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B We prosent meodels that learn conocxt-depeodent oulom-
tor behavior in (1) conditional visual discrimination and ¥4
mqu:mcmpmumusks,basedmtbcrmmwmm:
principles: (1) Visua) input and cfferent coples of motor output
prodsmcpamufaﬁﬂwmmﬂ}cm:xmﬂumccs
thcmmdzs}mmmpanvhmrucmmuﬂpmjncﬂuns.(a]n
Mmmmmmmmmmﬁmmmm-
:psesmhnkpmcmsofcmﬂcalacmdtrmthccumtmade
rupunmduﬂngmﬂnn&crmrlurnms.ourmndmum}vﬁ-
wal diverinination model learns to assoctate visual cues with
ﬂmmnﬂpmdhlgmd:amnneuftwnl:ﬁ-ﬁght targets. A
vumlcu:pmdummmmsnfncmnmlmﬁﬂwinin&mtm
pnrllcnﬂnx{ﬂ'}thatpm}cmmthcucmmnrmgﬁunofme
mhnmlmmbmdmumﬂ:w*whchEdm
th:cmurg:tfmth:cmmﬂm:.mﬂtminmﬂnd
synaptic strength between the cuepelated IT cells and the
sriatal cclls that participate in the cortect saccade, inCreasing
the probability that this cue will later ellcit the correct saccade,

INTRODUCTION: TASKS, CONTEXTS, AND
BEHAVIOR

While the basal ganglia have tradicionally been assock
ated with initation and contral of movement (sce Alex-
ander, DeLong, & Strick, 1986), accumulating evidence
ﬂnkShasalMaddiﬂuna]tytuthﬂmnﬂiﬁnnﬂmhc-
Hon of appropriate state- OF context-dependent behavior
(c.g.. Mishkin, Malamus, & Bachevaliet, 1984; Rolls &
Williams, 19687; Robtyins, Glardini, Jones, Reading, & Sa-
hakian, 190; Reading, Dummnet, & Robbins, 1991). We
present models of conditional behavior (Inspired in part
by the related ideas of Rolls & Williams, 1987) in which
distibuted pacterns of cortical activity representing ¥is
ual. spatial, and temporal features selectively interact

& [095 Massachusetts Institute nf Techrniogy

W:shnwrhatth:mudclg;nm:aﬂnhihiturygmdl:m*m
the strizmum as the substeate for spaval generalization. Our
seguence raproduction model leams, when presented with
wemporal sequences of spatial targets, to reproducc the corre-
sponding sequence of saccades. At any point in the execution
ufammd:saquenc:.ﬂmcmmtp:mnof:nﬂmyinpr:-
ﬁumﬂmﬁﬂ.mmﬂnﬂdwlﬂtﬂuﬂwmm:mmnr
cfﬁ:umoopynfmcprcﬂnmmmdz.pmdtmancwpmcm
ufacuﬂtrlnPFCmbemclamdmmm:nmmdc.un
mmmmmmmM@mufﬂ:mm
Cnmgucmrordummmadciuthcmquence
results in stengthening of corticostriaal synapscs between
active PFC cells and striatal ceflls Involved in the cormcct xac-
cade. The sequcnn:iuthusrcpmduc:duacumnaﬂm of
associations. We cmnparcm:rmﬂuufﬂﬂsmodelvmhmu
pmﬂuuslyuhmnmmmcmnnheymﬂdmxm:nmof
cortical representations of spatiotempaoral informadon. WM

with striatum, vickling the execution of context-depend-
ent movements. We consider context in terms of stable
patterns of cortical neuronal activity that implement the
more abstract notion of éxternal skate. Through leaming,
these patterns of cortical activity become causally linked
to selection of the correct one of multiple targcts for 3
saccadic eye movement.

We address two tasks, and rvo corresponding sources
of context, proceeding from data obtained by neuro-
physiological stedy of behaving monkeys, to neural net-
work models studied by computer simulation. fn the
conditional visual discrimination (CVD) task (Fig. 1AL,
on:ufrwusaccadcsmustbcchnscnbas:danttm
presentation of a fixated visual cve (Dominey, Joseph, &
Arbib. 1092). The visual cue provides an external source
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of context, specifying which of the two responses is
cotrect. In the sequence reproduction task (Baronc &
Joseph 1989a), threc tangcts must be sequentially chosen
i the opder of their initial presentation (Fig. 1B1 or 182).
During execution of the sequence, the internmal statc
encoding those targets thar have been visited so far
provides an infernal source of context that guides the
pext movement. We will demonstrate that both rasks can
be reduced 1o forming causal associations between pat-
verns of cortical activity encoding contexy, and the cor-
rect context-dependant saccade choice.

