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Abstract

Action selection, the problem of choosing what to do nextgistral to any autonomous
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agent architecture. We use here a multidisciplinary apgr@d the convergence of neuro-
science, dynamical systems theory and autonomous ropoticsder to propose an effi-
cient action selection mechanism based on a new model ofatbe ganglia. We first de-
scribe new developments of contraction theory regardingllp projected dynamical sys-
tems. We exploit these results to design a stable compuaghtinodel of the cortico-baso-
thalamo-cortical loops. Based on recent anatomical daan@ude usually neglected neu-
ral projections, which participate in performing accura¢dection. Finally, the efficiency
of this model as an autonomous robot action selection mésinans assessed in a standard

survival task. The model exhibits valuable dithering aaoice and energy-saving proper-
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ties, when compared with a simple if-then-else decisioe.rul
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1 Introduction

Action selection is the problem of motor resource allogata autonomous agent
is faced with, when attempting to achieve its long-term otoyes. These may vary
from survival and reproduction to delivering letters toe@shers’ offices, depend-
ing on the nature of the considered agent (animal, robaj). &ction selection is
a topic of interest in various disciplines, including ettgy, artificial intelligence,
psychology, neuroscience, autonomous robotics, etc. Weeas here the ques-
tion of action selection for an autonomous robot, using amaational model of
brain regions involved in action selection, namely theicorbaso-thalamo-cortical
loops. In order to avoid unwanted dynamical behaviors tegufrom a highly
recurrent network, we use contraction analysis (Lohmgled Slotine, 1998) to
obtain a rigorous proof of its stability. The efficiency ofdlaction selection mech-
anism (ASM) is assessed using a standard minimal survisklitea robotic simu-

lation.
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[Fig. 1 about here.]

The basal ganglia are a set of interconnected subcorticidimmommon to all verte-
brates and involved in numerous processes, from motoritumgcto cognitive ones
(Mink, 1996; Middleton and Strick, 1994). Their role is irpeeted as a generic se-
lection circuit, and they have been proposed to form thealewubstrate of action
selection (Mink, 1996; Krotopov and Etlinger, 1999; Redgrat al., 1999). The
basal ganglia are included in cortico-baso-thalamo-calrtoops (Fig. B.1), five
main loops have been identified in primates (Alexander ¢18B6, 1990; Kimura
and Graybiel, 1995): one motor, one oculomotor, two praftband one limbic
loop. Within each of these loops, the basal ganglia cirgu#trorganized in inter-
acting channels, among which selection occurs. Dependhinigeoloop considered,
this selection may concern, for example, the target of ammyirtg saccadic move-
ment, the target of reaching movement or the piece of infdondo be stored in
working memory. The output nuclei of the basal ganglia arehittory and toni-
cally active, and thus maintain their targets under susthinhibition. Selection
occursvia disinhibition (Chevalier and Deniau, 1990): the removathad inhibi-
tion exerted by one channel on its specific target circuivedithe activation of that
circuit. When considering action selection, the basal gargpannels are thought
to be associated to competing action primitives. Given @agnand motivational
inputs, the basal ganglia are thus supposed to arbitrate@these actions and to

allow the activation of the winner by disinhibiting the cesponding motor circuits.

The considered network contains a large number of closeas|doom the large
cortico-baso-thalamo-cortical loop, to loops formed bg thterconnections be-
tween nuclei within the basal ganglia and between the thadaamd the cortex.
A system with such a structure may exhibit varied dynamieddaviors, some of

which should be avoided by an ASM, like reaching a standstalie which doesn’t
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depend anymore on the external input. This motivates thefisstheoretical frame-
work to study the dynamics of basal ganglia models. We p@pmsase contraction
analysis (Lohmiller and Slotine, 1998) in order to guidediesign of a new model
of the basal ganglia whose stability can be formally esstieldd. Contraction anal-
ysis is a theoretical tool used to study the dynamic behafiaon-linear systems.
Contraction properties are preserved through a numberrt€plar combinations,

which is useful for a modular design of models.

Numerous computational models of the BG have been proposediéer to inves-
tigate the details of the operation of the basal gangliantibition process (Gillies
and Arbruthnott, 2000; Gurney et al., 2004b, for recentewsg). Among these,
the model proposed by Gurney, Prescott and Redgrave (220Q&b) (henceforth
the GPR model) has been successfully tested as an actianiaelenechanism
for autonomous agents (Montes-Gonzalez et al., 2000; @&etal., 2003, 2005a;
Prescott et al., 2006). In particular, it was shown to be &bkolve a minimal sur-
vival task, and, compared with a simpler winner-takes-alchanism, displayed

dithering avoidance and energy-saving capabilities.

We present here an action selection mechanism based onraatorg computa-
tional model of the basal ganglia (or CBG). In order to adhptdontraction theory
to the analysis of rate-coding artificial neural networks,fst extend it to locally
projected dynamical systems (section 2). Using the regulieuron model and
contraction constraints on the model’s parameters, wel lasbmputational model
of the basal ganglia including usually neglected neurahegtions (section 3). We
then check the selection properties of the disembodied haodiecompare them to
those of the GPR, so as to emphasize the consequences otasingction analy-
sis (section 4). We finally test its efficiency in a survivakaimilar to the one used

to evaluate the GPR (Girard et al., 2003), and emphasizetiterthg avoidance
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and energy-saving properties by comparing it to a simplkefi-else decision rule

(section 5).

Preliminary versions of the basal ganglia computationatiehavere presented in

(Girard et al., 2005b, 2006).

2 Nonlinear contraction analysis for rate coding neural newvorks

Basically, a nonlinear time-varying dynamic system isexontractingif initial
conditions or temporary disturbances are forgotten expioally fast, that is, if
any perturbed trajectory returns to its nominal behavidhvan exponential con-
vergence rate. Contraction is an extension of the well-knstability analysis for
linear systems. It has the desirable feature of being predethrough hierarchi-
cal and particular feedback combinations. Thus, as we edllzelow, contraction
analysis is an appropriate tool to study stability progsriof rate coding neural

networks.

In addition, when a system is contracting, it is sufficierfirid a particular bounded
trajectory to be sure that the system will eventually tendhie trajectory. Thus
contraction theory is a convenient way to analyze the dyodmlnavior of a system

without linearized approximations.

2.1 Contraction theory

We summarize the differential formulation of contractiomalysis presented in
(Lohmiller and Slotine, 1998). Contraction analysis is aywa prove the expo-

nential stability of a nonlinear system by studying the gmies of its Jacobian.
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Consider ar-dimensional time-varying system of the form:

(1) = £(x(t), 1) (1)

wherex € R" andt € R, andf is an x 1 non-linear vector function which is
assumed in the rest of this paper to be real and smooth, irtise$hat all required
derivatives exist and are continuous. This equation may ragresent the closed-
loop dynamic of a neural network model of a brain structure.rfdtall below the
main result of contraction analysis (see Lohmiller and i8&t1998, for a proof

and more details).

