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Brains big and smaII

| set of underlying principles?
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Brain = Action = Embodiment

Mathews et al (2010) Inf. Sci.
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Acting means solving the H4W
problem

* Why: goal

* What: objects
 Where: space > Act (How)

e When: time

"

Home-base Pellets in

§) 1 in start-box end-box
& . |

Courtesy Mintz lab, Univ. Tel Aviv
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Distributed Adaptive Control

Contextual layer

Planning
Operant conditioning

Adaptive layer

Stimulus/Action shaping
Classical conditioning

Duff et al (2011) Br.Res.Bull.
Reactive layer

Reflex

Mathews et al (2009;2010) IROS09;ICRA10 ACtiO N Selectio N
Eng et al (2003;2005) ICRA; IEEE Tr Sys, Man, Cyb

Duff et al (2010) Neurocomputing
Sanches et al (2010) Adv Compl Sys

Autonomic control
Verschure et al (2003) Nature (425) 620

Verschure et al (2003) Cogn. Sci. (27) 561
Verschure & Voegtlin (1998) Neural Netw
Verschure et al (1992) Rob. Aut. Sys.
Verschure & Coolen (1991) Network
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The
Distributed
Adaptive
Control
Architecture

Autobiographical memory / Meta learning

Long Term Memory

Working memory

Event Sequence/Interval
memory memory
¢ > =7
Goals
Episodic memory
Value/utility

Plans

Perception

H

Internal states

(valence/arousal)

Action

shaping/
selection

Sensation |— Allostatic control | e—) Behaviors

Sensors

Needs

Body

Effectors

t____- VVbHd«ﬁ-_;r___

Contextual

Adaptive

Reactive

Soma

Duff et al (2011) Br.Res.Bull.
Duff et al (2010) Neurocomputing
Sanches et al (2010) Adv Compl Sy

Mathews et al (2009;2010) IROS09;l
Eng et al (2003;2005) ICRA; IEEE T
Verschure et al (2003) Nature (425)
Verschure & Althaus (2003) Cogn.

Verschure & Voegtlin (1998) Neural
Verschure et al (1992) Rob. Aut. Sy
Verschure & Coolen (1991) Networ

Monday, July 25, 2011



The
Distributed
Adaptive
Control
Architecture

Autobiographical memory / Meta learning

Long Term Memory

Working memory

Event Sequence/Interval
memory memory
¢ > =7
Goals
Episodic memory
Value/utility

Plans

Perception

H

Internal states

(valence/arousal)

Action

shaping/
selection

Sensation |— Allostatic control | e———) Behaviors

Needs

Effectors

r Sensors
S
2
al

Contextual

Adaptive

Reactive

Soma

[ World: I
| Exteroception |

Self:
Interoception

F____

[ Action

Duff et al (2011) Br.Res.Bull.
Duff et al (2010) Neurocomputing
Sanches et al (2010) Adv Compl Sy

Mathews et al (2009;2010) IROS09;l
Eng et al (2003;2005) ICRA; IEEE T
Verschure et al (2003) Nature (425)
Verschure & Althaus (2003) Cogn.

Verschure & Voegtlin (1998) Neural
Verschure et al (1992) Rob. Aut. Sy
Verschure & Coolen (1991) Networ

Monday, July 25, 2011



following Metzinger
(2003)
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Principles of DAC have been translated
to an effective stroke rehabilitation
system

Points: 14 lime: 00:28

Central
Sulcus

Cameirao et al (2011) Rest.Neurol.Neurosci.

With
Ruediger Seitz

Rehabilitatibn.

baming System

specs.upf.edu 10
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Adaptive Layer Contextual
Layer

Reactive Layer

Duff et al (2011) Br.Res.Bull.
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DAC: Reactive Layer

With Robosoft
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DAC: Reactive Layer
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Regulating the 5Fs in the real world

Blanchard & Blanchard (1989) J Comp Psychol

explode/freeze GRAY
B | @ , ’

defensive defensive defensive
avoidance distance approach
: ) PREFRONTAL - OCD - deep \ / PREFRONTAL Complex Anxiety
A DEFENSIVE VENTRAL STREAM  complex fear [ »| DORSAL STREAM e.g. social
ATTACK 3 AR R 3
357 ANTERIOR OCD - shallow \ { [PosterioR Obsessional Anxiety -
CINGULATE simple obsession R ] CINGULATE cognition/rumination
30 + FLIGHT 1 I
AVAILABLE NO FLIGHT ! +¥ LY+ 3
> 25+ DEFENSI TH R EAT AMYGDALA Phobia 11 ,' SEPTO-HIPPO- GAD -
— \ - avoid < 1 1 P CAMPAL SYSTEM cognition/aversion
N \ \ I
: ‘é) 20 + ¢ +‘-- \l\ /',rv_l_ ¢
- FLIGHT FREEZING AMYGDALA Phobia < \ / p| AMYGDALA GAD -
E 154 - arousal “ ; arousal/startle
= I~ .1 e 4
1 O T : + \‘ ! + 3
MEDIAL Phobia - \ MEDIAL GAD?
S5+ HYPOTHALAMUS escape < 1 T P HYPOTHALAMUS risk assessment
1 I
0 - m 3 +"'-..,,_\|\/l,," ¢
6 ‘ 1 0 1 2 3 4 5 6 PERIAQUEDUCTAL  Panic- € } p| PERIAQUEDUCTAL  GAD?-
GRAY defensive quiescence
DISTANCE FROM PREDATOR TO PREY