In the CVD task, these patterns of activity arise
&mugllperocpmnofmcvisuﬂcuc,andmﬂwn
linked, by learning, to production of the comect 5ac-
cades. Tn the sequence task, the first target provided
during sequence presentation creates a patern of actv:

ity. The second wtmodiﬁmﬂﬂsmm,ﬂe]m a
ncwwﬁernthatisagajnmndiﬁadbymnﬂﬂrdtugct.
Tmsﬁnalpam:rnshnuldthmh:ahhmeﬁdtﬂwﬁm
saccade on presentation of the “g0° signal. After this
saccadﬂ,ﬂlcsmtcismudiﬁ:dlpinbfth:msmﬁngncw
visual input and the saccade motor efferent. This new
pancmiss:ttucﬁcitm:sccuﬂdsacmdc.mdmnn.ln
summary ¢cf. Arbib, 1969), training produces an approxi-
mation to finite automaton behavior in which current
stateandcurmminputdctcrmlnebmhﬂmnmﬂ-
sponse and the next intemnal state. In both tasks, the
mmmmmchmumncomon:ofmulﬂphm
and that choice 1s driven by context—in onc case pro-
ﬂdtdbyacutandinmcothercmmﬂdcdhfﬂsuﬂ
input and stored state of previous actions. Both tasks arc
learned in a trialand-crror paradigm, with a correction
pmccdurtsuchthatagjvmtrmmr:pcat:dl}rpnmtm
until the correct r:sponseismadn.menﬂlcnzxtu-lalls
randomly selected.
Inthesimplcstmsionsu{m:CVDtask,thcspadal
targ:tsarcalwa}rsm:s:nt:dinmcsamcﬁx:dpoﬂﬁnﬂs,
Wealsncon&idcrmcpmblnmnfspatiﬂpm:muﬂﬁﬂm
inwhlchthismkisl:arnﬂdandpcrfonncdmﬂlthﬂ
tarpets in different locations, For cxample,
insteadnflcamlﬂgthﬂtcucllhmcmﬂdwimasac-
cad:waﬁxedmrgetlﬂ“dghtufth:cun,ummustnnw

location” tasks and then show that, when properly
trained, it is capable of learning the generalized tasks,
including performance with nowel tanact configuratons.
In the following sections, we will develop first the model
for CVD learming, and then build to the scquence repro-
duction model.

THE ROLE OF BASAL GANGLIA IN THE
“BASE" OCULOMOTOR MODEL

‘The present model exvends that of Dominey and Asbib
(1992)2 which thus provides the “hase model” for the
cnrrent study. There, the conteol of veluneary saccales to
vlsualmdrcmcmbcmdmgmismndﬂ:dmtcmuuf
interactions hetween posterior parictal corex, frontal
qtﬁ:ids.thchﬂsalgaﬂglh(m:dﬂtmsubsunﬂani-
gr), superior colliculus, mediodorsal thalamus, and sac-
cade generator of the brainstem. In the present section,
w:deﬁncth:mlcofthebaﬂlmgliamﬂmocuhmmnr
maodel, and then show how plasticity may extend and
clarify that role.

Briefly (Fig. 2), reflex saccades may be clicived by the
projection of the superior colliculus ¢5C) to the brain-
stem saccade generator (8G). For voluntary saccades,
fmnmleycﬁelds{ﬁ'ﬁﬂmmmand{mﬁcmmrcmy to
$G) saccades o visual or remembered tarpets. Two in-
hibitory nuclei of the basal ganglia, caudare (CD) and
subscantia nigra pars reticulara (SN, are arranged in
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Figure 2. The role of basal ganglh and inhibitcey masks in the
taane madel (bascd on Dominey & Asbib, 1992). Visual inpu t the
prting arrives In PP influencing FEE FEF effects muccades dimctly via
Impm}ecﬁunto&ﬁmﬂlndimﬂrmﬂnnﬂmnlgmmmcuhrpmh.
SNy wonically inhshit 5C, forming an iwhiblory mask on SC. This
musk 1s selectively modulated by the influence of CD on $Nr, celeas-
hmsrutﬂnndmﬁmofﬁ(:fmm&ﬂrmhlbmummm“usamlm
inreract via reciprocal excitatory projections when SNie's inhibicion
ofduhmuhtmupmﬂrﬂrmmd.mus.ﬂnmummdeaﬂm
uyhymmmnmmmmmmwm:thummmmmh;
acﬂﬁtrofmdn-r:hned:cﬁvﬁyhmﬁﬂthahmm.mdmscm
mmmmmmuMMmm#nmm
praduciog an updated rerinal image.

