyal%3*

i} fieaL] I
o 39 !
x VA0 S "5, 10 20
30 40730 20
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How to Withess Mental Simulation

State transition model s’=f(s,a) or P(s’|s,a)
Action planning
predict action value

Q(s,a) = 2, P(s'[s,a)[R(s,a)+yV(s")]
hard to tell when/which action is imagined
State estimation
dynamic Bayesian filter

P(s¢| ap.1,0p) o P(OlSy) 2. P(silSi1,ac1) P(S¢q)
can compare actual and predicted states

i %:'E:é OI ST OKINAWA INSTITUTE OF SCIENCE AND TECHNOLOGY GRADUATE UNIVERSITY



nature .
Nncuroscicnce

cerebral cortex

Akihiro Funamizu!2, Bernd Kuhn? & Kenji Doya!

I PPC two-photon imaging

-
)]

I Probabilistic populon decoing

PPC: N = 43

—

Normalized
mean AR/R

o
oL
O

Normalized
likelihood

N
NO
N

Normalized mean AR/R

o)1=
N 4
o

Posterior ©

I Auditory virtual environment \ A -4\

i : : 33 y 9
O intermittent sensory input Goal distance (om) &7 %0, Sey 0T P
o predicting goal distance from action
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Reinforcement Learning

Predict reward: value function

» V(s) = E[ r(t) + yr(t+1) + v2r(t+2)...| s(t)=s]

> Q(s,a) = E[ r(t) + yrt+1) + v2r(t+2)...| s(t)=s, a(t)=a]
Select action How to implement these steps?
> greedy. a = argmax Q(s,a)

» Boltzmann: P(als) « exp[ B Q(s,a)]
Update prediction: TD error

) 8(t) = r(t) + yV(s(t+1)) - V(s(1))

» AV(s(t)) = o §(t) How to tune these parameters?

» AQ(s(t),a(t)) = a ()
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Temporal Discount Factor vy

O Largey o Small y
o reach for far reward © only to near reward

5 é% OI ST OKINAWA INSTITUTE OF SCIENCE AND TECHNOLOGY GRADUATE UNIVERSITY



Temporal Discount Factor y

[ no pain, no gain! ] 0

v small

V=18.7

100 |

-20 -20 -20

1 2 3 4 step

-20 -20 -20

[ stay away from danger] 0

V(t) = E[ r(t) + yrt+1) + y?r(t+2) + y3r(t+3) +...]
> controls the ‘character’ of an agent
v large

Depression?

[ better stay idle ]

V =-25.1

1 2 3 4step

V=-22.9

+50

1 2 3 Zstep

Impulsivity?

[can’t resist temptation]

V=47.3

step Seyrotonin?
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Optogenetic Stimulation of

Dorsal Raphe Serotonin Neurons g
(Miyazaki et al., 2014, Current Biology)
M Reward Delay Task (3, 6, 9, o sec) .

N

# of reward wait errors
—

T
N
3 6 9
E Reward delay (s)
50 [0 Continuous yellow light
B Continuous blue light
@ 40¢
=
o 30f
®
Q ‘5 20
H
o 101

- . . 0
@ omission: 20.8 s 2 4 6 81012141618202224262830
Waiting duration (s)
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ARTICLE — QN

(2018)

Reward probability and timing uncertainty alter the
effect of dorsal raphe serotonin neurons on

patlenCe Katsuhiko Miyazaki 1 Kayoko W. I\/\iyazaki1, Akihiro Yamanaka?, Tomoki Tokuda?, Keniji F. Tanaka® & Kenji Doya'

Serotonin stimulation facilitates waiting when...
reward probability is high
reward timing |s uncertam Bayesian decision model

c Delay 6 test
[ s >35 1.0
? H o — Serotonin actvation £3 08
r ° 2S£ 06
: ° FERE =6, 0=2
[ O o - 0 . . .
0 L L 0 5 10 15 20 25
2 4 6 8 10 12 14 16 18 20 22 24 26 28 3
aiting time (s) S
70 Delay 4-6-8 test
> 1.0
=8 081
22 061
£2 831 =6, 0=3
o 0 T — T T
0 5 10 15 20 25
S
Delay 2-6-10 test
>o 1.0
=8 038
£ 06
T 04
ERY: =6 o=t /\
o - 0
0 5 10 15 20 25
S
Delay 10 test
>o 1.0
=8 038
S£ 06
© 04
ERY =10, 6=3 /\
a0 . -
2 0 5 10 15 20 25
W (s) S