Gray’s 2D model of defense as shown in McNaughton & Corr (2004)

RC Requires:
- behavioral repertoire (UR)
- stimulus repertoire (US)

- assessment of state of the world
- assessment of state of the organism

- integration of information
- action selection
- behavioral sustain

16
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Reactive Layer: Behavioral Control as Homeostasis

Home base
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Sanchez et al (2010) Advances Compl Sys / IROS
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Arousal Gradient

Security Gradient

Reactive Layer: Allostatic control system

Gradient modulation (1)
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Behavioral Results

P(x,y) of robot in arena
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Reactive Layer: Behavioral Control as Allostasis

Allostatic Control for Behaviour Regulation

courtesy Pennaertz lab, UVA

Sanchez et al (2010) Advances Compl Sys / IROS
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Comparative Behavioral Results:

Model predicts arousal/security of the animal

ratl

robotl

Sanchez et al (2010) Advances Compl Sys / IROS
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Testing the prediction using HRV

Free movement Center Corner

RMSSD mean & error
/ 0.02
0018 I
0.016
0.014 1

0.012

B center

0.0 [comer

RMSSD

0.008
0.006
0.004
0.002

Cen_ter

Dwell
time

Arousal (HRV) varies with the position in space
consistent with the model prediction

Courtesy Sanchez lab IDIBAPS 23
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DAC: Reactive Layer

* 5F system acts in space of gradients defined by

the motivational affordance of the environment:

—affordance gradient

* Behavioral regulation as allostatic control of
homeostatic subsystems
—reactive behaviors are structured around gradients

—gradients provide a common currency

e Robot and rat behavior seem consistent

* Robot model generates explicit and testable
predictions

24
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Optomotor system
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Carlsson, M. A.,et al (2005). European Journal of Neuroscience,
Knusel, P., et al (2007). Network: Computation in Neural Systems,

Bermudez | Badia, S., et al (2010). PLoS Computational Biology,

Mathews, Z., et al (2009). IEEE/RSJ International Conference on Intelligent RObots and Systems IROS.
Bermudez | Badia, S., et al (2007). The International Journal of Robotics Research,

Bermudez i Badia, S., et al (2007). International Journal of Advanced Robotic Systems,

Bernardet, U, et al (2008). Theory in biosciences 127(2),

Pyk, P, et al (2006). Autonomous Robots, 20(3), 5t
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DAC: Adaptive Layer
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DAC: Adaptive Layer
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Adaptive

Layer

DAC: Adaptive Layer
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The problem of Priors

States

— Act

How to acquire states and policies in parallel?

Verschure (1996;1998) wcci
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DAC Adaptive Layer: Learning
Dynamics

Target US

Remember: Rescorla & Wagner (1972)

W — |S M
) CS | v oo __ oy
o _ ' m
5 dW = f(x-vy) i CR o=
C @)
3 UR &
us [, 4 . e 3
v T
e=V u
T
v=W"'x
Verschure & Voegtlin (1998) Neural Netw
Verschure & Pfeifer (1992) SAB specs.upf.edu
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DAC Adaptive Layer: Learning
Dynamics

Target US

Remember: Rescorla & Wagner (1972)

W — IS M
" CS__. X «—|——————— > )!
5 dW = f(x-y) CR T
N ~ > 8
-
> UR &
UsS |, 4 . e “
v T
V defines the reactive Layer e=V 'u
W is plastic and changes according to the slow dynamics
Learning is modulated by the internal/motivational state (IS) y — WT Y
Verschure & Voegtlin (1998) Neural Netw )
Verschure & Pfeifer (1992) SAB specs.upf.edu
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The behavioral law of associative
competition

Vab — Va + Vb
AV; = Ol Yus (7\ — Zj Vj)
Rescorla & Wagner (1972)

|
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The behavioral law of associative
competition

Vab — Va + Vb
AV; = Ol Yus (7\ — Zj Vj)
Rescorla & Wagner (1972)

|

animals only learn when events violate
their expectations

Monday, July 25, 2011



Optimization Objective:

Correlation, Perceptual and Behavioral prediction
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Duff et al (2010) Neurocomputing
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Optimization Objective:
Correlation, Perceptual and Behavioral prediction

T
correlation e=V ' 'u
Jo(W) =El|t )| W T _ S 7 7 B
c(W race( \c’ )|W] ww'T —7 y=W"x
IS M
CS | Y ‘____V_V____’ )

: CR m

g 1 ~ > 8

3 UR §

US > U > n

V

Duff et al (2010) Neurocomputing specs.upf.edu
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Optimization Objective:

Correlation, Perceptual and Behavioral prediction

correlation

Jc(W) = E[trace(ve' )|W]

perceptual prediction

Tp(W) = E[||x— Ww x| W]

ww'l =1

S IS
CS | v | __ L
0
° i
2
-
&
us |, o
Vv

Duff et al (2010) Neurocomputing
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SJ010all5

y = WT,,\‘

specs.upf.edu
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Optimization Objective:
Correlation, Perceptual and Behavioral prediction

correlation € = VTll
Jc(W) = E[trace(ye' )|W] Ww' =1 y = w 'y
perceptual prediction behavioral prediction
Tp(W) = E[|[x— W x| 2|W] Tg(W) = E[||e— W] |2|W]
€ =3 IS M

_ CS | Y ‘____V_V____, | - _
S Us g

> U » C

Vv

Duff et al (2010) Neurocomputing specs.upf.edu
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Optimization Objective:
Correlation, Perceptual and Behavioral prediction

T
correlation e=V u
Jc(W) = E[trace(ve' )|W] Ww' =1 y = w 'y
perceptual prediction behavioral prediction
211x7 2
Jp(W) = E[||x— WW "x||*|W] Jg(W) = E[|le—WTx||*|W]
<—W —s IS M
_ CS |, v ol __ .
! ; AN
US > U > n
V
The information stored in the contextual layer or prototypes p are defined as:
p=WWix

This is the linear projection to the subspace defined by W.

Duff et al (2010) Neurocomputing specs.upf.edu
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Performance as the trade-off between
perceptual and behavioral learning

a b C
®
®

Fig. 5. Example trajectories of the robot for different values of { after learning: (a) perceptual learning only { = —1, (b) behavioral and perceptual learning { =0.9, and
(c) behavioral learning only { =1.

1 0.8
1 0.6
0.4
100 200 300 400 500 600 700 800 900 1000
0.2
0 100 200 300 400 500 600 700 800 900 1000 0

Trials []

Fig. 6. Floating behavioral performance over 1000 trials with a time bin of 50 trials: (a) performance for different values of { and (b) performance for an actively modulated

£

Duff et al (2010) Neurocomputing specs.upf.edu
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The neuronal substrate ot the
prediction and correlation in the
amygdala and the cerebellum
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Models of AL

0.74 kHz 2.96 kHz

Naive : j

Trained

Sanchez-Montanes et al (2000/2002)

22 CS-US
trials

Sanchez-Montanes et al (2000/2002)
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Models of AL
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Models of AL
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Kilgard & Merzenich, 1998

Konorski’s 2 phase theory of conditioning
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Event and time acquisition

Cerebellum
Auditory cortex Trial |

Before Conditioning After Conditioning 1 ‘ |
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Sanches Montanes et al 01 Neur Comp; Hofstotter et al 2003; Inderbizin et al 2010
WCCI
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Event and time acquisition

PU Cell Activity
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Sanches Montanes et al
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Robot Validation

Pre-Conditioning Trial 1-113 Post-Conditioning Trial113-600
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100
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DAC AL: Intermediate conclusion

* From sensing to symbols, percepts and actions

* Interaction of perceptual and behavioral learning
— PL & BL are both prediction based

— Interaction of PL & BL are dynamically regulated

* Konorski’s 2 phase theory emphasizes the fundamental
distinction between event and interval representations

* The objectives of the adaptive layer are perceptual and
behavioral prediction

* AL maps onto the neuronal substrate of classical
conditioning: amygdala and cerebellum

Monday, July 25, 2011
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Inter-layer control signals and protocols
of DAC

Contextual control

Long term memory

/\ Sensori-motor, value triplets

Short term memory
/\ /\

Sensory prototypes Action

KM% umy® .
|55 Adapive o
miainiis control

Reactive

Sensors Effectors

Verschure & Voegtlin (1998) Neur.Netw. Verschure & Althaus (2003) Cog.Sci., 27: 561-590 Verschure et al (2003)
[Duff et al., Brain Res Bull 2011]
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Cortical networks are characterized by dense
local and sparse long-range inter-area

Area A Area B
L4P > é@
L5P L5P L5P
e
Douglas & Martin (2004) Ann Rev Neurosci. Reconstruction: Kevan Martin & John Anderson INI-Zurich

The brain might not have the wires to implement
hierarchical systems
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Cortical networks are characterized by dense
local and sparse long-range inter-area
connectivity

Area A Area B

L3P L3P
|

e e

L5P L5P L5P

L6P @

&

Douglas & Martin (2004) Ann Rev Neurosci. Reconstruction: Kevan Martin & John Anderson INI-Zurich

The brain might not have the wires to implement
hierarchical systems
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Temporal Population Code

NN\

Time ->
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How to wire up the visual hierarchy?