Theorem 1 Consider the continuous-time system (1). If there existaitbumly

positive definite metric

M(x,t) = O(x, )" O(x, )

such that the generalized Jacobian

F=(0+0])e!

is uniformly negative definite, then all system trajectemenverge exponentially
to a single trajectory with convergence rdfe, .|, where\,,. is the largest eigen-

value of the symmetric part @f.

Recall that a matriA (x, t) is uniformly positive definite if there exist$ > 0 such

that

VX, t Amin(A(t)) > 06
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2.2 Neural networks and locally projected dynamical system

Networks of leaky integrators are widely used to model thieaber of neuronal
assemblies (Dayan and Abbott, 2001). A leaky integratowosk is usually de-
scribed by the following set of equations
& = —xi(t) + ZKjixj(t) + 1(t)

J#i
wherez(t) is the synaptic current of a neuronjts time constantfs’;; the synaptic
projection weight from neurori to neuroni and /(¢) the input coming from an
external source. Next;(t) is converted into a non-negative firing ratg) using a

transfer function, for instance

Another way to enforce nonnegativity of the firing rate carablkieved througho-
cally projected dynamical systeriBDS in short). These systems were introduced
in (Dupuis and Nagurney, 1993) and further analyzed in (dhamnd Nagurney,
1995). Related ideas can be found in the standard paranrejeciion method in
adaptive control (Slotine and Coetsee, 1986; loannou amg B96). A IPDS is
given by

x = I (x, f(x,1)) (2)

where 2 is a convex subset of the state space &hglis the vector-projection

operator orf2 given by

. Polx+hv) —x
Hlofxv) = Jiy PO

In the above equatio? denotes the point-projection operator on the corflex
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defined as

Pg(x) = argmincq|x — y||

Intuitively, if x is in the interior ofQ2 thenIlq(x, v) = v. If x is on the boundary of
Q, thenIlg(x, v) is the maximal component of that allows the system to remain
within €. In particular, it is easy to see that any trajectory stgrim(2 remains in

Q.

Note that equation (2) does not define a classical ordindfgrential equation
since its right-hand side can be discontinuous due to thegron operator. How-
ever, under some conditions 6andS2 (similar to the Cauchy-Lipschitz conditions
for classical ordinary differential equations, see (Dgpand Nagurney, 1993) and
(Filippov, 1963) for more details), existence, uniquerasssome qualitative prop-
erties can be established for the solutions of (2). For oypgee, we recall here that
any solutionx of (2) is continuous and right-differentiable for allin the rest of
this article, we make the additional assumption that theokgme instants when

x(t) is not differentiable has measure zero.

Within the above framework, the dynamics of a neural netvaark now be given
in matrix form as

x = Iy, (x, Wx + 1(t)) 3)
wherex(t) = (z1(t),...,z,(t))T is the states of the neurod] is then x n matrix
whose diagonal elements represent the leaking rate of them&and whose non-
diagonal elements represent the synaptic projection welgt) is the vector of

external inputs. Finallyi,, is aregular n-cubedefined as follows
Definition 1 Aregularn-cubeH, is a subset oR™ defined by

Hn:{(ﬂfl,...,l’n)eRnIVi, mZSxZSMZ}
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wheremy,...,m,, M;,..., M, € R.
Intuitively, a regulam-cube is ar-cube whose edges are parallel to the axes.

In practice, networks of leaky integrators described by3P&% above and their
classical counterparts with transfer functions show venylar behavior. However,
the stability properties of IPDS networks can be rigoroestablished through con-
traction theory (see next section), which makes them isterg from a theoretical

viewpoint.

2.3 Contraction analysis of locally projected dynamicasteyn on regulam-

cubes

Contraction analysis for systems subject to convex coinssréias already been
discussed in Lohmiller and Slotine (2000). However, in thatk, the projection
applied to constrain the system in the convex region dependke metric which
makes the original system contracting. Thus, we cannotaxpeuse this result

here as our projection operator must not depend on the neeirabrk

Since the contraction condition is local, a IPDS can onlycr&macting if the orig-
inal, un-projected, system is contracting witléd The converse implication is not
true in general, because the projection operator can despdyfy the system’s be-
havior along the boundary é2. We now introduce a few definitions in order to be

able to state this converse implication in some particlLdses.

Definition 2 Letx € 62 wherej(2 denotes the boundary 6f. The set ofinward

normalsto 2 at x is defined as
No(x) = {n|n’(x —y) <0,vy € Q}

10
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If x € Q — 5 then we sefNg(x) = {0}.

Definition 3 A metricM is said to becompatiblewith a convex sef? if there exists

a coordinate transforn® such tha®”® = M and

Vx € 002,Vn € Nq(x) On € Non(Ox)

In this case, we say th& is a square-root oM which iscompatiblewith €2.

We can give a simple sufficient condition for a metric to be patible with a

regularn-cube.

Proposition 1 Any diagonal positive definite metiM is compatible with any reg-

ular n-cubeH,,.

Proof Letx = (z1,...,2,)" € dH,. Aninward normahn = (ny,...,n,)? toH,

atx is characterized by

SinceM is diagonal and positive definite, one &k = diag(d3,. .., d%) with
d; > 0. Consider the coordinate transfofn= diag(d, ..., d,). Clearly,07© =
M and®H,, is a regularn-cube with minimal valueg,m, . . ., d,,m, and maximal
valuesd, M, ...,d,M,. It follows from the characterization above th@n =

(dini,...,dn,)" € Nom, (0x)

We also need another elementary result.

11
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Lemmal Letx € 2 andv € R™. There existsi(x,v) € Nq(x) such that
Io(x,v) =v+n(x,v)

Proof Lety € €. We need to show that, = (TIg(x,v) — v)T(x —y) < 0. By

definition of I, one has

. 1
Ay = lim = (Po(x+hv) = (x+ hv)) (x — )

Next, introduce the termBg (x + hv) andhv into (x — y)

Ay = limy, o+ %[ (Pa(x+ hv) — (x+ hv)) T (Pa(x + hv) —y)+
(Pa(x+ hv) — (x+ hv)) T (x + hv — Po(x + hv))+
(Pa(x+ hv) — (x+ hv)) T (=hv)]

The firstterm in the above equation is non-positive by priypaithe point-projection
operator. The second term is the negative of a distance asdghlso non-positive.

As for the third term, observe that

hliIgl+(PQ(X +hv) — (x+ hv))Tv = (Po(x) —x)'v=0
sincex € (.

We can now state the following theorem

Theorem 2 Letx = f(x,t) be a dynamical system which is contracting in a con-
stant metridvl compatible with a convex s&. Then the IPD& = TIq(x, f(x,t))

is also contracting in the same metric and with the same eativn rate.
Proof Let ® be a square-root d¥I compatible with2. Considerz = ©x. By

12
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lemma 1, the systemis described by
z = Ollg(x,f(x)) = F(z) + On(x, f(x)) 4)
whereF(z) = Of (O~ 'z).

