Introduction to Cognitive Science: Notes

V. Neurological and Developmental Substrate

e Readings for this sectioMiller et al. 1960, Ch.14, Some Neurophysiological
Speculations; *Rizzolatet al. 2002; Minsky and Papert 1988a; .



VI: Neurological and Developmental Substrate

The ubiquitous appearance of composition and type raisifgih
affordance-mediated action planning of the most elemgs@ait on the one
hand, and syntax and semantics on the other, strongly sisgges the
language faculty in its syntactic aspect is directly huntp@more primitive
set of prelinguistic operations originally developed faotor planning.

The left inferior frontal (Broca’s) area that evidence fraamain imaging and
acquired aphasias suggests is implicated in morphosynfacicessing is
Immediately adjacent to areas involved in motor planniniggesting that in
evolutionary and developmental terms, the former are hpidin the latter.

The association of specific losswdrbsand LIF aphasias is suggestive.

So is the fact that, when shown an object, temporal aphasentswho
cannot recover the noun (“knife”) may still be able to reqot® affordances
(“It is to cut with”, or related gesture, Milleet al. 1960:196).



Neural and Computational Theories

The primate cytoarchitectonic homolog of area 44 or Broagésa in humans,
F5, has been shown by single cell recording to include “MiNeurons” that
fire not only to specific goal oriented actions such as reacand grasping,
but also (with exquisite specificity) to the sight of anothammal performing
the same goal-oriented action (Rizzolattial. 2002).

If the animal knows that the goal is not contextually validifahe other
animals gaze is not consistent, the mere sight of motiontiemough to fire
the mirror neuron.

Other neurons in F5 fire only to the animals own actions, arfdéto visual
presentation of the object involved (Rizzoladtial. 2001; Miall 2003).

This system has usually been interpreted in terms of retiogni
understanding, and imitation of the actions of other ansn(@lalleseet al.
1996).



Origins of Symbolic Representation

It seems likely that such understanding is founded on an enae basic
capability for planning the animal’s own actions, of thekproposed above.

In particular, it seems likely that the purely motor-sensiheurons of F5 are
closely related to rules of the LDEC type, aka TOTE units agrapts

—and that the visual object-related neurons are relateldet@pparatus that
associates objects with the actions that they afford (N2@03:2135).

The interest of the mirror neurons themselves is then tleat generalization
over participant identities makes them necessayiybolic representations,
distinct from both efferent motor activity and afferent pyrerception

These units appear to map very directly oasobs whether we think of these
as case-frames (Rizzolatti and Arbib 1998), dependenagtsires
(Pulvermiller 2002) or CCG lexical categories discussed below.

In CCG, such lexical items constitute the entire languggeeific grammar.



A Project for a Cognitive Neurolinguistics

This entire system is prelinguistic, rather than languspeeific.
Much of it seems to be highly localized, rather than paralistributed.

However, mechanisms like Simply Recurrent Networks (SRiNeaa 1990)
may well be appropriate for the process of compilation oeapd plans into
compound actions and episodic memories, as opposed to plavel
construction and natural language understanding

We need to know more about F5 in primates, specifically irticaieto tool
use. Are there “affordance” mirror neurons that fire both $e and
appearance of tools?

We need to understand how the planning process exploits umit5. The
limbic system seems to be implicated.



Project (Contd.)

We need neurocomputational and machine-learning theofiesw symbolic
units of the kind found in F5 can be induced from sensory-miofout.

Study of the regions adjacent to F5, (e.g. F4 which has dlydbaated action
units Rizzolattiet al. 2002) and pathways to and from the cerebellum (Miall
2003) which executes and monitors them, are likely to be maodb.

The computational character of the cortico-cerebellpapbcampal sensory
motor system is fairly well understood since Marr (1969)-e-&#uck and
Myers 2000.

Perceptron-like reinforcement learning conditional oa ittended goal state
of LDEC-like operants seems to offer a mechanism for the ogex and
cerebellum and associative networks for the hippocampus.



Neural Networks:Classifiers and Associative Nets

e There are two main types of general-purpose neural netwamripeiters:
Classifiers, and Associative Networks.

e Both are distinguished from standard symbolic computabptgraceful
degradation” under conditions of damage and noise.

e The most basic variety of classifier is the Perceptron.

e The most basic variety of associative network is the WiNsglNet.