“
P

7 %ﬂ Parietal
S5 | cortex LSe.

specs.upf.edu
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A model of the ventral visual system:

Input

SWUN 952 )

AYIBIBIH [BEAU0D

Wyss et al, 2006, Public Library of Science

« Sparseness: Learning sparse codes
explains simple cell receptive fields in V1
(Olshausen 1996) and the formation of
adequate auditory filters (Lewicki 2002).

« Stability: Optimizing for temporal stability

In visual system leads to invariant
representations similar to V1 complex
cells ( Kayser 2001, Einhauser 2003,
Kording 2003, Berkes 2003, Wyss).
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Mixing what and how into sensori-
motor couplets

Sense Cortex Layer 2 1 - & n

. o Intra-item
lateral entorhinal cortex s _DP

Autoassociation

1L
1L

VW f\(L
£ er

Fan W o W W i
F W o W . W
F W W W

medial entorhinal cortex E Cortex Layer 3

A y f f Lateral
Ct n_?fe:-dem _
Heferoassocrano;\?‘ Medial . (
prm | (] e D— p— P ‘ o Do p-p
e | (— p— D—1D—P < Do Dot )
pre| (] e D— p—{ P < D] Dot )
Mossy fibers ‘
l)—c —( > d—4H—C A A A
A A A —( > 44—
| | ~ dq<
Granule Cells PP
y TTT
Mossy Cells — e e ¥
44—
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Vi

f f f
Dentate CA3 CA1 ‘ ﬁ,:
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Lisman (2007) Prog in Br Res
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Defining “what”

22
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Cortical networks are characterized by dense
local and sparse long-range inter-area

Area A Area B
L4P > é@
L5P L5P L5P
e
Douglas & Martin (2004) Ann Rev Neurosci. Reconstruction: Kevan Martin & John Anderson INI-Zurich

The brain might not have the wires to implement
hierarchical systems
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Cortical networks are characterized by dense
local and sparse long-range inter-area
connectivity

Area A Area B

L3P L3P
|

e e

L5P L5P L5P

L6P @

&

Douglas & Martin (2004) Ann Rev Neurosci. Reconstruction: Kevan Martin & John Anderson INI-Zurich

The brain might not have the wires to implement
hierarchical systems
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Temporal Population Code

NN\

Time ->
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TPC Generalization to face recognition




V1 TPC Model

Gabor Filter TPC

Ll das

Spike rate

AMJ\/UA,

AJ\ Ll

time

» Each orientation defines a population of pyramidal cells.

»R: radius (I 1) of connected cells in the same population.

» A neural representation in which information is conveyed by relative
amounts of activity across multiple elements of an array.

Luvizotto et al (submitted)
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B Input Potential
B Spike

Propagation

Modelled Neuron

Lateraly Connected

N\

"

Input Stimul

Network

Connectivity
Radius

Luvizotto et al (submitted)

Q
&
)" Spikes
2.
o [\ .
120 ms
Time
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Network Responses

t=14 t=253 t=96
soF | o |
§ 40
= —TPC
9D 9
0 . 60 1oo 120 140
| Tlme [ms]
S Membrane
Potential

55

Luvizotto et al (submitted)
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Attention based processing

Salience Map Network Layer

Gaussian |
derivative

. —>

Filter

Subregion

56

Luvizotto et al (submitted)
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* |0 subjects

*4 subsets of increasingly difficult light conditions.

Yale Face Database

. \ -

: Mouth
Right Eye Left Eye Nose

—~— - .
fﬂ"\ f: "—.\-‘ r A 2 J . T —
\ /

(b) Subregions of the first face class.

eStandard face recognition data set.

