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EMERGENT INVARIANTS OF SELF-ORGANIZING
NEURAL NETWORKS FOR PATTERN RECOGNITION AND ROBOTICS

Abstract

Described are several real-time neural network architectures that are
capable of self-organizing invariant behavioral properties in applications
to sensory pattern recognition, cognitive information processing, and
adaptive sensory-motor control. These invariants include a similarity
invariant that arises in adaptive pattern recognition and cognitive
information processing; a position invariant that arises in determining the
location of a target with respect to the head; and a synchrony invariant
that enables motor systems with multiple degrees of freedom, such as arms
and speech articulators, to generate flexible and synergetic planned
movements.




EMERGENT INVARIANTS OF SELF-ORGANIZING NEURAL NETWORKS
FOR PATTERN RECOGNITION AND ROBOTICS

Stephen Grossberg

A lecture delivered at
The 1988 First Joint Technology Workshop
on Neural Networks and Fuzzy Logic

May 2, 1988
Lyndon B. Johnson Space Center
Houston, Texas




EMERGENT INVARIANTS

A KEY PROoBLEM OF INTELLIGENT
BEHAVIOR

SELF-ORGANIZED
Dl SCc\/ER%
LEARNIN G-
ProDucT( o N
OF INVARIANT BEHAVIORA L

PROPERTIES ey A RESAL-TIME
NEURAL NETWOR K




MANY DIFFERENT TYPES

INVARIANT BEHAVIOR
SIMILARITg_ REcCO&GN I (TION
Pos\TioN TARGETING
SYNCH RONQ MULTI-JOINT

MOVEMENT




SiMviILARITY INVARIANT

ReEcoseNITION

How DoEes A NeuwrAL NETWORNK
LEARN To RECOGNIZE SIMILAR
PATTERNS AS EXYEMPLARS oF

A SINGLE c;A-ree-oag?




ADAPTIVE ResonaNce TheoRyY (13976

A R T

1. EXPLAIN AND PREDICT
BERAVIORAL AND MNesURAL OATA

PsYcwoLeoeclcaL REVIEW, |19 80
(T8

(86

STUDIES OF MIND AND BRAIN)
RE(DEL—) |9 & a.

THE ADAPTOVE BROIN, VOLS. + I
ELse.vnER/NoR‘n-\- H L—LAMD) ‘i8"‘

L MATREMATICAL. Y COMPUTATIONAN
ANALUYSES
ARCH CTWUWRE DEVELOPMENT

GAlIL CHRPENT‘E‘R) ART 4 + au




ADAPTIVE RESONANCE WEOR;!

STABLE SELF-ORGANIZATION OF
RECOGNITION cobes TForR

ARBlmARy SEQUENCES OF

ANALOG OR DIGHITAC (INPUT
PATERNS.

(GAIL CARPENTER)

P

ART 4 - DIGITAL WORLD

(cve B, JAN, (9317)

ART & - ANALOG OR DIGITAL

WORLD
(APPLIED op'nc;) NoV.) l98'7)




LHY DO WE PAY ATTenToN <

Wy Do WE LEARN EXPECTATIONS
ABOULT THE (WORLD ¢

HOW Do WE ¢coPE Bo WELL w'Thr
UNEXPECTED EVENTS ©
— WHEN WE ARE ON oOoulR owN)

WiTHouT A TEACHER ?

HOW Do WE HKNoOW WHAT
COMBINATIONS OF FACT,

ARE PREDICT(IVE :
IRRELEVANT

How Do WE QuiekLY REcosNizZE
FamiuuA®R FACTS

W\ THoOUT HAVING TO SEARCH
EVERYTHING ELSE THAT wWE KNo




MAIN \DEA

ToP-DowWN ATENTIVE FEEDRACK
ENCODES

LEARNED EXPECTATIONS
T™HAT

SELF-STABIL\ZE LEARNING-
IN RESPoONSE TO

ARBITRARY TEMPoRAL SEQUENCE
OF INPUT SPATIAL PATTERNS

IN

REAL- TIME

ATTeNTIVE /‘7& LEARNIN G
INFORMATION AND

PRoceSSING B/ HEMoRé




4 TYPEs OF ATENTIONA L
MEcHANISM

ATTENTIONAL PRIMING-

ATrenT oNAL  GAN CONTRO _

ATrENTIONAL, VIGILANCE

INTERMODA L CDHPET(T!O;J




ART

ARCH\TECTURE RESOLVES KkKE g
DESIGN TRADE-OFFS

| STABILITY- PLASTIC\TY D\L.ﬁEMMAl

HOLO Does A REAL-TIME SYsTEM
SW\TCH BETWEEN \TS STABLE
AND PLASTIC MODES W I\THouT
AN EXTERNAL  TeEACHeER_?