The Perceptron

A perceptron is aingle-layer feed-forward neural network Consider an
example in which the activation function isgepfunction:

o Setlp=-1

Wo

e Unit fires when @W\
Y oWilj =3 Wjlj —Wo =0 QWZN - %

e W Is thethreshold | in=2 Wi, threshold
the unit fires when W,
Yo Wilj >Wo




Computing Boolean Functions with Perceptrons

WOZ 1.5 WOZ 0.5 WO:—O.S
W1}~ W1}~ —
/ / W;=-1
W2 =1 WZ =1
AND OR NOT

Units with a (step) threshold activation function can adiogsc gates, given
appropriate input and bias weights.



AND-gate truth table

Bias | input output
a0 al a2

-1 0 0 |0

-1 0 1 |0

-1 1 0 |0

-1 1 1 |1

AND =steps(l-a1+1-ap) =step(l5- —-1+1-a3+1-ap)

However, single-layer feed-forward nets (i.e. perce@jaannot represeiat|
Boolean functions
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Some Geometry

In 2 dimensionsv;X; +WoXo> —Wg = O defines a line in the plane.
In higher dimension§ . ; wix; —wo = O defines a hyperplane.
The decision boundary of a perceptron isygerplane.

If a hyperplane can separate all outputs of one type fromutsitpf the other
type, the problem is said to @early separable
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XOR Is not linearly separable

l1 1o | XOR(y,15)
@ 0 0|0 ¢ -
b) 0 111
c 1 0]1 C o
d 1 110

e Function as 2-dimensional plot based on values of 2 inputs
e black dot:XOR(l1,l2) =1 and white dotXOR(I1,12) =0
e Cannot draw a line that separates black dots from white ones
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Single Layer — Multiple Outputs

e Each output unit is independent of the others; each weidlgtadfects one

output unit.

e We can limit our study to single-output Perceptrons.

e Use several of them to make a multi-output perceptron.

I W o
Input Output Input Output
Units Units Units Unit

Perceptron Network Single Perceptron
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Supervised Learning in Perceptrons

e The learner sees labelled exampdes (lg, Te)
such thatf (l¢) = Te.

e The learner is required to find a mappihdghat can be used to compute the
value of f on unseen descriptions.

e In order to do that, machine learning programs normally arfind a

hypothesid that gives correct classification to the training set (oeothse
minimises the number of errors).
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Learning Perceptrons — Basic Ildea

e Important Note: We assume a threshold activation function, namely a step
function, in the next few slides.

e Start by assigning arbitrary weights V.

e On each example= (1,T):
classifye with current network:
O — step(W-I) = steg (> W)
If O =T (correct prediction) do nothing.
If O=#T changaV “in the right direction”.

But what is “the right direction” ?
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The Right Direction

If T=1andO =0 we want to increas®/ - | = Y WI;
Can do this by assigning/"®" =W +n|
sinceW"W. | = SW"™; = SWILi +n S il > S WI;

Amount of increase controlled by parameter @) < 1

If T=0andO =1 we want to decreasd/' - | = Y W,
Can do this by assigning/™" =W —n|
sinceW"™ .| = SW"™W; = SWI; —n S il < YW,

In both cases we can assigi™*"=W+nl(T — O)
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Perceptron Learning Algorithm (Version 1)

function perceptron-learning(examplaegturns a perceptron hyp.
network«<— a network with randomly assigned weights
repeat
for eachein examples do
O «— perceptron-output(networlk)
T < required output fole
update weights in network based RnO andT
W—W+nle(T-0)
end
until all examples correctly predicted or other stopping craeri
return NEURAL-NET-HYPOTHESIS(network)

Perceptron algorithm with step (threshold) activationdiiom.
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Perceptron Learning Algorithm

0 < n < 1is known as théearning rate, other symbols e.gu, € used by
different authors

Rosenblatt (1960) showed that the PLA convergéd/tthat classifies the
examples correctly (if this is possible).

PLA behaves well with noisy examples.

Note that PLA given above is ancrementalalgorithm;batchversion also
possible.
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PLA:Example

e Assume that outpud=1, and target i3=0,= T-O=-1
o Wo —~Wo+nx*(—1)(-1)

o Wi — Wi +nxlypx(—1)

e Wo —Wo+nxlpx(—1)

=0
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Multilayer Neural Network

e Can represent XOR using a net-
work with two inputs, a hidden
layer of two units, and one output.
A step (threshold) activation func-
tion is used at each unit (threshold
weights (not shown) are all zero).
Many architectures possible, this is
an AND-NOT OR AND-NOT net-
work.

e In fact, any Boolean function can
be represented, and any bounded
continuous function can be approx-
imated.
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Learning Multi Layer Perceptrons

It would be good if there were a learning algorithm for MLPgwnice
convergence properties like the Perceptron Learning Adgaor.