OI ST OKINAWA INSTITUTE OF SCIENCE AND TECHNOLOGY GRADUATE UNIVERSITY |



ISSA Summer School 2017

Program

Hands-on Projects
People
Organizers

Practical Information

The Initiative for a Synthesis in Studies of Awareness, ISSA for short, is a group of scientists and scholars advocating
an integrative approach to the study of awareness.

ISSA Summer School 2017

ISSA will organize a two-week Summer School, with plenary lectures in the morning and parallel sessions in the
afternoon, in which the lecturers will lead study groups that are aimed at producing original research of publishable
quality. The lectures will cover topics in various aspects of neuroscience, experimental as well as computational;
theoretical physics; logic and philosophy; and various other fields in cognitive science and the study of complex
systems, including artificial intelligence, artificial life, and robaotics.

Date: May 22nd — June 2nd, 2017

Venue: Center for Information and Neural Networks (CiNet)
Osaka University, Suita, Japan



Initiative for Synthetic
Studies of Awareness (ISSA):

Introduction
Integrated information theory
of consciousness
2017 May 22
AProf Nao Tsuchiya
Monash University, Australia
e Starts from phenomenology, identifies five

axioms (1. existence, 2. composition, 3.
information, 4. integration, 5. exclusion)

Consciousness is composed of various GSPCCTS ® Tries to seek for potentia| physica|

Consciousness is integrated mechanisms that can support the axioms
Consciousness is excluded outside of the certain boundary

Tononi 2004, 2008, Oizumi et al 2014 PLoS Comp Bio




Intuitive explanation 1

Integrated information
loss of predictability of past states
based on current states,

when system is cut

(Oizumi et al 2016 PLoS Comp)

Matched decoding I(Xt_T; Xt
Xt
Xt
Decoding

Mismatched decoding  [*(X!~7: X?)

Tq(XtIXt D
—Hp(M'lM’ )

Decodmg

. I*(Xt_T; Xt)

Integrated information ¢* = I(X!™T; &)

(Oizumi et al 2016 PLoS Comp)




Intuitive explanation 2

Integrated information

a distance between the actual and

disconnected model

Oizumi, Tsuchiya,Amari 2016 PNAS

Full model

\ 4

time
p(X,Y)

Integrated information

Disconnected model

) X >
Distance "

>

X
N}
v

Y1

Y,

time
q(X,Y)

q(X.Y)

[‘DC— min D (p(X,Y)la(X,Y)) ]
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Tinbergen’s Four Questions

How? Why?
proximate view ultimate/evolutionary view
1 Mechanism o1 Function
How does it work? What is it for?
1 Ontogeny I Phylogeny
How does it develop? How did it evolve?
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Conscioushness as Data Assimilation?

—  Simulation Bayesian Inference Data —

Generative model (Komaki Lab. U Tokyo)
> dynamics  x,=f(x.;) + &, atmosphere, ocean,...
> observation y, = g(x,) + ¢, temperature, wind,...

State estimation by real-time simulation
> utilizing sparse, multi-modal data

Prediction of future states

Postdiction of past history

Characteristics akin to consciousness
o reason for the emergence of conscious

\/g%f phenomenology?
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Tinbergen’s Four Questions

How? Why?
proximate view ultimate/evolutionary view
1 Mechanism o1 Function
How does it work? What is it for?
dynamic Bayesian inference estimate the past and present

predict the future

1 Ontogeny I Phylogeny
How does it develop? How did it evolve?
learn internal models mammalian neocortex
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Universe, Life, and Intelligence

To explain the universe,
people called for the god(s).

To explain life,
people called for soul.

To explain human intelligence,
people now call for consciousness.
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