How c¢cAN 1T BE PLASTIC
TO IMPORTANT EVENTS

AND STABLE
T©o IRRELEVANT EVENTS

i — ;'
Too STABLE '

>

SYSTEMS THAT ARE SENS\TI\WE
To
NOVELTY
UNEXPECTED EVENTS RAP\DLY

REGRGANIZE INFORHATION PRecESSING
NOoT “ZusT” MATCHING !




ART

MULTIPLE INTERACTING
MEMORY SYSTEMS

ATTENTIONAL 4 » ORIENTING-
SUBSYSTEM SuBsysTEM
EXPECTED UNEXPECTED
EVENTS EVENTS
FAaMLIaR ONFAMILIAR

EVENTS EVENTS




ART™ A

CHITECT =
ATTENTIONAL ORIENTING
SUBSYSTEM SUBSYSTEM

GAIN |
CONTROL| DIPOLE FIELD

GAIN
CONTROL

-+

INPUT
PATTERN

NONSPECIFIC CoNTROL STRUCTURES

NEUWRAL MODULATORS
AROUSE L




SPEECH PERCE?PTION + PReducTio

Auditory Articulatory
Perception Motor
System System

Masking Field
code of item lists

(MierasL coneN

Y AV DAVID SToRK )

Temporal Order code
in working memory

4 Partially
Compressed Compressed
Iltem code Motor Code
Y * \/ (Motor Synergies)
Partially o

Compressed smitative al O EHE S,
. Associative
Auditory Code
map

! 1299999904

\/ \/ Target
Position
Command
Articulatory-
to-Auditory ‘ +

Expectation .
Difference

Vector
£ —
Invariant
Feature Present
Detectors : Position

[ Command
FA

Sensory
o Feedback

o B = ‘
S

[N




ADAPTMIVE TRESONANCE
i‘l’S‘rEM BACK-PROPAGATION

SELF-ORGANIZE

BUILDS INTERNAL
CoDES AND

EXPECTATIONS

AUTOASSOCIATORS
BoLTzMAaNN MACHINE

EXTERNAL TEACRER
SOouRCE OF

PRE-CoDED EXPECTED
ouTPUT

SELF- STABIL\ZE
WoRLD KeePS
GO ING

INTERNAL MEMORY
BUFFER

CAPACITY CATASTROPRE

CODE WASHKHES Awﬂg
WITKR Too MANg
INPUTS

SHUT OFF WORLD ‘.

WSE WFuLL CAPAC \Tg

can!'T USE FulL

MAaNTAIN PLAS'ncrn,
RETA\N PoTenTiAL

FOR NEW LEARNING
INDEFIN\TELY

TERMINATE (EARNING
Too Soow °®
Too LATE °
Fust Rient !

BUFFERED AGAINST
FREQUENT NOISE

P LOCAL

MINIFA T
No |

UNEXPECTED INPUTS |OMNISCIENT TEACRHETR
LEARN IN LE ARN IN
APPROXIMATE- MATCH M\sna'rc.a

PHASE PHASE

WASHED AWA
BY FREQUEN
No(SE

STEEPEST DESCENT




How To AVOLD

SPURIous HEMORY STATES
LocAL  MINIMA ?

USE NO\S E
EXTERNAL PARAMETERS ( T—

CRITICAL S\OoOWING DowN
NOT ReAL- T\ME '
Too D\FFUSE l

ART SOLVES ANOTRHER
TR&EDE - OFF

ADAPTIVE ( _ 3 RECOGNITION
SEARCH SPe€D

SELF- ADJUSTI\NG PARALLE (.
MEMORY SEARCH
ACTIVELY REOCRGANIZES
ENERGY LANDSCAPE
AS IT QuUickLY
TESTS HYPOTHESES
ABGevT THE WORLD




ART

SELF-ADJUSTING
MEMORY SEARCH
REMAINS EFF\CIENT
IN ARBI\TTRARY
ENVIRONRMENT AT
ARB\TRARY STAGE
OF LEARNING

SEARCH -TREE

FIXED

DIRECT ACCESS
NO SeARCH AS
RECOGN ITION
INVARIANTS
BecoME FAMILATR
SEARCH
AuToMATICALLY
DI\SENGAGES

MECHANISM

SEARCH TItMtE

INCREASES WITH

CODE COMPLEXIT
Loe (n)

TIME TAKEN TO© RECOGNIZE L’ouR

PARENTS

AGE

AT

)
L0

35

(¢
?
?