Rumelhartet al. (1986) discuss the Back-propagation Algorithm.

However, there is no convergence theorem. BPA can get stuckal
minima.

Minsky and Papert (1988a) argue that the MLP and BPA merglycegmate
the PLA in a Perceptron with exponentially growing weighiliues.
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Learning Multi Layer Perceptrons

e For example the following MLP for detecting symmetrical-sixit input
strings closely approximates the actual values learnetd®BPA for
Rumelhart et al.'s MLP:

e These weights appear to be growing exponentially whichimsghat they
will take a time to learn exonential in the number of inputtani

e Multi layer perceptrons are interesting devices, but ttraining remains hard.
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Willshaw Nets

e How is it that you notice a mouse behind the breadbox whemallis visible
IS its tail? How come you notice when someone mentions yoonena the
midst of a buzz of noisy conversation at a cocktail partynewben you have
no idea what they said about you? What exactly is going on wbercannot
remember the name of someone you are talking to, but knowttWwat come
to you in a minute, and it does?

e These are examples of “retrieval from partial informatioffécognition from
noisy input”, and “content addressable memory”. They cAhe@amodeled in
terms of massively parallel distributed processing—(MiRBusing what are
somewhat metaphorically called “Neural Networks.”

e Since even a two dimensional mouse represents rather ailtfoofnation, we
are going to look at recognition etc. of “one-dimensionalte) represented
by bit-vectors, or ordered sequences of Os and 1s.
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The Associative Net

e The Associative Net was invented by Longuet-Higgins, Buaenand
Willshaw (see Willshaw (1981)). This device illustratessd basic properties
of network models which are characteristic of mechanismaslued in
phenomena of human memory and attention like those mewtiabeve:

— Non-localized storage (“Distributivity”)

— Abillity to recover complete stored patterns from partiahorsy input
(“Graceful Degradation”).

— Ability to work even in the face of damage (“Holographic Meryid.
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The Associative Net

An associative net acts as a distributed memory associpéing of input and
output vectors, as in the figure below, which representsdajrhorizontal
Input lines and vertical output lines with binary switch@safigles) at the
Intersections.

o | < —
0| < - Kling —
1| < — o> —
0+ < — ing —
1| < — 0= —<+< —
0| < — ing —4—< —
0| < — ing —<—< —
1| < - 0|— << —
o 1> L
VY Y Y Y vvoy
6, 6, 6, 6, 6, 0, 6, 6,
‘0 1 0 0 1 o0 1 0‘

Figure 1: Hetero-associative net. Storage and Retrieval
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The Associative Net

e To store an association between the input vector on thenelftlze output
vector along the top, switches are turned on (black trias)caethe
Intersection of lines which correspond to a 1 in both inpwt antput patterns.

e To retrieve the associate of the input, a signal is sent daeh éorizontal
line corresponding to a 1 in the input. When such an inputadigncounters
an “on” switch, it increments the signal on the correspogauatput line by
one unit. These lines are then thresholded at a level camelsipg to the
number of on-bits in the input.
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The Associative Net

With such thresholding, an associative memory can storaréeu of
associations in a distributed fashion, with interestingpearties of noise- and
damage- resistance, provided that the 1s are relativelgspa

For example, if one of the on-bits in the input goes off, sd Wrathreshold at
2 rather than 3, we recover the entire associated pattern.

Similarly if an off bit goes on we can similarly recover ther@xt association
by reducing the threshold of 4 to 3.

These properties depend on there being not too many sinatégms stored
In the same net.
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Associative net

e If patterns are “autoassociated,” or stored with themseaseoutput,
associative nets can be used to complete partial pattercis as the mouse
behind the breadbox, or someone’s name from their appearanc

tall(x) dark(x) handsome(x) }
short(x)  fair(x) ugly(x)  name(x,fred

0101011\

tall(x) dark(x) handsome(x)
short(x) fair(x) ugly(x)  name(x,fred

short(x)

tall(x) short(x)

fair(x) tall(x)

dark(x) fair(x)

ugly(x) dark(x)

handsome(x ugly(x)

VY Y YY YOV oy

name(x,fred) handsome(x

‘I—‘I—‘OHO'_‘OO‘

‘@n—\ol—‘ol—‘oo‘
v
A

name(x,fred)