Consider two particular trajectories of (4) andz,. Denote byA the squared

distance between, andz,

A(t) = |lz1(t) — z2()[|* = (z1(t) — 22(t))" (21 (t) — 2a(t))

WhenA is differentiable, we have

= 2(z1 — 22)" (F(z1) + On(x, f(x1)) — (F(22) + On(xy, f(x3))))

Since the metric is compatible wit?, On(x;,f(x;)) € Nea(z;) fori = 1,2.
Next, by definition of inward normals, we haye, — z,)" ©n(x;, f(x;)) < 0 and

—(z1 — 22)7On(xy, f(x2)) < 0, from which we deduce

< “2)A(D)

where)\ > 0 is the contraction rate dfin the metricM.

Since the set of time instants whéit) is not differentiable has measure zero (see

section 2.2), one has

t d t
vt >0, At) :/ (At < —2>\/ A(s)ds
0 0

which yields by Gronwall’'s lemma

vt >0, A(t) < A(0)e™ M

13
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¥t >0, ||21(t) — z2(t)] < [|1Z1(0) — 22(0) ]|

2.4 Combination of contracting systems

One of our motivations for using contraction theory is thamtcaction properties
are preserved under suitable combinations (Lohmiller dotire, 1998). This al-
lows both stable aggregation of contracting systems, amdti@ or optimiza-
tion of individual subsystems while preserving overall dtianality (Slotine and
Lohmiller, 2001). We present here three standard comlminaif contracting sys-
tems which preserve both contraction of the system and daljp of the metric.
Then, constructing our neural network as a IPDS using ordgélthree combina-

tions will give rise to a contracting system in a diagonalmaet

2.4.1 Negative feedback combination

Consider two coupled systems

x; = ) (x1,x%2,1)
Xy = fo(x1, X, 1)

Assume that system(i = 1,2) is contracting with respect tv; = ©7'©,, with
rate \;. Assume furthermore that the two systems are connectecpgtive feed-
back (Tabareau and Slotine, 2006). More precisely, the Jacabiatnices of the

couplings verify

0,J,0;' = —£k©,J, 0"

14
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with k& a positive constant. Hence, the Jacobian matrix of the tmerd global
system is given by
J, —k©7'0,1),0.'0,
J pu—
']21 JZ

Consider the coordinate transform

0 VkO,
associated to the metrdd = ©7© > 0. After some calculations, one has

0,J,0;! 0
(@J@—l) _ ( 1J1 1 )S

0 (®2J2®;1)s
<max(—A;, —Ag)I )

The augmented system is thus contracting with respect tm#tec M, with rate

min()\l, )\2)

2.4.2 Hierarchical combination

We first recall a standard result in matrix analysis (Horn dolnson, 1985). Let

A be symmetric matrix in the form

A, AL

A21 A2

15
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Assume thatA; and A, are definite positive. TheA is definite positive if
02(A21) < )\min<A1))\min(A2)

whereo(A,;) denotes the largest singular valuef;. In this case, the smallest

eigenvalue ofA satisfies

)\min(A) Z )\min(Al) ;— )\min<A2) . \l <)\min<A1> ; )\min(A2>> —+ 02(A21)

Consider now the same set-up as in section 2.4.1, exceghthabnnection is now

hierarchical and upper-bounded. More precisely, the Jacobians of thpliogs
verify

J12 = 0, 0'2(@2.]21@1_1) S K

Hence, the Jacobian matrix of the augmented system is given b

J, 0
J =
J21 J2
Consider the coordinate transform
®, 0
O, =
0 6@2

associated to the metidd, = ©7©, > 0. After some calculations, one has

(©:13:67) 16(©:3:07")"

1
(e307) = i

s

%6@2-]21@1_1 (®2J2®2_1)s

16
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Set nowe = /2422, The augmented system is then contracting with respeceto th

metric M., with rate\ verifying

(A1 + A2 — AT+ A3)

A=

N —

2.4.3 Small gains

In this section, we require no specific assumption on the fafrthe couplings

Jl J12
J=

J21 J2

As for negative feedback, consider the coordinate transfor

®, 0
@k: k>0

0 VkO,

associated to the metrdd, = ©7©, > 0. After some calculations, one has

©,],0;" AT
(@k.]@gl) _ ( 1919 )S k

s

A, (@szegl)s

whereA, = 1 <\/E®2J21®1‘1 + # (®1J12®2‘1)T). Following the result stated

at the beginning of section 2.4.2, if
mkin o?(Ar) < Mo

17
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then the augmented system is contracting with respect tm#tdgc M, for some

k, with rate\ verifying

2
A A+ Ao _$<)\1—)\2> —i—mkiIle(Ak)

2 2

3 Model description

Rather than using standard leaky-integrator rate-codexgans, we use the very
similar local projected dynamical system model defined hya¢ign 3, where each
component of the state vectriis an artificial rate-coding neuron representing the
discharge rate of populations of real neurons. Each comp&G channel in each
nucleus is represented by one such neuron, and the cordéegdhalamic nucleus
and cortical areas are also subdivided in identical chan(éd). B.2). The conver-
gence of cortical sensory inputs on the striatum channelsasded, for simplicity,
by a vector of saliences (one salience per channel). Ea@nsalrepresents the
propensity of its corresponding channel to be selectedh Babavior in competi-
tion is associated to a specific channel and can be execuded ibnly if its level
of inhibition decreases below a the inhibition level at rgsf? (ie. the SNr/GPi

output when the salience vector is null).
[Fig. 2 about here.]

The main difference of our architecture with the recent GRP&psal (Gurney

et al., 2001a) is the nuclei targeted by the external pati@gtobus pallidus (GPe)
and the nature of these projections. In our model, the GHegisato the subthala-
mic nucleus (STN), the internal part of the globus pallida®i) and the substantia
nigra pars reticulata (SNr), as well as to the striatum, asud@nted in (Staines

et al., 1981; Bevan et al., 1998; Kita et al., 1999). Moreptler striatal terminals

18
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target the dendritic trees, while pallidal, nigral and sadmic terminals form per-
ineuronal nets around the soma of the targeted neurons €é8atio, 2000). This
specific organization allows GPe neurons to influence lagtges neurons in GPi,
SNr and STN (Parent et al., 2000), thus the sum of the actvigll GPe channels
influences the activity of STN and GPi/SNr neurons (equaficand 11), while

there is a simple channel-to-channel projection to thatstm (equation 6 and 7).

The striatum is one of the two input nuclei of the BG. It is ntgicomposed of
GABAergic (inhibitory) medium spiny neurons (MSN). As inetlcPR model, we
distinguish among them, those with D1 and D2 dopamine recgpind modulate
the input generated in the dendritic tree by the dopaminel levwhich here en-

compasses salience, frontal cortex feedback and GPe poojec

Using the formulation of equation 3, thi#h neuron { € [1, N], with V the number

of channels) of the D1 and D2 sub parts of the striatum are etfs follows

(Wx +L(t)p1, = L ((1+7) (wReal® — w2, 87 + wl'S;(t))
(6)
—wblzylS + ]Dl)
(Wx +1(t))pg, = £ (1= 7)(wP2al — w22, a8 + w?S(1)) o
7

—UJI?EZEFS + IDQ)
whereS(t) is the salience input vector, and where the negative conistant /5,
and Ip,, which keep the neurons silent when the inputs are not stemagigh,

model the up-state/down-state property of the MSNSs.

