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Recap: Preshape
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Neural Evidence For Preshape
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Behavioral Evidence For Preshape

timed movement initiation paradigm

imperative stimulus

graded and continuous in time

- movement preparation is \ 4
< imposed SR interval
>

>
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move on 4th to tone

[Ghez and colleagues, 1988 to 1990%s]



Experimental Setup
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Distribution of Peak Forces

Preshape Dynamics Fit Experimental Data

Experimental results of Henig et al theoretical account for Henig et al.
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Target Probabilites are encoded as Preshapes

probability in timed movement initiation
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Inspiration: Habit Formation
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Recap: Categorical Response
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- Memory traces enable category learning



Dynamics on Different Timescales

T >7
Trace Dynamics T em e (x, t) =—U_.. (x, t) + g(u (x,t))
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Memory Trace Variations
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Memory Trace Variations
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Behavioral Evidence: Piaget's A not B Paradigm
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Toyless Variant of A not B
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[Smith,Thelen et al.: Psychological Review (1999)]




DFT Model for Anot B
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MODEL LIVE DEMO



DFT of infant perseverative reaching
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Comparison with Infant Data

first and second reaches to B
are on two subsequent A trials
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Why do older infants not make the A not B Error?

activation field

A location
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- specific input information is sustained
due to the memory instability



Why do older infants not make the A not B Error?

Motor Planning Field

young infant older infant




A not B Sandbox Variation
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A not B Sandbox Variation
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Excursion: Hebbian Learning

Aw; = Nx;y

"neurons that fire together wire together”
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Comparing Hebbian Learning and the Memory Trace

- local learning rule
- previously active states are strengthened
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- correlations are learned - learned states may be amplified
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Hebbian Learning in DFT
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Reward Based Hebbian Learning
Example: Spatial Decision Task

definite motor goal inferred reach training task
task (DMG)
definite context trial beginning end of
of training training
direct inferred
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[Klaes,Schneegans,Schoner,Gail2012]



ArChiteCtu re A context cue color spatial cue direction
Ll IO OONIS SOOOSTE

5 spatial input field
E ____________________________________________________
B
m .
context
nodes

association field

TN AW =10 80— Wil uale)

4 motor preparation field )= Jiup(z)} forr=0
---------------- /\ T N (1= fyl2n) Forr<0
I[

________________________________________

AW, x0.)= ﬂ(ﬂﬂﬂa{xd’))‘[gp(x’) - War(—\'syu’)]
S uAly) for =0

()=

N (1 —=f(uh)) forr<0

activation

v

activation

v

reach direction

[Klaes,Schneegans,Schoner,Gail2012]



activation

association field

A Wac(xayai) = ’?(")f(”a(xay))[gc([) T Wﬂf(‘xﬂy’z)]
f(uc(l)) for r>0

gc(l) = {

Ne(1=f(uc(D))) forr<0

activation

ration




ArChiteCtu re A context cue color spatial cue direction
Ll IO OONIS SOOOSTE

5 spatial input field
E ____________________________________________________
B
m .
context
nodes

association field

TN AW =10 80— Wil uale)

4 motor preparation field )= Jiup(z)} forr=0
---------------- /\ T N (1= fyl2n) Forr<0
I[

________________________________________

AW, x0.)= ﬂ(ﬂﬂﬂa{xd’))‘[gp(x’) - War(—\'syu’)]
S uAly) for =0

()=

N (1 —=f(uh)) forr<0

activation

v

activation

v

reach direction

[Klaes,Schneegans,Schoner,Gail2012]



A Wpa(zaxsy) — F7(’/') [gp(z) _ Wpa(zsxsyﬂ f(ua(xay))
motor preparation field ) S (uy(2)) for r>0
Z)y=
& N, (1—f(uy(2))) forr<0

>

motor field
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Training Results
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Association but no Generalization
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Conclusion: Memory Trace

- long term memory
- local learning rule
- preshape built from experience

- (optional) "one-shot"-learning
- (optional) capacity limit
- (optional) indirect interference