Luvizotto et al (submitted)

specs.upf.edu
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Performance

100

Classification Performance [%)]

3
Subset

Luvizotto et al (submitted) specs.upf.edu
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Performance

100 ——~——~—~—= —~—
90r .
__80r .
32
o 70 : o
S Method Classification (%) vs. Hlum.
ﬁ 60" - ssl & ss2  ss3 ssd
S Correlation 1000 76.7 23.7
= 50; . Eigenfaces 1000 742 243
S 0l | Cones-attached 1000 1000 914
2 TPC 1000 1000 97.14
Q 30" OPL (simulated images) 1000 1000 972
o OPL (real images) 1000 1000 100.0
20 .
—Subset 2
107 —Subset 3|
| | | | | ——Subset 4
OO 10 20 30 40 50 60 70

N most salient subregions

Lee, K. C., Ho, J. & Kriegman, D. Acquiring Linear Subspaces for Face Recognition under Variable
Lighting. IEEE Trans. 59

Pattern Anal. Mach. Intelligence 27, 684—698 (2005). specs.upf.edu
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Defining “what” using TPC

* TPC incorporates basic wiring templates of the
cortex

* TPC aims at solving the basic inter-area wiring
bottle neck

* TPC provides multiplexing
* Generalizes to face recognition

* Performance depends on active input sampling:
attention

60
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How to wire up the visual hierarchy?

“
P

7 %ﬂ Parietal
S5 | cortex LSe.

specs.upf.edu
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A model of the ventral visual system:

Input

SWUN 952 )

AYIBIBIH [BEAU0D

Wyss et al, 2006, Public Library of Science

« Sparseness: Learning sparse codes
explains simple cell receptive fields in V1
(Olshausen 1996) and the formation of
adequate auditory filters (Lewicki 2002).

« Stability: Optimizing for temporal stability

In visual system leads to invariant
representations similar to V1 complex
cells ( Kayser 2001, Einhauser 2003,
Kording 2003, Berkes 2003, Wyss).
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Objectives: stability and decorrelation

Input \J _. \r v L[
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Wyss et al, 2006, Public Library of Science

specs.upf.edu
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Wyss et al, 2006, Public Library of Science

Ajaavaony (eI00

stability objective

Level 3

-1.5

Sl o Bl €

Hierarchy of representations

Lavel 5

e s
{_/. ; P *—®
p : o o o
/' © il
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g i . gl
. o f >
g F —e— Level 1
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y v —o— Level 3
Pk I gl .-"‘ + Level 4
L_’g_:ii.‘. -g..:.— :. - ..‘l Y . .l:.e.YAeI 5
10° 10° 10° 107
time-steps

specs.upf.edu
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Position reconstruction  environment stretching

o
b‘

reconstruction error
o

Wyss et al, 2006, Public Library of Science specs.upf.edu
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Defining “what” using cortical
networks

Complex real-world physiologically realistic
representations can be acquired on the basis
of few cortical-like rules:

decorrelation & smoothness

specs.upf.

edu

oooooooooooooooooo



Mixing what and how into sensori-
motor couplets

Cortex Layer 2 1 N’ i 1 P
. — e e AL AL ” !‘E?*I erﬂ
lateral entorhinal cortexy — % = E :E :E | | Autoassociation
medial entorhinal cortex v E‘ e | ) — :E :E |- - Cortex Layer 3
o f f Lateral
Inter-item
Heteroassociation Medial
premmmm | (| e — D— b < o s | p-P
prem(| (| e D—1 D— P < D) Dot )
pres(| (| e D—vD—1 D < Dl Dt )
Mossy fibers ‘
‘)—c —( > dr—dr—C A A A
A A A —( > C :E =
4t ~ d—q<
Granule Cells p-p N
['] LI] Mossy Cells T L[\ »——
-
> ¢44-C
f f o
—
Dentate CA3 CA1 ‘ ﬁ,_
> Cix
>
p-p
Lisman (2007) Prog in Br Res 68
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Rate remapping in the DG

ainlololololo
n“ “.“.‘HSDHZ

A

ek

oo

PV correlation
= [} | [ |
B m

ha

=

Leutgebetal., 2007, Science.
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EC-DG Model

LEC . . MEC

Vision

Reno Costa et al (2010) Neuron

ooo
*

Path
Integration

Sum of input activity

Rale

15

Sum of input activity
of the most excited cell

0 R R M R M o o o b b

10

=

0.5

0

MAX

A

Cell

Glohal Inhibition lawal
{90% of the sum

of input activity

of the most

excited cedl)

Sum af

LEC
input

Sum ol

MEC
imput

B

The E% MAX winner-
take-all dynamics takes
place in the DG

23
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Rate remapping in the DG: LEC &
MEC

Shape Fire—rate maps Spatial information (bits/spike)

100%

[Hargreavesetal., 2005]. H '\.._i".,;. ; i_ P' “ ” ﬂ ' ‘ . .
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DG forms sense-act couplets by
instantaneous mapping of LEC and MEC
Inputs

alpha
0.9 P
—
-4y 4
1 i 5
3 - 305
1 . : & . 3
P : ! : 0.32
-l i 08 s o
we || eutgeb 2007/