The striatum also contains a small proportion of phenoslpidiverse interneu-
rons (Tepper and Bolam, 2004). We include here the fastrapi@ABAergic in-

terneurons (FS), that we model roughly as single populatianting feedforward

19
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inhibition on the MSN (Tepper et al., 2004), and modulated3e feedback (Be-
van et al., 1998)

(Wx+1(t)ps = 7 N, (wisef© — wigaf™ +wiss;)  ©)
The sub-thalamic nucleus (STN) is the second input of thallenglia and also
receives diffuse projections from the GPe, as explainedabits glutamatergic

neurons have an excitatory effect and project to the GPe ahdThe resulting

input of the STN neuron is given by

(Wx +1(t))sTn, =

STN ,.F'C STN \~ N GP 9
Torn (ch Ty~ — Wep, Zj:l Z; e+]STN) ©)

where the constant positive inpl;y models the tonic activity of the STN.

The GPe is an inhibitory nucleus, it receives channel-tanclel afferents from the

whole striatum (Wu et al., 2000), and a diffuse excitatiamirthe STN

_ 1 GPe,.D1 GPe,.D2 GPe N STN
(WX_'_I(t))GPei == (—U}D1 T — tzfaj + Wery Zj:l SL’j "‘[GPe)

(10)

where the constant positive inpl# . models the tonic activity of the GPe.

The GPi and SNr are the inhibitory output nuclei of the BG, ahihkeep their tar-
gets under inhibition unless a channel is selected. Theechannel-to-channel

projections from the D1 striatum and diffuse projectiomsrirthe STN and the GPe

(Wx +1(t)api, = £ (—wglaPt + wiky, o, 25TV

(11)

GPi N GP
—Wepe Zj:1 x; “+ -[G'Pi)

where the constant positive inplg; models the tonic activity of the GPi/SNr.

20
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Finally, the thalamus (TH) forms an excitatory loop with finental cortex (FC),
these two modules representing different thalamus nudeicartical areas, de-
pending on the cortico-baso-thalamo-cortical loop cogrgd. The thalamus is more-
over under a global regulatory inhibition of the thalamitaglar nucleus (TRN,
represented by a single population of neurons) and a chapeelfic selective in-

hibition from the basal ganglia

(Wx +1(t))rn, = i (wﬁﬁxfo _ ot g TRN wgﬁixGPi) (12)
(Wx +1(t)) pe, = i (wgcsi + w?ﬁx?H) (13)
(Wx + 1(0)rry = o= (Siwpfal© +wipal ™) (14)

This model keeps the basic off-center on-surround selgétiructure, duplicated
in the D1-STN-GPi/SNr and D2-STN-GPe sub-circuits, of teRsHowever, the
channel specific feedback from the GPe to the Striatum ha®ening the selec-
tion by favoring the channel with the highest salience in Bd B2. Moreover, the
global GPe inhibition on the GPi/SNr synergetically intdsawith the STN excita-
tion in order to limit the amplitude of variation of the inftilon of the unselected
channels. The inhibitory projections of the BG onto thedhab-cortical excitatory
loop limits the amplification of the unselected channels g favors a selective
amplification of the winning channels. In such an architextthe frontal cortex
preserves the information from all channels but amplifiéscsizely the winning

channel, in sort of attention “spotlight” process, while 8ubcortical target circuits
of the BG are under very selective inhibition, ensuring thator commands do not

interfere.
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4 Disembodied model results

We first analyze the contraction of contracting basal ganglodel (CBG) and its
selection properties in simple disembodied tests befakiating it as an ASM in

a simulated robot.
[Table 1 about here.]

Similarly to the simulations made by Gurney et al. (2001lg,w8ed a 6-channel
model. The parameters of the model were hand-tuned in cod#stain a selective
system and respecting the local contraction constrairfisetkebelow, their values
are summarized in table B.1. The simulation was programmechi+, using the

simple Euler approximation for integration, with a timepsté 1ms.

4.1 Contraction analysis of the model

According to the theory developed in section 2.3, our mosl@ontracting if the
non projected dynamics (which is linear) is contracting idi@yonal metric. To
find this metric, we will use the three combinations presgimesection 2.4 that

preserve diagonality.

Remark that each separated nucleus is trivially contrgdtirthe identity metric
because there is no lateral connection. The contractimgafa¢ach nucleus i$,
wherer is the common time constant of thé neurons of the nucleus. Thus, the
metric M g of the basal ganglia is constituted of the bloeks> I, ks NI, kp11,
kpol, kpsl and kgp;I. Similarly, the thalamic metridMl15 is constituted of the

blockskrcl, kryl andkrryI. The resulting metric for the whole systé¥ic o
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combinesM g andMry in the following way

Analysis of the basal ganglia.

® KGpe = 1
We can sekp. to any value as there is no combination at this stage. Themurr

contracting rate is.

° KJ‘STN — wGPe /wSTN

STN GPe

We use negative feedback. The contracting rate remainsangel

rpr = wi/((1+7)wge,)

kp2 = wih /(1 — V)Wg;e)

We use small gains to show that the system constituted byTtNe GPe, striatum

D1 and D2 is contracting when

(L wiiws,)” + (L= nwiws,)” < 1 (15)

with a contracting rate (1 - \/((1 + y)wrPewpll 12 + ((1 — ’y)wg;’ewg;e)Q)

FsS
GPe

o Kps =whl/w
Again by use of small gains.

o rgpi = 1/(10(GQ))?
whereo (G) is the largest singular value of the matrix of projectiongG#i and
7 is the slowest time constant of neurons in the basal gangtia.constant is set

by using hierarchical combination.

Thus we can guarantee the contraction of the basal gangBaasas condition
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(15) is satisfied.

Analysis of the thalamus.

o vy =1
We can sekry to any value as there is no combination at this stage. Themurr

contracting rate is1-.
TTH

__ . TH TRN
® RGpe = wTRN/wTH

We use negative feedback. The contracting rate remainsangel

— TH2 TRN2 [,FC
® Krc = \/ch + Nwig /wTH

We use small gains to show that the thalamo-cortical modwemtracting when

wiG (Wit + \Jwps? + Nwpav?) <1 (16)
Remark that this condition depends &n This would not have been the case if

we have modelled th€ RN by N channels instead df

Thus we can guarantee the contraction of the thalamus asasomndition (16) is

satisfied.

It remains to examine the large loop between the thalamudhantlasal ganglia

involving projections of the GPi and the FC. Again, we uselsgans to set.

2 2 2 2
- «mmm (WSTN? 4+ wBL2 + wP2? + nwrs?)
- TH 2

TTHRFC Wgp,

Proposition 3 Let Mcpg = OF5.Ocpsc be the diagonal metric defined above.
By theorem 2, if the generalised Jacobi@a ;¢ WO 1, is negative definite, the

dynamical system = Ily, (x, Wx + I(¢)) describing thecortico-baso-thalamo-
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cortical loop models contracting with a ratg\,,,.

, Where )\, is the largest

eigenvalue 00 WO (.