LeARN IN APPROXIMATE- MmATc H
STAGE AT END OF SeaRCH
ON EACH TRIA L

AcceSS FAMIUAR REFINE IT BASE
RECOGN ITION CODE ON NEW INFORMAT
ACCESS UNComMMITTED START A NEW
RECOGN \TION CoDE cobnE

How You MATCH

DETERMINES WHAT \/ou cAN ﬂ

STEBLY LEARN

FAST
INFORMATION '?'T:EL. LEARNING
PROCESS(NG—
(sT™M) \j (.__-.—M)
INTENT\ONP«L\TYI
(AT VS, SEARLE)
§

SFPRTIAL LOG\C




BASIC CODING STRUCTURE

COMPETI\TIVE LEPrQN;(N G=—

COMPRESSED STM CODE

Fy, ) oR REPRESENTATION 7
M ADAPTIVE
TAACES T - T=2ZS FRWTER
S
R (0] SR
T, DETECTOR S

PREPROCESSED INPUTS

S
— e

Heorem (\977¢)

Such A SvysTE™M CAN STABLY
LEARN A RECOGNITION CobdE

\F  TWE INPUT PATTERNS ARE
NoT Too NuMEROUS OR DENSE,

IN GENERAL u.NsTABLEfé ART.

)

ReceNT LEARNING- CAN WASH
= AWAY OLDER LEARNING-




LEARNEDY ToP-DowN EXPECTANCIES,
PROTOTYPES

OR JTEMPLATES, CAN STARBILIZE

LEARNING 1IN TRESPOGNSE T AN

ARBITRARY SEQUENCE oOF PATTERNS

R [EX] [
1‘ j
MATCHING AT F,

How? OF RBW AND TD
. PATTERNS STABIUZES
LEARNIN G-




A "Bl ENouGh MISHMATEH
AT  F,  QuiexlY RESETS
THE F, cCopE BEFORE NEW

LESRNING C&N Tl VY

ORIENTING SuBSYSTEM

MISHATCH TRIGGERS
ORIENTING S(GNAL

R 4]
* WHicH RESETS FH

(ALso
ENERGIZES

T MISMATCH ORIENTING-

“-’

RES PONSE )

WHEN ¢




How To ™MaATcH

Bu eND TO AT KT

RECONCILE & REQUIREMENTS

|. AVToMATIC

G ATION OF
£, L[v\/\q] RECI1STRAT]

BW INPUT P/AITERNS

2 2] > o
2 ' CAN BE SuBUMINA

\ EXPECTANCY
INTENTIONALITY

(]
' SPATIAL LOGIC

”‘ig_g\nqi—iv:\}'c:b!-ré _?) LOG"C




Howl  CAN ’F-‘l KNOW THE
DIFFERENCE BETWESN
Bu AND TD SENALS ©

EuUNDAMENTR L DISTINCTIoN
Fo

2]

ATTENT\ONFAL. ATTENTION AL
P &AIN PRIMING—
- +

CONTRO -

LEARNED
ExciTeTOR Y

—
:' v S
. ...... TS | "‘"J PECIFIC

UNLEARNED {

IN “\Bl‘rosgi
NONSPECIFIC

]




ATTENTLONAL GAIN CONTROL => MATZHING Rur

= RULE
(©) n M (b) .
TD - .
PRIME ¥ oo |
o r | exibbd
I+—I+ Bu (NWPu
I
© A, Ai 5) ;
TO - N

MATCH e r 4

Bu ].i_l’“

“spaTiaL Losic”

INTENTIONAL\TY

INTERMODAL
CoMPETITION

~ LOGIC

’\\




'§‘ RULE MATCHING-
(S NECESSARY FoR
STABLE LEARNING-
GIVEN ARBITRARY (NPUTS.