series and provide an additional, indirect link between
FEF and SC. The FEF has an excitatory topogtaphic pro-
jection to caudate that preserves saccade amplitude and
direction (Bruce & Goldberg 1984; Segraves & Goldberg
1987 Stanton, Gokdberg, & Bruce, 1988a). This link al-
lows FEF 1o selectively modulate the tonic inhibition of
$Nt on 5C and thalamus {Chevalier, Vachcr, Deniau &
Desban, 198%; Boussaoud & Joseph, 1985; Hikosaka &
Wurtz, 198%) through caudate nucleus (Stanton et al,
1988a). In addition, the basal ganglia pathways provide
2 mechanism for spatial memory in corticothalamic in-
teractions via the removal of SNr inhibition on the
mediodorsal thalamus (MD) (Deniau & Chevalier, 1985:
Tlinsky, Jouandet, & Goldman-Rakic, 198%).

Modeling Conventions

The model is implemented in Neural Simulation Lan-
guage (NSL) (Weitzenfeld, 19913 on a UNIX workstation.
Brain regions are modeled as one- ot two-dimensional
layers of vnits, each corresponding to a population of
neurons. The internial state of cach layer is represented
by a single variable m(H), which may be interpreted as
an array of average membrane potentials of pools of
ncarby cells of 2 given type. The time course of m is
described by an army of differential equations of the
form

Twe Mt = = nKf) + SmlD

Herc T, is the time constant for the rate of change of
ML), Sm(f) epresents the total input that cells of type
m receive fom other cells. We use the Buler method to
solve the differential equation. The firing rates are then
detecmined by a nonlinear function of the membrane
potential

M = sigmoid(m, min_lnput, max_input, min_output,
max_outpul)

where M is the firing rate, #2 is the membrane potential,
and for min_input < m < max_input, the firing rate is a
nonlinear function of me:

(max_output — min_output) » [§ * (3 - 29)]
+ min_gutput

where
§ = (m — min_input)/max_input — min_inpuc)

For m < min_inpwt or % max_input, the firing race
is min_cutput or max_output, respectively.

For each layer, we specify the time constant, the inputs
to the layer, and the threshodd values on the sigmoid
function used to compute the firing rate from the mem-
brane potential. Connections berween these rwo dimen-
sional arrays of neurons are defined in terms of inter-
connection masks that describe the synaptic weighs.
Consider the following equation where A, B, and C are
layers of neurcns and M1 is a 3 x 3 connection mask:

a. Ta = 10 msec
b. 5h=C+B‘M1

This states (2) that the membrane tdme constant for A,
Ty, I8 10 msec, and ¢b) that for each cell £f in layer A che
input $, is the sum of the output of the ffy cell in C,
plus the sum of the outputs of the 9 cclls in B centered
at ff dimes their corresponding weilghts in M1, That is,
the » operator in "B “M1" indicatcs that mask M1 is
spatially convelved with B. In biological terms, this mask
M1 defines the receptive field of A In terms of the
projection from B. The + operator is “overioaded,” that
is, when applied to a layer and a scalar it represchts
simple multiplication; when applied to a layer and a
mask it represents convelution.

Dominey et gl 313



The Base Model

Here we define the base model, starting with retina
input, through the processing that lcads to a saccade.
After each saccade, the external visual world in space
(Visual_Input) is shifted on the retina an amount cqual
and opposite to the saccade:

retinack, i) = Visual_inputtk + [F - 2.7 + f— 21 (1)

where the pair (7} is the cye position in the visual field,
calculated in terms of the previous eye position and the
saccade that updates this position. Retina, and all cther
arrays of cells (¢xcept visual_lnput which is larger, aml
V4, which is 1x63 will be a 5%5 array (with the coordi-
nates of each 5x% armay running from 0 to 4) in the
simulations reporied here (though Domincy & Arhib,
1092 use 9x9 arrays). This coarse grain madel is adequate
for the present challenge of showing the adequacy of
corticostriatal plasticity to mediate conditional visual dis-
crimination and sequence reproduction, but will be
refineil in subsequent studics that address finer details
of the interaction between the various brain regions.
Posterior parietal (PP) cortex gets this retinal input,
and random activity from the Noise layer (Noise wis not
considered by Dominey & Arbib, 1992} Yalues from
retina are O for no target and 70 for a target. Indivislual
values in the Moise layer vary on a given trial between
0 and 15. "Fovea on” (FOn) cells peeeive input from thc
central element of PE and are used to provide a signal
that indicares whether a target is being fixated or not.

Tpp = 0.01
Spp = Retina + Nois¢
PP = sigmoid(pp. 0, 85,0, 110}
FCOn = PP(2.2} {2}

FEF is influenced by PP and thalamus (Thal), and gets
an inhibitory influence during fixation {ie. when the
central clement of PP is active), preventing distractibility
during fixaticn.