At this stage, we have provided an algebraic definition ofrttegric Mo zo. Un-

fortunately, the complexity of the induced generalizedoliéan prevents us from
giving a global algebraic condition on the projection weggfor the generalized
Jacobian to be negative definite. This is not of major incieéeas we can compute
numerically, for any instance of the weights, the eigenalof the symmetric part

of the generalized Jacobian and check that they are allimegat

Table B.2 gives the numerical value of the constants defithegmetric Mg pa
for the set of parameters of our simulation (see table B.&n@the free software
Octave we compute in that case the eigenvalues of the generalesmibian and

obtain that our model is contracting with contracting r&te.ao.

Notice that computing the maximum real part of the eigerealithe non projected
dynamics (which is linear) gives an upper bound of the catitrg rate. For the set
of parameters of our simulation, this upper bour2i 9. It is remarkable that being
forced to use diagonal metrics in our proof (which discartisige set of metrics)

has not much decreased the contracting rate.

[Table 2 about here.]

4.2 Basic selection test

We first reproduced the selection test of Gurney et al. (2Pp@dthh our model and
with the GPR model version presented in (Prescott et al.6R0@ this test, a

specific sequence of five different salience vectors (remtes by the dashed lines
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in fig. B.3) is submitted to a 6-channels version of the BG nhadeorder to show
the basic selection properties of the system. Here, we stdmh@ach vector to the

system durin@s before switching to the next one in the sequence.

[Fig. 3 about here.]

During the CBG simulation (fig. B.3, top row), with the firstoter of null saliences,

the system stabilizes in a state where all channels are lgdohibited (¢ =
0.095). Then, the first channel receive$ d input salience which results in a clear
disinhibition of this channela{"* = 0.014) and increased inhibition of the oth-
ers. When the second channel salience is setttat becomes perfectly selected
(x5 = 0) while the first one is rapidly inhibited to a level identidal the one

of the four last channels. During the fourth step, the sakeof the first chan-
nel is increased t®.6, channels 1 and 2 are therefore simultaneously selected
(@6 = 257" = 0.03). Finally, during the last step of the test, channel 1 has its
salience reduced to 0.4, and it is then rapidly inhibitedjevine channel 2 returns

to perfect selectiom”* = 0). The CBG thus passes this test in a satisfactory man-
ner: the channels with the highest saliences are alwaystsdliehile the others are

inhibited.

The GPR simulation (fig. B.3, bottom row) is qualitativelyitgusimilar, excepted
during the fourth step of the sequence (emphasized with @mislg: while the
salience of channel 1 increases fron up t00.6 (the same salience as channel 2),
channel 2 remains selected and channel 1 is fully inhibitedigvel of inhibition is
higher than the inhibition at rest). The inputs in channedsid 2 being exactly the
same, this difference in their selection state is clearlysed by the initial condi-
tions of the system (i.e. the fact that channel 2 was seldstéate). This example

of a dependence on the initial conditions clearly showst#aiGPR model is not
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contracting.

Indeed, as we have seen in section 2.3, a rate coding netwainkas contracting
only if its non projected dynamics is contracting in a diagiometric. But a linear
system is stable if and only if all its eigenvalues have a tiegaeal part. Com-
puting the eigenvalues of the linear part of the GPR revdasN — 1 of them
have a positive real part (namelg.387). We can thus conclude that the GPR is not

contracting.

4.3 Systematic salience search test

This first result is however not surprising, as revealed lgysystematic salience
search experiment performed in (Prescott et al., 2006)tlaatdve also reproduced
with both the GPR and the CBG. In this experiment, the first tlvannels of the
ASM are put in competition in the following manner: the firblaonel salience is
increased front) to 1 in steps 0f0.01, and for each of these steps, the salience of
the second channel is also gradually increased focm 1 in steps of0.01. The
system is run to convergence between all step increasesniémeal state of the
model is not reset between each channel 2 salience inctaasmly for channel 1
steps. This means that the test evaluates the selectioonsspf the system with

one channel salience fixed while the other one graduallyases.
[Fig. 4 about here.]

In order to evaluate the response of the ASM to this experipdiear numerical
values are computed. First, the efficiencies of the seleatfochannel 1 and 2,

equivalent to the percentage of disinhibition, is compwagdbllows:
e = [1 =y Jyfis+ (17)
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with i the index of the channej&*? the output of theth GPi neuron ang$’: the
output inhibition of all channels when all saliences ard.fiille absolute efficiency

of the selection is defined as the efficiency of the winninghcledt
€y = Max e; (18)

Finally, the distortion of the selection, which is null whigre winning channel only

is disinhibited and increasing with the disinhibition &f dompetitors, is defined by:

Zi € — Cy
> €i
The results of the experiment are summarized byethandd,, graphs (fig. B.4),

dy =2 (19)
where the value of the each of these variables is represantedegards to the
corresponding channel 1 (abscissa) and channel 2 (orjiseiences. First observe
that the GPR results we obtain with 6 channels are very simoildnose presented in
(Prescott et al., 2006) for a 5-channel GPR. Concerain@op row), whereas, for
the CBG, the selection switches from channel 1 to channek@@s as the salience
of channel 2 is larger than the salience of channel 1 (whergses the diagonal
in dashed black), for the GPR, this switch is delayed untitmhigher values are
reached (when is crosses the black line). As previouslydhotés hysteresis effect

is a direct consequence of the non-contraction of the GPR.

Note that when high saliences are in competition, the GP&stempatrtially select
both channelse(, < 1 andd,, > 0), while the CBG fully disinhibits both channels

(e, = 1 andd,, close tol). Which behavior is preferable for an ASM is not decided.

Is the GPR strong dependence on initial conditions a goouifedor an ASM?
Prescott et al. (2006) argue that it allows behavioral pegsce, and that in their
experiment, the robot takes advantage of it to avoid ditigeletween actions. We

do not claim that there is a definitive answer to the questimvertheless, in the
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next section, we describe the evaluation of the CBG in a mahsurvival task in
which the robot also avoids dithering, despite its coningcASM. This shows that
this dependence on initial conditions is not necessary fitoenpoint of view of

dithering avoidance.

5 Minimal survival task

5.1 Material and methods

The suitability of the model for action selection in an autorous robot has been
tested in simulation with the same minimal survival taskvresly used to eval-
uate the GPR model (Girard et al., 2003). In order to empbkasszproperties,
and in particular those resulting from the selective feebaop, its performance
was compared to a simple if-then-else decision rule (ITHy fdescribed in ap-

pendix A).

In such a task, the robot has to go back and forth betweendnmsatontaining two
different kind of resources, in order to keep its energyllab®ve(. The robot has
two internal variables, nameBmnergyandPotential Energytaking values between

0 and1, and an artificial metabolism, which couples them as foltows

e The Energy F) is continuously decreasing, with a constant consumpte r
(0.01 Energy unit per second). When it reaclieghe robot has run out of energy
and the ongoing trial is interrupted. To prevent this, thigotchas to regularly
acquire Energy by activating tiReloadOnEaction on an Energy resource. Note
that ReloadOnE onlyransformsPotential Energy into Energy) @ units of £,

are transformed 6.2 units of £ each second), thus Potential Energy has to be
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also reloaded.
e The Potential EnergyK,) is a sort of Energy storage, it can be acquired by acti-
vating theReloadOnEgction on a Potential Energy resource, and is consumed

in the transformation process only.