How You MATCH

DETERMINE S
WHAT You cAN STABLY LEARN




39"' RULE +

WEBER LAW RULE NON- HEBBIAN

ASSocC\ATIVE
ASSOCIATIVE DECAY LEARNING RULE
RULE LT

2
VIGILANCE Ruu’:'j RESET (STH)

D v

—

ALL RULES EMERGE
PROPERTIES OF

NETWORK INTERACTIONS

No ExTERNAL  PROGRAM
No PQREWIRED SEARECH S'r@ﬁ'resg

SHow wow “ipex oF CATEGORY.
cAN  REMAIN INVARIANT AS  Ttie
caTEeeRICAL CRITERIA ARE REFINED

- i e P

-

As *

i




NON-HEBB|AN ASS OocIATIVE (AW
X; S‘: 'Zij XJ.
e————4q ¢

ST™M S\eNAL LTim
TRACE TRACE

STEEPEST DESCENT

? l EATED LEARNING
AND ME"OR% DECA;

. = ep(xﬁ[' Z; + SL]

d =,
ar =i
'F‘(X;)

%

THEORY ¢ GROSSBERG, 1969

EXPERIMENTS ! RAUSCHECKER T SH\SG—ER)

1979
sty et aly (1783,




VIGILANCE &uLE .
MISMATCH => F"Q RESET

R (2% [ e [t};\f ‘

Fy

e

ORIENTING-
ARoOUSAL

Bu INPUT TO+BW Mlsmm‘cw

ORIENTING SUuBSYSTEM

. 3 RULE == TD CAN SUPPRESS
A PorTION OF ‘E STM PATERND

9. Fa RESET |IF
DEGREE oF MaTcH <L JO::
VisilanNce  PAcAneTERY

75/




ART 1 SEARCHKH cCcVYclLE

© RY o

ComMPET\TIVE T
LEQARNING S

(1969- 76) PR w - ®

DIRECT ACcCcESS = NO RESET
THEOREM ¢
~ DEEP FACT ¢! SYSTEM CONVERGES
TO THE NO RESET CASE
N RESPONSE T AN
ARBITRARY LIST ©F INPUTS,
(cARPENTER + CROSSBERG, CUGTP, oRN. ﬁ?'?)




VIGILANCE PARAMETER Jp

F
i
Ot RESET (NONSPEQIFIC
+ AROU.SF!L>
F, RESET OF T, wHEN

/\DGGREE OF MATTH < f

INPu‘l' VIGILANCE SIGNAL

Low V(GcLANCE-_—} COARSE CATEGORIE

HIGH VIGILANCE =» FTINE CATEGORIES

IF BeEHAVIORAL FAILORE (9.3.)
PUNISHM ENT ) =

INCREASED VIGILANCE qo*%
SYSTEM AULToMATIcALLY
LEARNS TINER CATEGORIES

62 ESKIMO NAMES FOR
BLUE sxg.




STH INVARIANCE UNDER. READ - oUT
OF MATCHED ToP-DowWN LT™M

Fo,

/ READ-OUT OF
ToP-DOWN EXPECTATIO

]

MATCHING- OF
F BU+ TD DATA

3
READ-IN OF

BotloM—-UVUP INPUT
PATERNS

\ &




/\ft&f?ig:, . 7‘ F,| ART2

ORIENTING
sSYstTemM




ART & GROVPING OF 50 INPUT
PATeERNS INTO 34 RECOGN ITION
CATEGORIES ON I LEARNING-

TRIAL -
rast¥
1 2 3 4 5 S 7 8 <
L A |
10 1 12 13 14 15 16 17 18
MA L L 17— M
- I
1S 20 21 22 23 24 25 20 27
] AU P o~ P nd T A A !
28 ‘ 29 | 30 ‘ 31 ] 32 33 34
| e él
|

THEREAFTER
STARLE CATEGORIES
DIRECT Access

NO SEARCH




[OWER VIGILANCE - 20 INSTEAD OF
T 34 CATEGORIES

N 3 4 5 © 7 8 9
A MYSILN 1Al
VN
¢ 10 1 2 13 1 5 16 17
F/_/l | s L AN Y jti‘
e AN | '\ p
] |
| —
1€ 19 2C
o] [~
AN
|
P~




VERY WOW VIGILANCE => NO SEARCH

FIRST PRESENTATION

(O) 1 2 3 4 5 6
NN p |
RAIE=A M b B A
I W~ Mia
H/\ ~_
N e A s

: ‘ !

THIRD PRESENTATION ONWARDS

6

|

(b)

A A

A
™~
A
A

R
10

i




use SIMILARITY |NVARIANT

TO CONSTRUCT FRONT-END
FOR S|IzE
RoTATION
TRANSLATION

INVARIANT RECOGNITION

LASER RADAR —¥» BOUNDARY
SEGMENTATION

—» FouRieR- MELLIN
—» ART 4o




™E 3 R

- RecoenNiTioN

REINFORCEMENT

[RECALL _
PRIMING
PATTERNS
L READ-OUT
ART 1 OUTPUT
T l PATTERNS
RECALL ,
ART 2 POSTPROCESSOR
T READ-IN
PREPROCESSOR OUTPUT
T PATTERNS
INPUT
PATTERNS
- ST T - — = — e —= e T—— ST aatap— —r— —