H <_w®

Figure 2: Auto-associative net: Storage and Augmenteddvatr
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Multi-Layered Associative Networks

e The associative net can be regarded as a Multiple Outpuepteon in which
the initial weights are all zero and the gain is 1.

e Just as there are multilayered perceptrons, so there atdayeted

Associative Nets, such as Hopfield Nets and Recursive Algoéative
Memory (RAAM Pollack 1990).

e Like MLP, MAN are prey to false minima and are hard to train gederalize.
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Associlative Networks and the Brain

neocortex
@+a
c
o
2
O ¢ N
o Limbic System _
o >
hippocampus %
— <Q
0 o
30
o 9O
<8
_ cerebellum =
D

%

Figure 3: The basic Cerebellar-Hippocampo-Cortical qaah circuit: (adapted
from Gluck and Myers) Cf. Damasio 1999:43-47.
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Assoclative Networks and the Brain (Contd.)

The neural pathways to and from the motor cortex remain liess c
(Daskalakiset al.2004). It is likely that several levels of plan represeiuiati
mediate (Wolperet al. 2003).

The process of abstracting over complete action repretsemsaneeded to
specify the verb/affordance-like units of F5 seems to be@angroblem.

Compositionality seems to be a general property of simpte@s motor
planning.

Plan units a.k.a. STRIPS/LDEC rules seem to be learnablestandard
neurocomputational models and observable with singlereebrding.

Abstraction, plan formation and plan execution are wellenstbod in formal
terms but remain to be understood in neurocomputationadser
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Associlative Network LDEC

e Associating affordances with preconditions:

in(you) shut(d) affords push(you,d))
out(you) door(d) open(d) affords(go-through(y,d))

in(you) shut(d) affords push(you,d))
out(you) door(d) open(d) affords(go-through(y,d)

o[> o]

out(you)| 0 |~ out(you) O

in(you)| 1 |—» in(you)| 1

door(d)| 1 |—p door(d)| 1

shut(d)| 0 |—» shut(d)| 1

open(d)| 1 [—» open(d)| 0

affords push(you,d)) 0 |—p affords(push(you,d)) o
affords(go-through(y,d)) 1 |—p affords(go-through(y,d))| o

Figure 4: LDEC rules of affordance: Storing preconditiorfisgo-through and
retrieving the affordance gfushfrom the loaded hippocampal auto-associative net.
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Associlative Network LDEC

e Associating change with affordances:

in(you) shut(d) affords push(you,d))
out(you)  door(d) open(d) affords(go-through(y,d))

IE 1 0 1 0 [0 _
in(you) shut(d) affords push(you,d))
¢ ¢ ¢ ¢ ¢ ¢ out(you) door(d) open(d) affords(go-through(y,d))

o> F—<1—< 0 1= < L
out(you) - out(you) [0 |7 < —
in(you)||1||—» in(you) —» < —
door(d)| 1 |—p door(d)| 1 |—p < —

shut(d)| 0 |—» shut(d)| 1 |—» <] —
open(d)| 1 |—» open(d)| 0 |—» < —
affords push(you,d)) o |—p affords(push(you,d) — < —
affords(go—through(y,d)) — affords(go-through(y,d))| 0 |—» < —
0 3 0 3 [0 o

o, 6 8 6 6 6 6 6

VYV Y Yy voy

‘ o o 1 1 o0 1 O 0‘

Figure 5: LDEC rules of change: Storigg-through and retrieving th@ushtrans-
duction from the loaded neocortical hetero-associative ne
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Assoclative Network LDEC

e The planning cycle:

in(you)  shut(d) affords push(you,d)) in(you)  shut(d) affords push(you,d))
ut(you) door(d) open(d) affords(go-through(y,d)) out(you) ~ door(d)  open(d)  affords(go-through(y,d))
[0 ] <—<——— — (o] < —
ut(you) 0 | <—<F—<+H—~<t+<1 — out(you)| |0 | < —
in(you) 1 | < — in(you)| |1| | —
door(d) 1 |4 << — door(d)| 1 |—p <] —
shut(d) 1 |~ - shut@| 1 | -
open(d) o | << — open(d)| 0 [ < —
affords(push(you,d))o | — < — affords(push(you,d) > 1
affords(go-through(y,d))o —>—<—<—ﬂ—<—<] — affords(go-through(y,d)) | o |—p — |
00 3 3 3 2 0 3 0o 3 [0 o
6, 8 8 6 65 8 6 & B, 6 © 6 8 8 6 6
VYY VYV VYV
0 0 1 1 1 0 1 0 t : t t j f t t