In this version of the task, the experiments are run in sitrariaising the Player/Stage
robot interface and robot simulator (Gerkey et al., 2008 $imulated robot is a
40 x 50cm wheeled robot with differential steering, similar to thetikéMedia Pi-
oneer 2DX (fig. B.5), equipped with a ring @6 sonars and a camera. The sonar
sensors have a maximum rangebei and a view angle of5°, the camera has a
resolution o200 x 40 pixels and a view angle @0° and uses a color-blob-finding
vision device to track the position of red and blue objectse €xperiment takes
place in al0 x 10m arena, containing one Energy and one Potential Energy re-
source (fig. B.5). These resources are represented by ddlore 50cm objects
(respectively red and blue), and don'’t constitute obstaes if they were sus-
pended above the arena). They are randomly positioned iaréma for each trial,

with the constraint that their center is at leést away from the walls.

[Fig. 5 about here.]

The robot has to select among seven possible actions:

e ReloadOnE ROE) and ReloadOnEpHO E,) affect the robot’s survival as pre-
viously described. These actions are effective if the rabdacing the corre-
sponding resource and is close enougjit Oof the camera field of view is occu-
pied by the resource).

e Wander {V) activates random accelerations, decelerations andntymiove-
ments.

e Rest (R) stops the robot, which is a disadvantage as the robot hastmaously
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explore the arena to find resources, but Rest also halvestinefrEnergy con-
sumption ().005 unit per second), which promotes long survival. Conseduent
it should be activated when there is no risk (i.e. when botériral variables
reach high levels) in order to minimize the Potential Enezglyacted from the
environment to survive.

e AvoidObstacle A0O) uses data from thé front sonars th& central rear sonars
in order to avoid collisions with walls.

e ApproachE @AFE) and ApproachEpAE,) use the color-blob-finder in order to

orient and displace the robot towards the correspondirayres if it is visible.
The action selection mechanisms base their decisions doltb@ing variables:

e F,E,(1—F)and(l — E,), which provide the amount (or lack of) Energy and
Potential Energy,

e seel/Blob andsee EpBlob, which are set td if a red (resp. blue) object is in the
camera input, and to otherwise,

e onFE Blob andonEpBlob, which are set td if a red (resp. blue) object is larger
than150 pixels (i.e. close enough to allow the use of the correspanisource),
and to0 otherwise,

e SFR and SFL are the values of the front-right and front-left sonar sesso

measured in meters, taking values betweamd5.

For the CBG, the detailed salience computation using thasahles is given in

appendix B.

The action selection mechanisms receive new sensory datalédms, and must
then provide an action selection for the néfi0ms. Concerning the ITE, it is sim-
ply done by executing the decision rule once with the latesa.dConcerning the

CBG, the selection is made using the output inhibition r&sglfrom the compu-
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tation of 100 simulation steps ofms, using the latest sensory data. A given action
is then considered selected if the inhibition of the coroegjfing channel is below
the inhibition at resy$%: (as defined previously). In the case of multiple channel

disinhibition, the following action combination rules lealveen defined:

e Restis effective if and only if it is the only disinhibitedtammn,

¢ ReloadOnE and ReloadOnEp are effective if and only if thetrdbes not move,

e The other movement-generating actions can be co-activat#tht case, the effi-
ciency of selection (as defined by equation 17) is used tolwéhg contributions

of each action to the final motor command.

The comparison between the CBG and the ITE is made accoralitng following
protocol:20 random resource positions are drawn and, for each ma@#ials are
run using the same set of positions. The robot begins theriexget with a full
battery £ = 1) and no Potential Energy storagk,(= 0), this allows a maximal
survival duration oftmin40s if no reloading action occurs. Unless the robot runs

out of energy [£ = 0), the trial is stopped aftersmin.

5.2 Results

The first result is that the CBG and the ITE algorithm have ksinsurvival per-
formance. They are both able to survive the trial in a majarit cases, but can
be subject to premature Energy shortage. This is expectedpuise their ability to
find resources is limited by the camera range and field of vémmyell as by the
random exploration action. The average survival durasedTs(c = 244) for the
CBG and737s(o = 218) for the ITE, and the two-tailed Kolmogorov-Smirnov test

confirms that the two sets of survival durations are not dréem significantly
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different distributions D s = 0.2, p = 0.771). From an action selection point of
view, the comparison of the two mechanisms is thus fair: ilespey were tuned

independently, they both achieve similar survival perfance.

[Fig. 6 about here.]

Neverthelessa clear behavioral difference between the two mechanisnssolba
servedwhich has significant repercussions on their ability toesRotential Energy
and on the Potential Energy extracted from the environnheaeed, while the CBG
may use its feedback loops in order to persist in action gi@tithe ITE was de-
liberately deprived of any memory. This was done in ordentestigate the effects
of this persistence property. The ITE exhibits behavioideding in a critical and
frequent situation: when the robot fully reloads its Energgctivates the Wander
action, but afte 00ms of Wander execution, some Energy has been consumed and
the robot has not moved much. In most cases, it is still on tiexdy resource, and

if it still has spareF,, ReloadOnE is activated again. This repeats until there is n
E, left or until, small movements by small movements, the rdiax left the re-
source (see fig. B.6). This dithering generates a strongygkssipation100ms of
Wander consumés001 units of Energy, and during the followini@0ms, Reload-
OnEnergy consume$02 units of £, while E, being bounded by, increases of

0.001 only.

On the contrary, in the same situation, the CBG takes adgarté a hysteresis
effect caused by the positive feedback from the frontalecotd the basal ganglia

to avoid dithering.

[Fig. 7 about here.]
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Indeed, the salience of ROE is defined Bypr = 950 x f(4 x onEBlob x E, x

(1 - E)) +0.6 x 255, (wheref is a sigmoid transfer function, see appendix B).
Consequently, when the robot has a lack of Energy and reachiésergy resource,
onE Blob jumps from0 to 1 and Sgog also jumps fronD (fig. B.7, point A) to a
level depending on the currehtand £, internal states (fig. B.7, point B) situated
on the rawSrox curve (fig. B.7, dashed line). In the case depicted in fig. Brbs

is then much higher thafiy,, and ROE is thus selected. As a consequence, the
corresponding thalamo-cortical channel is disinhibitedding to an amplification

of the salience, fed back to the basal ganglia thanks to theaboutputz£§ .

(this bonus is represented by the shaded area over th&awcurve on fig. B.7).
While the robot reloadsSror decreases withZ, x (1 — E)), but because of the
rES - salience bonus, it follows the blue trajectory down to p@ntvhere Wander

is selected again. The deselection of ROE shuts offiife, signal, causing an
immediate decrease to point D. As soon as the robot actiVeéesler, Energy is
consumed and  increases again, along the r&yo  curve. However, at point

D, Sroe < Sw, and as long as the robot manages to leave the resource before
Sror exceedsSy, (points E and F, when th@n E Blob variable jumps froml to

0), no dithering occurs.
[Fig. 8 about here.]