ASSoc|ATIVE TFAN-IN

(/NSTARS)
ASsocCc| ATIVE FAN
(O uJ'STFh'\'s)

-ouT"

RecocmiTioN

RECALL




Pos\iTION INVARIANT

TARGETING

HOW To COrMPUTE THE Pos(Tio

OF A TARGET WLIITH RESPECT
To THE BOD‘-/ ¢

cee IN A SELF-ORGANIZING
SELF-CORRECTIN G-

wA; :
(micupsl  KHUPERSTEIN
A 1986

POSTERIOR PARIETAL
CORTEX




ACTION (ROBOTICS>
POSITION [INVARIANT

——

How To COMPUTE THE
{ PosimToN OF A TARG—ET?

EYE MOVEMENTS

TARGET PoSITMON = PosSITiIoN OF THE |
LIGHT ON THE RETINA

PRESENT POSITION = POSITION OF THE
EYE IN THE neAD

TARGET POStT\oM-? PRESENT PosiTIiON

= DIFFERENCE VECTORXR
COMPUTES Houwy TFAR eye MWST

R RPN Nl
LI D0 VI <

P




MANY  CoMBINATIONS ©OF RETINAL
' PosiTioN AND EYE PosiTioN
CeENERATE

ONE PosimoN OF THE (LIGHT IN
HEAD CEooRDINARTES

LEARNING A

1. MANY-T0-ONE TRANSFORM
2.. INVARIANT MAP

TARGET
PosiToNs

ReETINAL
Po8(T1O0NS

CELF-REGULATING ARND SE(F-CORREC
(SELF- REFRIRING)



KEYy DIFFlcuLTy (DisTRIB UTED)

EAclHt R PosimoN AND E  PosiTioN
cAN GcTIVATE MANY TRRGET
PosITIONS IN H CooRDINATES

LEARGNIN C-
Wy Pk Hijc  Hge
Y 3 : '
4\ 1
e @
o Ry ® R;
° ° R, ¢ o &
E‘: Ed E‘Q
PeRFORMANCE
H;J _
%
Ry

E;

LEARNING A GLOBALLY CONSISTENT
Rure BY A DISTRIBUTED ANETWORK
INTERACTION.

P /




. k)(a'
AUTORECEPTIVE A2
LoNe TERM MEMORY
TRACES
(PRESYNAPTIC
TRANSMITER,
CoMPeTTION —
TRANSMITIER REUVPTAKE
INHIB\TS LEARNIN G
RATE )

4 l,

cAN vaRyY THE F oF K and
CoMEINRTIONS




A SPEc:lALIZ-ED ADDITNE MODEL’

FAST
_SHORT TERM MEMORY &

[ READ - CenteRED PaATreER Al
- o 2T X+ I, + 2,

C SLow
LONG TERH MEMORY

Z S(a) (0) Z s(z) (1)
EYE’ A H"A‘D

) (l)
£ZJL= [Az +BY; Ce]

AUTORECEPTOR TEI\H
d - (2)
a;?—k.. GSk [Azh,,+8x Cz]

() (2)
Ranvon INPurs: S ) S.°

— e ——————————————
VERY LARGE SINGULAR. STOCHASTIC
SYSTEM OF ODE s,
. Jo ADAPTIVELY TRANSFORM VISUAL
DATA INTO AN WV&R«ANT SELF-
. REGULATING TEASET ‘Posrnouo MAP
i HBEAD CooRDINATES .,

-~ .
x




INVARL&NT SSLE-RSGULATING LTT1 1M1

Damrvo— LEARNIN ATTER LEANRN

RANDO
INIT(AL

LTM VALUE

1000 020 040 060 080 1.00
iall camanions y

o
(s}

0 40 80

RIGHT

(a’ PoSl‘FlON ;

8,2z, 8
34 ! 3
o | o
| w
g o‘I D o
0 e 1 <
< ol : < o |
> 1 >
o o
> A = 2
= —
5 e =
o 4
;1| 1T e
81 8 + + t T T
2180 -12 2580 -120 -8¢C -4 0 80 120 160
LEFT RlGHT
M, @ It 2)
8 8.2 Wy 2,2,
2 S
o o
w ' 5'
3 8| =
< °] <
> J >
3 <
= 3 Z 3
= =
24‘ i 5
(=]
g. gl S
Tiec -120 -8 -ao « BC 120 160 g 160 -120 -8C -42 0 40 8 120 160
LEFT RIGHT ‘ LEF? RIGHT

(e) st rf\o\(@é (f)

p - .t\ P N R o)
CHLEIMNA( N O

S
'




LTM VALUE

LTM VALUE

LTM VALUE

8

0.80

0.60

0.20

,0.00

0.40

0.20

1.00

0.60

8

<

0.40

0.80

0.60

0.80

0.40

0.20

VERY INSENSITIVE TO NOlSE!