Figure 6. LDEC cycle: Retrieving the affordance mishfrom the hippocampal
net, generating the next state from the neo-cortical netpa@paring to retrieve the
affordance ofjo-throughfrom the hippocampal net.
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Assoclative Network LDEC and the Binding Problem

e These networks assume a solution tom the binding probleratighhe
problem of knowing that the thing that epenis the same thing as the thing
that is adoor, rather than dottle (or someotherdoor. item One solution
assumes that the input to the system is a map and that theweqtor to the
planning loop corresponds to a particular location havirggropoerties
door, open etc.

e Some part of the input vector to the associative networkardesthen
represents an object/location in the map: if it is a dooatmn and the
door-location is a shut-location and the non-object spepdirt of the vector
says the you-location is an in-location then there is a
you-push-the-door-location affordance.
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Assoclative Network LDEC and the Binding Problem

e Object/positions in the input space suggest themselveyassito the
planning system, via a bottom up attentional mechanism

e This general picture seems in keeping with the observanb¥Keefe and
Nadel (1978), Morriget al. (1982), O’'Keefe (1989), and McNaughton (1989),
concerning single-cell recording from rat hippocampus.

36



Perceptron Associative Network LDEC
The associative net can be regarded as a multiple-outpoepteon (Minsky
and Papert 1969, 1988b).

In the form it has presented so far, it is a perceptron in whighinitial
weights are all zero and the gain is 1.

In order to train such a device on STRIPS rules, we had totteMplicitly
which (sparse) bits were 1s and which Os.

We want the machine to work that out for itself, and asso@dteations
iIncluding things with properties likdoor, bottle andopenwith actions like
push go-throughanddrink.

The Perceptron Learning Algorithm Rosenblatt 1962, Sarh@898, and
Russell and Norvig 2003:742) will set weights on bits whaogsit value is
irrelevant to zero.

Applying this the the LDEC machine is work in progress
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How Children Learn about Objects and Actions

e Piaget (1936), summarized by Drescher 1991 identified tm&@er “stages”
In Cognitive Development, each with several distinct sa@ss.

e “Stages” should be though of as radically different “stydé¢shought,” or
types of representations.

They should not be thought of as sequential states of the'slaihtire

understanding, but as chronologically overlapping: accfor an adult!) may
have progressed to one stage in one domain, while remaihatpaer stage
In another.

In subsequent work, some of these distinctions have besmelied.
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The Sensory-Motor Stage

e The sensory motor stage is divided into seven substage®(sseher 1991),
whose details we ignore here, except to note that:

— they are characterized by types (primary, secondary, efégircular
reactions”, which we noted earlier resemble LDEC dynamiesuand

— by the last of them, Sensory-Motor stage VI at around eighteenths,
the child has attained a conception of the permanence oftshjethe
world, and is showing elementary tool use and the first ditbn between
the self and others.

¢ |n many ways this is the most illuminating and enduring cong of
Piaget’s theory.

e The main contribution of subsequent work has been to shoihbka
developmental progression that Piaget discusses unddan¢hding arises
ratherearlier than Piaget himself supposed.
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The Operational Stage

e The operational stage is divided into two substages, theparational and
concrete operational stages.

e Preoperational Thought The child’s thinking about actions and events is
characterized according to Piagetian theory by:
— An inability to take the point of view of others, and

— To understand the constancy of physical properties likgtlen/olume and
number under reversible physical manipulations.
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The Operational Stage

e Concrete Operational Thought The child’s thinking about concrete actions
and events In terms of conservation and class inclusion re irke the
adult’s:

— It reflects properties like composability, associativagd reversibility of
physical operations on entities.

— The child can reason from the point of view of another (forrepée, they
can lie successfully).

— However, this thinking is rigidly tied to specific knowledgbout the
physical world. For example, while they can arrange thrdksdoorder of
height, and therefore reason about concrete inequalibieg,still have
difficulty with abstract propositional reasoning, as witlohn is taller that
Bill; John is shorter than Harry; Who is the tallest?”.