This observation is not trivial, as it has a direct consegaem the globak, stor-
age of the ITE: both CBG and ITE keep high leveldgf(betweer)).9 andl) more
than50% of the time (fig. B.8, right), but for the rest of the time, thiEl level is
very low (0 — 0.1) much more often (almog0% of the time) than the CBG. More-
over, the CBG activates the Rest action often enough to exiva average, less
Potential Energy from the environmenty3 x 102Ep.s~1, 0 = 0.30 x 10~3) than

the basic ratel( x 10~2Ep.s1). On the contrary, the dissipation of energy caused
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by the dithering of the ITE generates a much higher PoteBhialgy extraction rate
(1.17 x 1072Ep.s~!,0 = 1.17 x 107%). The two-tailed Kolmogorov-Smirnov test
reveals that thé’, consumption rates measured for the CBG and the ITE (fig. B.9)
are drawn from different distribution®Xs = 0.95, p < 0.001). The ITE dithering
thus generates so much dissipation that it has to extramet Betential Energy from
the environment, despite its use of the Sleep action to ld&eonsumption, while
the CBG exploits as much as possible this possibility totliatential Energy ex-

traction.

[Fig. 9 about here.]

6 Discussion

We proposed a new action selection mechanism for an autamonadot, using
a multidisciplinary approach combining computationalmesgience and dynamic

system theory. This study proved fruitful in the three cdesed domains:

e We proposed an extension of the contraction theory to lpgabjected dynam-
ical systems, which was necessary to study the stabilityate-coding neural
networks.

e As a consequence, we proposed a modified rate-coding attifieuron model.

e Using these results, we designed a stable model of the adyiso-thalamo-
cortical loops (CBG) using previously neglected anatoivdesa.

e After having tested this model offline, we integrated it inrawwated robot con-
fronted to a standard survival task to assess its efficiea@naaction selection

mechanism.
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6.1 Dynamic systems

In this paper, we have investigated the stability propsroiklocally projected dy-
namical systems (IPDS) using nonlinear contraction thdargarticular, we have
given a sufficient condition for a general non-autonomoles (ith time-varying
inputs) IPDS to beglobally exponentially stabldy contrast, Zhang and Nagurney
(1995) only studied the stability of a fixed equilibrium pbin autonomous IPDS.

Thus, the novelty of our theoretical result should be natice

Locally projected dynamical systems have attracted gregatest since they were
introduced in 1993 by Dupuis and Nagurney. Indeed, thisrthesocentral to the

study of oligopolistic markets, traffic networks, commg@gitoduction, etc (Dupuis
and Nagurney, 1993). As we demonstrated in this articles, tieory has also
proved to be a valuable tool for establishing rigorous $tsilproperties of neu-

ral networks. In this respect, further development of theotl as well as its ap-
plication to numerous problems in theoretical neuros@anay represent exciting

subjects of research.

6.2 Neuroscience

The CBG shares a number of similarities with the previousbppsed GPR model
(Gurney et al., 2001b), as its selection ability relies on tff-center on-surround
subcircuits. However, it includes neglected connectioosfthe GPe to the Stria-
tum, which provide additional selectivity. It also congisléhe possible role of
global projections of the GPe to the STN, GPi and SNr as aatigulof the activity

in the whole basal ganglia.
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We omitted two types of documented connections in the cu2&e model. First,
the STN projects to the GPe, GPi and SNr but also to the stnigRarent et al.,
2000). Intriguingly, the population of STN neurons projegtto the striatum does
not project to the other targets, while the other STN neupsogect to at least two
of the other target nuclei (GPe, GPi or SNr). We could not pleei the role of
this striatum-projecting population and did not includéithe current model. Its
unique targeting specificity suggests it could be functigrdastinct from the other
STN neurons. To our knowledge, no modeling study has yetqaega functional
interpretation of this connection, a question that shoeldxplored in future works.
The other missing connections concerns the fact that latdridition exist in GPe
and SNr (Park et al., 1982; Juraska et al., 1977; Deniau,et382). These addi-
tional projections were added to a version of the GPR (Guget&l., 2004a) and
seemed to enhance its selectivity. We might add these cbans@nd proceed to

a similar test with the CBG.

The GPe to striatum connections have the previously evakectibnal advantage
of enhancing the quality of the selection, by silencing thealected striatal neu-
rons. Interestingly, the striatum is known for being a iietdy silent nucleus (De-
Long et al., 1984), a property supposed to be induced by thafgpup/down state
behavior of the striatal neurons. When using simple neurodeats, like leaky-
integrators, it is usually difficult to reproduce this withttaeshold in the transfer
function only: when many channels have a strong salienqast,iall the corre-
sponding striatal neurons tend to be activated. Our modgjests that in such a

case, the GPe-striatum projections may contribute todigrthe striatum.

The proposed model includes the modulatory role of the dapa(DA) in the BG
selection process only, which corresponds to the tonid Evdopaminergic input

from the ventral tegmental area and the substancia nigeagomanpacta (VTA and
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SNc). The effects of the variation of this tonic DA level oretbelection abilities
of the BG has been examined in details for the GPR (Gurney.e2@D1b), and

compared with symptoms of Parkinson’s disease.

The role of the phasic dopamine activity in reinforcemeniriéng, through the
adaptation of the cortico-striatal synapses, is beyondcthee of our study. Nev-
ertheless, such an extension of the CBG could allow the erdaaptation of the
saliences, which are here hand-tuned. The existing mofleésndorcement learn-
ing in the BG are based on the temporal difference (TD) legraigorithm (Houk
et al., 1995; Joel et al., 2002). These TD models are compafde cooperating
circuits: aCritic dedicated to learning to predict future reward given theenir
state, and ar\ctor, using the Critic’s predictions to choose the most appederi
action. Our model can then be considered as an Actor cintuite anatomically
detailed than those usually used (simple winner-takesvahout persistence prop-
erties). First attempts at using detailed Actor models inar€hitectures for tasks
requiring a single motivation have been conducted (Khaness., 2004, 2005;
Frank et al., 2007). Note however that the use of the curréatelrning models
would not necessary be straightforward in our case: we hadeaelatively com-
plex salience computations (see appendix B), in order teesmir relatively simple
task. This is caused by its multi-motivational nature, gedmmon in action selec-
tion problems, but which has been given only little attemtio RL-related works

(Dayan, 2001; Konidaris and Barto, 2006).

6.3 Autonomous robotics

While early action selection mechanisms were based on &mngineer approach

(Pirjanian, 1999), progress in the understanding of thesjohggy of the brain re-
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gions involved in action selection now allows the invediigaof biomimetic action
selection mechanisms. Indeed, basal ganglia models teasaof the GPR— and
reticular formation models have already been used as acelaction mechanisms
for autonomous robots (Montes-Gonzalez et al., 2000; Gieaal., 2003, 2005a;

Humphries et al., 2005; Prescott et al., 2006).