(1 (2) (1) 2)
Zin W Zp i

4

/!

160 -120 -80 -40 0 40 80 120 160
LEFT RIGHT

(a)

160 -120 -80 -40 © 40 80 120 180
LEFT RIGHT

(c)

1 Zn vzn Zy 'ZII

160 ~120 -80 -40 0 40 80 120 160
LEFT RIGHT

(e}

-

LTM VALUE

LTM VALUE

LTM VALUE

M, (@ (1) 5 (2)
8_- Z, .Z“ Zz 'Z:l
3
o
3
Qo
<
b
&
: A
8 . —_— v .
2160 -120 -80 -40 O 40 8C 120 160
LEFT RIGHT
m ) ") (2}
8,Zy ,Z; Zp 12,
o
©
o
84
o
(=]
- 4 1
o
I
o
S — :
2160 -120 -8C -0 O 40 80 120 160
LEFT RIGHT
) 2) () (2)
8,1z, ,Z, Z, I
[=]
D'<
o
3
o
<
o
S
o
8 . . . . — —
2150 -120 -80 -40 0 40 8 120 160
LEFT RIGHT
ﬁ.//




SoLuTioN

NeEuRAL DYNAM\CS OF ADAPTIVE
SENSCORY - MOTOR CONT'ROL.) 198&
( MICcHAEL KuPERs'rEuN)

l

specteuizep ADDITIVE todeL.

WHerRe DO Zou GET Goo '
TARGET POSITIONS TO LEHRN?.

g
\[sj

How TOo GET STARTED (!
INFINITE  REGRESS

VISUALLY REACTIVE
MOVEMENT SYsSTEM

VISUAL ERROR SIG-NAL.S ‘

MIS MATCH




NETWORK

NETWOR K
T

s

V ISUVAL E?ROR SIENAL
EXTERNAL TEACHER
MISMATCH

>

r

TARGET Pos\TioNS
INTE RNAL “TEACHEF
MATCH

Po \ oN
R QNT'




TO OVERCOME INFINITE REGRESS °

‘ . . . _ ov : T - A —_ 1 [}
FUNCTION ANATOMY

I. VISWALLY REACTIVE (SuUPERIOR CotrL\c

MOVEMENTS ceEREBELLVM,VIS
& CORTEX, 1)

2. ATTENTIONALLY (PARIETAL CORTE
MODULATED v )
MoOvVEMENTS TARGET POSITIONS

v

3. PLANNED (NTENTIONAL (FRONTAL
MOVEMENT SEQUENCES CORTEX,..
WHICH DERIVE THEIR
AccuRACY FROM 0,

Butr c¢AN IGNORE
ViSioN 's MomenNTAR
DEMANDS .

===

MANY FuNcTieNALL CHARACTE RIZED
ARCHITECTUR

N many  SPECLALIZED BRAN
ReGloNS



SYNCHRONy INVARIANT

MULTI-JOINT MovemMmeENT

( ARM,
SPEECH ARTICULATORS,..,)

HOW ARE M™MOVEMENT RATES
Cc¥ MUSCLES ADJTUSTED

IN PARALLEL So DIFFERENT
AMOUNTS OF CONTRACTION
0ccurR (N EQUAL TIMET®?

(DANIEL BULLOCIK.)




PLANNED VS, AUTOMATIC CONTRO

HuANS

PLAN

TARGET PosITioN

WHERE WE WANT To MovEeE
2. SPEED

How FAST To Move

AUTOMATIC ‘

3. PReESENT POS\TION

4. UNEXPECTED LOADS
AND INERTLAS

5, CHANGES IN MOTOR
PLANT




VECTOR

I NTEGRATION
To
ENDPOINT
MoDEL

(paNiEL  BU L_L.OCK>




\\’E‘é QUESTION ¢

How DO WE LEARN How To
ReAacCH L\ TH AN ARM

AN OBJUECT TwWAT WE

SEE WTH OuR EYES?®

WHAT INFORMATION \S
AVAILAGSLE IN TReEAL-TIME
ON wyicH To BASE THT
LE ARNING PRocess ¢

PIAGET!