0% 17% 33% 50% 67% 83% 100%

c 0.8} Morphing progression
S
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-
D_ D-E - DG l .
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IS 0y D 0 [0 W oo
40%

ll
N .g_

Numbcr of place fields

Number of units

Reno Costa et al (2010) Neuron
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DG forms sense-act couplets by instantaneous
mapping of LEC and MEC inputs

Place cells emerging

Interaction.

iiﬂlﬁ!ﬁﬂmwf

simulated granule

IEEEEENE
(D) (E
(C)both MEC and LEC

(A)only MEC Input
II III

BOTH LEC BOTH

W
o

(B)only LEC input

1008

N
o

I

mean size of place fields
mean number of place fields

Reno Costa et al (2010) Neuron
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WYyss, R., et al (2003;2006) PNAS;PLoS Biology
lateral entorhinal cortex Neuromimetic SLAM

Costa et al (2010) Neuron =

o

# Reno

-

: TS L
medial entorhinal cortex

.

Network cells activity
9x10 cells

Arena and robot
Guanella, A., et al (2007) Int J of Neur Sys
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o lateral entorhinal cortex
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L

medial entorhinal cortex

Network cells activity
9x10 cells

Arena and robot
Guanella, A., et al (2007) Int J of Neur Sys

W Wyss, R, etal (2003;2006) PNAS;PLoS Biology
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Biological evidence for gradient based planning

Johnson & Redish (2007) J Neurosci

At a decision point place cell activity correlates with possible forward paths at the bifurcation
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Biological evidence for gradient based planning

ime: 1716g0msec

Johnson & Redish (2007) J Neurosci

At a decision point place cell activity correlates with possible forward paths at the bifurcation
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Constructing gradients from a hippocampal cognitive map

. Can we dynamically build and modify gradients!?
_((z=20) | (¥-v0)?
Sum of 2D Gaussians f(:r, y) = Ae ( 203 5 2oy )

- - s - L~ -

Sanchez et al (2010) IROS

We can use Gaussians as being the basis for building gradients
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Constructing gradients from a hippocampal cognitive map

. Can we dynamically build and modify gradients!?
_((z=20) | (¥-v0)?
Sum of 2D Gaussians f(:r, y) = Ae ( 203 5 2oy )
- - -~ - L~ el

. Place/Grid Cells are often approximated by Gaussians

N

Sanchez et al (2010) IROS

We can use Gaussians as being the basis for building gradients
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Constructing gradients from a hippocampal cognitive map

° Can we dynamically build and modify gradients!?

_((I-{O)Q*_(y—yo)g)
P4 202
Sum of 2D Gaussians f(.’l‘, y‘) = Ae ot “Ty .

Py - -~ -~ -

-

. Place/Grid Cells are often approximated by Gaussians

<=

. Place/Grid Cells as basis function for generating Affordance Gradients

R

Sanchez et al (2010) IROS

We can use Gaussians as being the basis for building gradients
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Constructing gradients from a hippocampal cognitive map

_((r—:r‘o)2+(y—y‘o)2)
Sum of 2D Gaussians f(g;, y) = Ae 20% 205

\4

Py - y -~

— -
& ‘O O W e |le

convergence value

0 1000 2000 3000 4000
number of added gaussians

Sanchez et al (2010) IROS
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Constructing gradients from a hippocampal cognitive map

('r—:ro')") 4 ('y—yo)Q)

flz,y) = :’le_( 203 207
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>
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>
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e
\/

Sanchez et al (2010) IROS
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convergence value
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number of added gaussians

Monday, July 25, 2011



Allocentric Goal oriented Navigation using
affordance gradients

* Can we then translate graph search into a problem of gradient ascent/descent!?
| build the gradient connecting the initial position to the goal.

2 sequentially generate random paths among place cells (Gaussians)
covering overlapping space

3 accumulate in a gradient the generated path if it was successful (if it
reached the memorized goal).

- Open Space Gradient
Epuck robot ‘ ! ‘

Forward Path Gradient

Forward Path
Gradient

Sanchez et al (2010) IROS
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Goal-Directed Behavior

*  We detect bifurcations by abrupt changes in the direction of a generated
path of Gaussians

: gradient of
each generated
path
: gradient of

the accumulated
bifurcations and
corners

: Goal

Sanchez et al (2010) IROS
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Goal-Directed Behavior

*  We detect bifurcations by abrupt changes in the direction of a generated
path of Gaussians

: gradient of
each generated
path
: gradient of

the accumulated
bifurcations and
corners

: Goal

Sanchez et al (2010) IROS
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Goal-Directed Behavior: Finding a random target

(C)

(¥
T

o
T

~)
A

D
Y

o
T

PEN
T

W
T

time to reach target (in sec)