We showed here that the CBG may exploit its cortical feedliackhibit behav-
ioral persistence and thus dithering avoidance, one ofuhddmental properties
of efficient ASMs (Tyrrell, 1993). In our experiment, thisopnotes energy stor-
age and reduced energy consumption. These propertiesh \wlaarly provide a
survival advantage, were also highlighted for the GPR whstet in a similar ex-
periment (Girard et al., 2003). Thus, comparing the GPR heddBG in exactly
the same task could reveal some subtle differences whicé n@ridentified yet.
Moreover, in the current version of the CBG, these cortit@asl feedback con-
nections are strictly channel to channel, the possibleesszpigeneration effects
that could result from cross channel connections probabdenres additional at-

tention.

The contraction property of the CBG also provide a fundaalestivantage for
an autonomous robot. It provides a theoretical certainfanging its stability of
operation, whatever the sequences of input might be. Forusonamous agent
confronted to a uncontrolled environment, where all pdessiequences of inputs
may happen, it seems to be essential. Of course, contratiglgsis does not say
anything about the pertinence of the resulting stable behawence the necessity
of verifying the CBG selection properties. However, thet float stability issues
have already been evoked for previous GPR versions (Gitaad €005a; Prescott

et al., 2006) confirms that such a rigorous proof is useful.
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A If-Then-Else decision rule

The If-Then-Else decision tree is the following:

if £, < 1andonEpBlob = true then
ReloadOnEp

elseif ¥ < 1andFE, > 0 andonE Blob = true then
ReloadOnFE

elseif £ < 0.8 andE, > 0 andsee EBlob = true then
ApproachE

else if £, < 0.8 andseeEpBlob = true then
ApproachEp

elseif ¥ > 0.7and £, > 0.7 then
Rest

elseifSFL<1lorSFR<1lor(SFL < 15andSFR < 1.5)then
AvoidObstacle

else
Wander

end if
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B Robot CBG saliences

Using the sigmoid transfer function

2

W) =1~

the saliences of each action (including the frontal coréedback) are:
Sror = 950 x f(4 x onEBlob x E, x (1 — E)) 4+ 0.6 x 255,

Srop, = 750 X f(4 x onEpBlob x (1 — E,)) 4+ 0.2 x xgng
Sw = 380
Sg1 =550 X f(2 x maz(Ep x E —0.5,0))
S0 = 950 x f(2 x (max(1.5 — SFL,0) + maxz(1.5 — SFR,0))) + 0.2 x 4§
Sap =750 x f(seeEBlob x E, x (1 — E) x (1 — onEBlob)) + 0.2 x 2%

Sag, = 750 x f(seeEpBlob x (1 — E,) x (1 — onEpBlob)) + 0.2 x xigp
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Typical dithering of the ITE between the ReloadOnEnexgyg
Wander actions. Top: levels of Energy (dashed line) andrfate
Energy (full line); bottom: selected action. Note how dgrthe
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Potential Energy consumption rate. These histograpresent
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Thalamus

Fig. B.1. Cortico-baso-thalamo-cortical loops. The bagalglia receive inputs from the
whole cortex, but establish loops with the frontal areag.o8haded arrows: inhibitory
projections.
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Thalamus

Disinhibition
of channel 2

Fig. B.2. Basal ganglia model. Nuclei are represented bg&osach circle in these nuclei
represents an artificial rate-coding neuron. On this diragtaree channels are competing
for selection, represented by the three neurons in eacleusiclhe second channel is rep-
resented by colored shading. For clarity, the projectisomfthe second channel neurons
only are represented, they are identical for the other aklanWhite arrowheads represent
excitations and black arrowheads, inhibitions. D1 and @2rrans of the striatum with two
respective types of dopamine receptors; STN: subthalaotlens; GPe: external segment
of the globus pallidus; GPi/SNr: internal segment of thégkopallidus and substantia nigra
pars reticulata.
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Fig. B.3. Variation of the GPi/SNr inhibitory output duririge Gurney et al. (2001b) test
applied to (top) the CBG and (bottom) the GPR. Dashed lingesent the input salience

of the channel and solid lines represent the output of theradla Note that during the
fourth step (s < ¢t < 8s), channels 1 and 2 are selected by the CBG, while the GPR
selects channel 2 only (asterisk).
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Fig. B.4. Efficiency (top) and distortion (bottom) in the wing channel for a systematic
salience-space search for the CBG (left) and the GPR (rigjbp: black to white gradient
represents increasing efficiency (from 0 to 1); bottom: blexwhite gradient represents
decreasing distortion (from 1 to 0), maximal distortionresponding to simultaneous se-
lection of both channelsis thus in black. White line: limiyond which no selection occurs;
dashed black line: diagonal representing equal salieroceshe GPR efficiency (top right),
note the hysteresis area between the dashed and the fldllinlas. See text for further ex-
planations.
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Camera range

Sonar range

Camera inpuﬂ e \

Fig. B.5. Experimental setup. Blue square: Potential Bhesgource; red square: Energy
resource. The light gray surfaces represent the field of wkthie sonars, and the darker
one the field of view of the camera. The corresponding cammeagé is represented at the
bottom.
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Fig. B.6. Typical dithering of the ITE between the Reload@efgy and Wander actions.
Top: levels of Energy (dashed line) and Potential Enerdgyl{ifie); bottom: selected action.
Note how during the dithering period, more th@&s units of £, are wasted in abouts,
while they should have allowekDs of survival.
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Fig. B.7. Hysteresis in the variation of the salience of RdlOnEnergy for the CBG. Black
dashed line: variation of o With regards to £, x (1 — E)), with onEBlob = 1 and
without the persistence term (rado g); blue line: variation ofSgo g; shaded aresfzro g
increase resulting from the frontal cortex feedback; bliauk: salience of WanderS{y ).
Explanations in text.
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Fig. B.8. Histograms of Energy (left) and Potential Enermgght) for the CBG (top) and
the ITE (bottom), cumulated over all trials.
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Fig. B.9. Potential Energy consumption rate. These histogrrepresent the averagg
consumption rate computed for each trial. Top: BG modeltdmot ITE; the dashed line

shows the Energy consumption rate of all actions except €8t E/s).
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Table B.1

Parameters of the simulations.
N 6 T 40ms || Topn | OMS || Tpg | DMS || Tpo | 80ms
Try | OMS || Tppy | OMS 0 0.2 || wii. 1 wére | 04
wr, 1 wéPe | 04 | wES | 0.05 || wBl | 0.5 | wk? 0.5
wife | 0.7 || w2EN | 045 || wSh | 0.08 || wgrhy | 0.7 || wEYt | 04
wiie | 035 || wieh | 035 || wiE | 0.6 || whg | 0.6 || wiEY | 0.35
w1 0.18 || wiEY | 0.58 || wRl | 0.1 || wk2 | 0.1 || wEE | 0.01
Ipy | =01 Ip2 | =01 || Isyn | 0.5 || Igpi | 0.1 || Igpe | 0.1
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Table B.2
Value of the constants defining the methit- . for the set of parameters of our simulation
RGPe RSTN KD1 KD2 RFS RGPi RTH RTRN RFCtx (6%
1 0.441 | 0.577 | 0.707 1 0.104 1 1 5.282 | 0.253
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