LEARNED ASSecIATIVE ™MAP |
BETWEEN TARSET PosSITION CoDES

T P -
EYE-HEAD ‘ﬁHAND -ArcM
TPC ) TPC
CIRcuLAR ReaAacTION
(PIAGET)

How DoES HaAaND-ARM TPC

GeNERATE A SYNCHRONOWUS
TRAJ’ECTORV

———

NEED AUToHAT\C  COMPENSATION
FOR

PReseNT POSITION (P PC>




EYE—HEAD HAND—ARM
TPC TP

LEARNING +
GATE

DIFFERENCE

DV
VECTOIR

TPC

12

PPC
PPC
bv = O

INSERHODP, _ Ma?P
LEARNING-

INTRAMODAL
TRAJECTOR
FORMATILIO

Figure 14




VITE MODE L

| TARGET PosiTioN
{\ TPC | e
l+
| DiIFFERENCE
DV VECTOR

L PPC ] PRESENT POSIMON

CoODE

4+ ourFLow
MOVEMENT
* comMAND

DV IS ADDED To PPC OUNTIL
PPC = TPC anp DV =0.

PPC NOT inFLow $

1O/




How IS SPEED CONTROLLED ©

NONSPECIFIC, MULT PLICATIVVE
G-o SIGNA\_

e GO [
& e
-Plov,_ DV, &




Go mecuanisMm  (VIiTE)

\S FUNCTIONALL wHomoLocouws
TO

AMTENTIONAL GAIN ConTROL (ART)

IS FUNCTIONALL HoMmoLoGousS
TO |
AROUusSAL. SowulkcE (AVAUQNCHE}
| B e
- PRINCIPLE

A GENERAL DESIGN

N OF PATTERN
+

ENERG'g

FACTOR\ZATIO

/5_'_::




AGONIST |JANTAGONIST | DV STAGE

GO

AGONIST ANTAGONIST | PPC STAG

Figure 16 ‘

’/ c/







'DIGITAL SWiTcH OF TPc
SMOooTH SYNcHRoNOUS T‘RAJECTO'Ré

11.8

D

V
7.7

23

0.0

0.00 0.30 0.60 0.89 1.19 1.49 0.00 0.30 0.60 0.89 1.19 1.49

TIME TIME

o m
(e¥] "
w -
- "
-
= U R
al .
- AT
m @)
0
(o
(2}
D ©
H
(o]
o g T T T al o T T T T )
0.00 0.30 0.60 0.89 1.19 1.49 0.00 0.30 0.60 0.89 1.19 1.49

TIME TIME




69

dP /dt

61 210813

0.00

€9

35

42

28

14

0.24

0.48 0.71

TIME

T

0.95

1.19

0.00

0.24

0.48 0.71

TIME

0.95

dP /dt

0.00 0.24 0.48 0.71 0.85 1.19
10}
O 5
o~
Yo}
0 4
<
o~ A
L2}
o
* ]
T T T T T |
0.00 0.24 0.48 0.71 0.95 1.19

TIME



SYNCHRONQ AND DWRATION
INVARIANCE

GIveEN
FGV=a(-V+T-9)

a‘%_? = G-Ct)ma/;((v) O>)

WITH V(O)-':O.
swired T From T=Tg TO

T=T\>To AT T=o0.

PROVE ¢

P®=P(o)+ (T,-T,) 3_(4:)
WHERE 3_({:) IS INDEPENDENT
OF T, AND T, .,




EXPLAINS LARGE PARAMETRIC

P DATA BASE

VELOC | PROFILES FRroMm MoOVEMENTS
OF SIMILAR DURATION BT
UNEQUAL DISTANCE SUPERIMPOSE
AFTER VELOC!T‘—‘ AXIS RESCALING-

FREUND AND BUDINGEN r
ATKESON AND HOLLERBACH

V(©)

b <]

VELOC T PROFILE ASYMHMETR
VARIES W ITH DURAGTION

FAST Stow
BEGGS ARD HOWARTH
zeLAazNIK et af

(eviDENCE AGAINST Hosen's
MINIMUM JERIK MODEL




PRESENT PosimoN comMmrANDS
ARE GRADUALLY UPDATED

Birzzl et al

(EVIDENCE AGAINST “SPRING-TO- ENDPOIN
MobELS)

LOGAR |THMIC SPEED- ACCURALY
TReDeoFF (RIS’ LAW)