~N
T

—
L)

T -

‘ 156 200 250 300
shortest path distance (in arid units)

0 a0 100

* The majority of searches show a monotonic relation between “time to target” versus
“shortest path”

Sanchez et al (2010) IROS
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Dac AL: Mixing what and how into
sensori-motor couplets

* DG provides instantaneous what and how
mapping into an integrated representation

* MEC (how) provides a basic metric modulated by
LEC (what)

 This can be read out into dedicated
representations of space

* Hippocampal representations can be used to
construct affordance gradients linking to the
reactive layer allostatic control systems

81
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DAC: Contextual Layer
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DAC: Contextual Layer

. Place Place Place Valuation
LTIVI VISU8| Cue | cell |7 | cell [T| cel
. Place Place Place Valuation
Visual Cue = o [—| cen |7 cen |—

Visual Cue = o I= cen I=| cen

STM

& 1 3

Contextual
Layer
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Contextual layer generalized to model
of PFC

Q—Q—é

VTA

Perception e

Chain

neurons |,’

[Duff et al., Brain Res Bull 2011]

Frontal Striatum
e lobe
N \ . (\ ' ) Substanzia
™ o \ \ Nigra

Ventral tegmental area

83
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Contextual Layer:

Rule learning and switching

A B

 PFC-grounded contextual
layer

e Sustained activity

e Lateral connectivity c —o ] ° o
e Reward modulation ®

 Single/Multiple T-Maze, ® o ° o
Tower of London ‘ | | ‘

B L

initial configuration goal conflguratlon
(2 moves)

 SMC can be manipulated
and adapted to express
sequential rules and plans

[Duff et al., Brain Res Bull 2003]
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Integration perception and memory in
decision making

Contextual Control

4
-
sequence bias
e.'v'll a NI e.vlz a N2 e.\',.__c a.»;.c EER o e.wl.w‘_s a N Ny ‘
) W F
( — an?®

ove e €y | A m,l visual cue (
egocentric action (R) —— I g g

4
i
1 1 i
Sensors Reactive / Adaptive | | Effectors
Sweors . B : = a -
5
my = cjt]

(1) perceptual matching t
(2) memory biasing and c

[Verschure et al., Nature 2003]

nrough membrane potential modulation (t);

naining through threshold modulation (c)

Monday, July 25, 2011



Certainty/novelty assessed at level of RL
modulates the memory units of CL

A Perception e B

Contextual control

Long term memory LTM biased
competition:
Chain
A my = cft}

- ) [»

o - -
c > O, = activates segment
TT c: collector unit
Short term memory m: sensor matching

t: memory trace
o 1 & X e
d(x,e)= 2 L -
S N} ) |max(x) max(e)|

Recall fhodulated by “surprise” A
. \ /

5,.‘ —] 2 _:‘_!T
Sensors melict e trectore

Verschure & Voegtlin (1998) Neur.Netw. Verschure & Althaus (2003) Cog.Sci., 27: 561-590 Verschure et al (2003) Nature

Matching optimizes:

c=1-m*t

[Duff et al., Brain Res Bull 2011]
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Contextual layer: integrating perception and
memory

* Our previous prediction: sensory information and memory
bias are integrated using separate decision variables: rate and

threshold.
* We analyzed responses from neurons in the PMd
* Observed:
* Rate does not vary with certainty
*Neural variability and RT increases with uncertainty.

* Mean and SE of the RT can be predicted from the neural
variability.

mf = r.:f’tlk
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Control signals and
protocols in DAC
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following Metzinger
(2003)

Strong | PP Autobiographical memory / Meta learning r-
=
Long Term Memory ;
Event Sequence/Interval '_g
memory memory Working memory g
The f A — O | world: |
Distributed Goals | Exteroception |
Adaptive I
Control . n delf.
Archi | Episodic memory 1 Interoception
rchitecture B Value/utility Plans . o= = o =
) [ Action
I I I .Z -—— S S s -
| | Action g_
Perception nternal states 10 o
minimally : | (valencefarousal) | | shaping/ O Duff et al (2011) Br.Res.Bull.
phenomenal self selection < Duff et al (2010) Neurocomputing
(M PS) Sanches et al (2010) Adv Compl Sy
Mathews et al (2009;2010) IROS09;l
g Eng et al (2003;2005) ICRA; IEEE T
Sensation |e—f- Allostatic control | ———) Behaviors .{3 Verschure et al (2003) Nature (425)
@ Verschure & Althaus (2003) Cogn.
N &, Verschure & Voegtlin (1998) Neural
Weak [st Verschure et al (1992) Rob. Aut. Sy
person perspectlve Nz Verschure & Coolen (1991) Networ
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3 layers of DAC

| et \ ego-centric I
: ; \ g [ Er_‘ _’
4 p  distal cue "

proximity sensors —p

Sense

CS

IS+ —»> —CR
G
|S-

Adaptive layer: Learning the state

sequence,
(s:)
P11 P12 PlN
Ry | Ry |.| Ry
LTM

sequence,,
~_(s)
PMl PMZ PMN
Rwv1 Rvz | | Run

store sequence J

P,

P,

R,

" sT™M

\

response (R)

prototype (P)

ego-centric

1
4 distal cue

E

space

one segment

P

CS: Conditioned stimulus
US: Unconditioned stimulus
CR: Conditioned response
UR: Unconditioned response