41



The Formal Operational Stage

e Formal operational thought is according to Piatgetian theapposed to be
essentially reasoning in some kind of logic, like First QrBeedicate
Calculus (although Piaget himself originally formulatéairather abstruse

Group-Theoretic terms.).

e The assumption is that this is the character of adult reagoni
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Experimental Work on Plaget’s Theory

e The effect of several decades of experimental work on tlaern(Donaldson
1978; Wason and Johnson-Laird 1972, Stenning and van Lae2001)

has been twofold.
— Chronology: In almost every case except that of the transition from

sensory motor stage VI to the stage of concrete operatibas, t
experimental work has shown that the progression is edhaar Piaget

thought.

— The structure of the Theory. The Experimental work casts doubt on the
distinction between preoperational thought and concrpégations proper
(Donaldson) and on the distinction between concrete apaidtand
formal operational thought (Johnson-Laird, Stenning).
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What remains of Pilaget’s Theory

e Much of the substructure of the Sensory Motor stage has stpad
experimental test, although in almost every case the ssicresf abilities
emerges earlier.

e All other stages—including Formal Operations—collapde @oncrete
Operations, in the sense that even as adults, out reas@iiegl ito specifics
of the world we live in (although many of these specifics antegabstract
and intangible).

¢ In this respect we are more reminiscent of the Al planningypaons
discussed in the course than of the more standard logicakfnarks.
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The Sensory-Motor to Operational Transition

The transition between between sensory-motor thought drad we might as
well just call “Operational” thought at around eighteen riaremains a
dramatic and overwhelmingly important transition.

It cannot be coincidental that this transition is closelgdgbwed by the onset
of language.

Does language direct this process, or merely reflect it? Xp&sive nature
of the progress makes one believe it must be both.

Perhaps languag®t onlyattaches to existing concepts, but adls@cts the
childs attention to concepts it would not otherwise attain

Studies of blind and deaf children’s development have baaemely
revealing on this point.
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Plans and the Onset of Language Development

e The onset of language in infants—and the entire cognitiy@oskon into the
Piagetian operational phase—follows closely on the mgstemotor
planning involving the use of tools at the final sixth stag¢éhef Piagetian
sensory-motor phase of cognitive development.

e The onset in the child of the ability to compose motor plarghsas those
needed for composite reaching around an obstacle antsipla¢ onset of
productive language use. It is also argued by Deacon (198Bpbaamond
(1990) to depend on the mastery of response inhibition niedliiay more
frontal areas that are also implicated in language dissrder

e Damage to these more frontal areas is also characterisiomgfterm
Impaired Broca’s aphasia (Blumstein et al.)

e They are also associated with the exciting phenomenon abMNeurons
discussed above (Rizzola#t al. 2002)
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VI Plan Formation: Diamond (1990)

e The task:

to obtain the ball.
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Diamond 1990 (contd., see pp.649-654)

The box may be transparent or opaque.
The child is free to move around.
The box is open on one side: the child knows this.

The child knows the object is in the box, either because itseamit through
the box, or because it saw it put there, or because it putiétieelf by
accident.

Can the child obtain object?
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Diamond 1990 (contd., see pp.649-654)

e Until around 6.5 months, children cannot retrieve an oljleat is entirely
Inside the box.

e From 6.5 to 8 months they only succeed when they happen toigea |
position where their line of sight is through the open sidayben the
experimenter turns the box for them. (If the experimentengut back again,
the child is not helped.) Then they can do a relaxation readnoétain the
object.

e From around 7.5 to 8 months the children increasingly alstigkange their
body position, increasing their chances of the above hapgen
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Diamond 1990 (contd., see pp.649-654)

e From around 8.5 to 9 months, children begin to separate hiseggbt from
line of reach and achieve seriation of reaching. In this &tage, they
deliberately bend over to put themselves in a position wherg can see
through the open side. They then straighten up so they caonget see
along the line of reach, and do a correct two-dimensionallrea

e From 9.51to 10.5 they progress to a second stage where thegtahead to
move to a position where they can look through the openingreafoing a
2-D reach.

e At all stages, having a transparent box actually makes shvagder,
presumably because of the increased difficulty of supprgssdirect
relaxation reach. (Thus the problem is not that the childoeget that the
object is there.)
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Interim Summary

Planning involves suppressing actions as well as seri&tieg.

Planning requires a symbolic representation distinct ftbeamotor routines
that execute the plan.

Plans are hierarchical, and partly recompiled as in ExpgianeBased
Learning.

Plans are constructed by forward chainingBeacomposition of more
elementary actions.

Plans are object-oriented, viaraising of objects over their affordances.

This makes the mapping of embedded motor routines to symaaction
representations the central problem of a neuroscienceaohpig.

Hence it makes the central problem of language evolutiondawdlopment
theverh.
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