MT = 4+ ,@-,eog;,_ (%,9

MT = MoOVEMENT TIME

D = DisTANCE MoveD

W = TARGET (WIDTH




et ERSCEREL VECTOR cCELL
N PREFRONTAL CoRTE X

L T T T T T T O A O AR A | Illlllllm L RLLR L LI I O T I T I A |
LI T T T I A O} Illlll (I h . RIS I I B |
Frr e b rrvrerrreinnmernt Illll- L T L RN RN NN NIRRT
llllllllllllllllllllIIIIIIIIII R B I T T A O A

LI T T T A O I A | lllllllll ‘lllll“lllllllllllIllllllll LI I T I
it terrrrron lllllllllllllll URIEE  I0 IR BRI LI T N T O T A O N |

I
-500 MSEC o 00
A

PCR217 .S03 ;. M

(6EorRsoPouLes &b ol EVARTS AND mmr.r}
DV NoDE IN VITE MODEL

[g] ~
c -
- } -
v = -
< )
> O
=~ ~
=
o )
”
b = - : - ° - - . .
00.00 0.30 0.50 0.3 1.19 1.42 0.c0 0.30 0.50 0.83 1.19 1.43
F -
TIME TIME
S ﬁl
e .
-
il T R
ol ™~
o O .l
©
- < 4
) : o —
0.00 0.30 0.53 0.83 1.1¢ 1.4 e.20 c o] .83 1.19 1.49
Y - A
‘ ” [ v




AN ADAPTIVE EMERGENT PROPER

SWITCHED .
TARGET — INITVA -
¥ ranset
309_..._.,/
+ +

SEAMLESS "T'Rea'sc.'roﬂé CORREBCTION AND
] -
“ANonﬁc.ous MU LTIPLCATION OF PEAK LELOCITU

¢
(GEoRGoPouLos et al)

LocaL VvicLATION oF RATTS’ LAWT

29
N

AN

8
N\

0.00 0.1C 0.22 0.22 0.z2 Q.43

°c + - - Y .
TIMT 000 010 020 022 032  0.49
[ WAL
HVEES TIME
oo : 235 2.3
\\ ~ ’
: 5-
o= T g
o ~ !
o o ol
© |
o |
~ v
o - . . ~ ,
oco o0 o':_;lb Aizg e 042 020 030 020 029 029 043
LS TIME




EQUIFINALL |
QAULTOM ATIC CoMPENSATION FOR STAGGERED
ONSET TIMES
1 SYNERGIST BEGINS CONTRACTION

T SYNERGIST ENDS CONTRACTION

FAU LT ToLERANT

o

¥3

e

Yo
41000~ 4 o9
< NSNS o
S Y VY RS
24 o Jul o
- A oy
= 500=- O
= ™ I
Z -L Rl

L's |L8 |18 [Lg
m - R uad
= o® o o o
E  0O- 2 19 L. L

o) o o) o)

-
-
-
-
—
H
H

K




PREsSeNT PosiTmioN

PasSIVE VS. AcTvE MovEMES

C GRAVI

exTeRNYAL FORCES

OUTELOW Vs, [INFLOW

ADAPTIVE COORDINATE CHANGE




Passiwe
UJPDATE OF
Pos \moN

CItRCL(T

PASSIVE

| MOVEMENT
UPDATE

SIGNAL

+| INFLOW
SIGNAL

ADAPTIVE VECTOR ENCODER
’ ADAPTIVE CCoGDINATE CHeNGS




VITE + PuP

VECTOR,
V= d(-V+T-R)

L

PPC
% PL = G[V£]++ GP [MLJ+

OUTFLOW=- INFLOW MATTH
d
&}ML:‘(QML +5, T -2 R

ADH'PTNE' ceN conTrRoL (L™

—-Z ‘QG(ea -l-[M])

///é\




A MULTI - ARCHITECTURA U

ADAPTIVE

SYSTEM
MULT\PLE MULTIPLE
LEARNING D cIRCUNTS
ProaLEMS




SUMHHR'é

ENERGENT
INVARIANT BEHAVIOR
Slrﬂl—ﬁl?l?g RECOG-NITION
PositrioN i TARGETIN G-
SYNcHRONY MOLTI- JOINT

MovernrenNT

SPECiALIZED 7~ A SpeciALIZED

INFORMATION) LEARNIN G-

PRoceSS/IN G '\/ LAWS
REAL-TIME
NONLINEAR
FEEDBACK

ALL EXARMPLES ©F A Few

CENERAL = EQUATIONS ITH

SPEcIALIZED PARAMETER
CHoICES

// ol U.S. GOVERNMENT PRINTING OFFICE 1988 561-009





