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Basal Ganglia

Figure 43-1 The relationships of the basal
ganglia to the major companents of the mo-
tor system, The basal gangiia and the cerebel
lum may ba viewed ss key aloments 11 two
pars/iel reantrant systems that receive input
from end retum ther influences 10 the cerebral
cortax through discrete and separate porbons
of the ventroiateral tha'smus. They ¥50 influ-
ance the brain stem and, ultimately, spral
mechanisms.
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the direst route from the striatum to the output nuclei and the
indirect route through the subs nucleus. This figure
shows the possible interactions of diferent neurotransmitters
%q within the basal ganglia (Black arrows represent inhsbatory

pathways, white arows sepresent excitatory peojections )



WA BN EH>TEZONDEA Example: Navigation

— Reward field
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V' (x) = max H[r(x(0),u) +y V' (x(t +1))]
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Learn appropriate actions and sub-goals for
the observed situation.
— Database initialized with supervised data;
observes human player.
— Actions: Right bank shot, left bank shot,
etc.
Learn by adjusting the distance to the query
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point within the database. Start cursor Goal position Button push Reward

— Datais retrieved using locally weighted

learning (LWL) techniques. m
— Weights are updated using Q learning i —

techniques. "

« Agent receives feedback (reward 1est
and penalty) while playing.
time=0sec time=0.5sec  time=2.25sec time=3.2sec

Darrin C. Bentivegna (darrin@atr.jp)
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Spiral Connections between Striatum and VTA/SNc

Haber et al. (2000,2003)
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» Two agents (cart-poles) need to collaborate because
pole tips are connected by a spring

« Inference of intension of other agent is necessary
» With and without direct symbol communication