Contéextual layer: Mapping states into plans for goal
oriented action
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Contextual layer: Mapping states into plans for goal

25

proximal sensors

oriented action

CONTEXTUAL LAYER

ﬁ sequence, @ sequence,, G
i 6# Py | Py PN P P P
SD D11 D12 . D1N D1 D bo D
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k f s Y
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egocentric action (R)
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e A A
> UL UR p .
DL DR : Ly distal |y local learning ADAPTIVE :
camera ego-centric C LAYER
view frame . :
ego- centr|c distal qu@ i
REACTIVE
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Inter-layer control signals and protocols
of DAC

Contextual layer (CL)

Long term memory
; G ;
\ /

| N CL planning gated/reset by AL/RL

oy -1') - (’}
d(».l.l’v) J\r E ‘maX{X) max(g:)' d Short term memor
Y

AN

Recall modulated by d: “surprise/

not
familiarity”

Retention gated by G: goal/value

<

K M" W/ :
mdid Layer (AL) _ _
Perceptual/behavioral learning gated by 7 AL action generation gated by RL
S: internal state S

Reactive
— BN e R0

Sensors Effectors

ﬁ

Verschure & Voegtlin (1998) Neur.Netw. Verschure & Althaus (2003) Cog.Sci., 27: 561-590 Verschure et al (2003) Nature

[Duff et al., Brain Res Bull 2011]
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Inter-layer control signals and protocols
of DAC

Contextual control

Long term memory

/\ Sensori-motor, value triplets

Short term memory
/\ /\

Sensory prototypes Action

KM% umy® .
|55 Adapive o
miainiis control

Reactive

Sensors Effectors

[Duff et al., Brain Res Bull 2011]
Verschure & Voegtlin (1998) Neur.Netw. Verschure & Althaus (2003) Cog.Sci., 27: 561-590 Verschure et al (2003) Nature
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Certainty/novelty assessed at level of RL
modulates the memory units of CL

A Perception e B

Contextual control

Long term memory LTM biased
competition:
Chain
A my = cft}

- ) [»

o - -
c > O, = activates segment
TT c: collector unit
Short term memory m: sensor matching

t: memory trace
o 1 & X e
d(x,e)= 2 L -
S N} ) |max(x) max(e)|

Recall fhodulated by “surprise” /\

L _E% \ /
Sensors i M Adaptive Effectors

Matching optimizes:

c=1-m*t

[Duff et al., Brain Res Bull 2011]
Verschure & Voegtlin (1998) Neur.Netw. Verschure & Althaus (2003) Cog.Sci., 27: 561-590 Verschure et al (2003) Nature
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Inter-layer control signals and protocols
of DAC

Contextual control

Long term memory
; G ;
\ /

| N CL planning gated/reset by AL/RL

oy -1') - (’}
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Inter-layer control signals and protocols
of DAC
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Certainty/novelty assessed at level of RL
modulates the memory units of CL
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Matching optimizes:

c=1-m*t

[Duff et al., Brain Res Bull 2011]
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following Metzinger
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Conclusions 1

 DAC s an architecture that integrates mind and brain
 |tis validated in the context of foraging behavior

 The functional decomposition of foraging has been mapped onto
the brain through detailed models of:

— Brainstem, amygdala, cerebellum, hippocampus and visual,
entorhinal and prefrontal cortex

* Reactive layer: provides the regulation of species specific behaviors
through affordance gradients

e Adaptive layer 1:
—acquires the sense-act state space

—model of ventral visual system, TPC coupled to active input
sampling for face recognition

e Adaptive layer 2:
— Compresses sense and act states into sense-act couplets

— representational primitive of the hippocampus
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Conclusions 2

e Adaptive layer 2:
— Compresses sense and act states into sense-act couplets

— These representational primitives are formed in the dentate
gyrus of the hippocampus

e Contextual layer:

—sensory information and memory based prediction are integrated
using separate decision variables: rate and threshold in PFC

 DAC has been validated using
— mobile and humanoid robots
—Neuroprosthetics (cerebellum)

—Neurorehabilitation (Rehabilitation Gaming Station)
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