Ty = 041
Siee = 0.4 # PP + 0.8 * Thal - 0.6 * FOn
FEF = sigmoid(fef, 0, 100, 0, 100) (3)

Caudate receives inpwt from FEE Competition be-
ptween input signals is implemented by 2 5x5 convolu-
tion mask that produces latcral inhibition, Inhibitory-
Collatetals, with 0.5 in the central element, and -0.1 in
il ather locations. This simulates the lateral inhibitory
effect of inhibitory GABAcrgic axon collaterals of the
medium spiny peurons in the stratum (Wilson & Groves,
19803

Tea = 001
S =FEF + CD * [nhibltoryCollawerals
CD = sigmoidicd, 0, 1840, 0, 75) {4y

The tonic activity of substantia nigra is then inhibired
by caudate {Chevalier et al,, 1985

Tonr = 0.01
Sme =75 - CD
SNt = sigmuoid(sar, 4, 75, 100, 0) {5

The superior colliculus is driven by FEF to the excent
that it is disinhibited by caudate's inhibition of SNr. 5C
s also inhibited by cortical fixation rclared activity [FOm
from Eq. (2)]. A winnertakeall function in SC {Drdday,
1976) is used to select the maximal actviry for sac-
cade generation. The spatia) coordinates of this saccade
activity are combined with the current eye pasiton 10
produce the new eye position that allows the corre-
sponding ncw retinal inputs 1 be computed in Eq. (1)

Te = 0.01
& = winner_take_all(FEF — SNr — 0.6 * FOn}
SC = sigmoid(sc, 30, 110, &, 100} (6

The thalamus has a reciprocal excitatory interaction
with FEE and alsc with prefrontal cortex (PFC), de-
scribed below in the sequencing model. We will see that
this reciprocal interaction provides the sustained tha-
Jamocortical activity responsible for a form of spatial
memory in sequence and association performance.

Tipa = GO1
Sihay = PFC + FEF — &Nt
THAL = sipmuoidithal, 0, 75,0, 1003 £

in the model's production of a visually guided saccade,
the fixarion point goes off just as the peripheral target
gocs on. The visual target information from retina, vid
posterior parietal cortex (PF), excites the FEF elcment
correspanding te the location of the new target. which
projects topographically to the candate, This cxcitation,
combined with the loss of the FOn inhibition, actvates
the correspanding CD element, which projects an infib-
tory signal to SNr, resulting in the release of SNr's inhi-
bition of the topographically correspending cells of 5C.
‘The topugtaphic £xcitatory FEF projection te 3C, com-
bined with the release of the SNr inhibition, activates the
5C element that generates a motor busst signal of sac-
cade direction and amplitude corresponding 1o the tar-
get location coded in FEE

Although we will not go inte the details here, the full
Dominey-Arbib model shows how working memory
¢which stores visual tarpets when they arc 0o lemger
visible but will later be responded 10) may be supplied
by reciprocal connections berween FEF and mediodorsal
thalams (MDY, and how posicrior parictal cortex (PF}
may provide the dynamic remapping of retinotopic rep-
resentations when multiple saccades are made 1o re-
membered targets. The simularions reproduce slmple,
memory, and double saccades, without adaptation, (0
demonstrate a functionally correct model in which:

1. Managing the inhibitory projection from SNr to 5C
allows seiective cortical control of target locations for
voluntary saccades to immediate and remembercd tar
gets. This control is directcd by FEF via L



2 %accades can be driven by represcntational mem-
ory that is hosted in reciprocal connections berween MD
and FEF that are governed by connections to MD from
SNr A statc change is thus driven by a representation of
a stirnnlus in the absence of the stimulus jtself, indicating
a primitive symbolic processing capability.

The key poimt for the present paper is the observaticn
that managing the inbibitory projection from SNT to
SC aliotws selective cortical control of target locations.
In the previcus model, the role of CD and SNr scems
funcrionally gratuitcus (although it is necessary for a
biologically plausible model that addresses the data of,
e.g., Hikosaka, Sakamoto, & Usui, 1989a,b.c), since the
¢D disinhibition simply mimics the combined effect af
the remeoval of FOn inhibidon and the issuance of the
topographic command from FEF 10 $C. The thesis of this
paper is shown in Figure 3. Cortical and subcottical
commands for 2 saccade are combined in 4 topographic
map within the deep layers of 3¢, where 2 winneetake-
all (% TA} network sclects the langest peak of acuvity to
form the saccade command 10 be executed by the brain-
stem saccade gencrator $G. However, this command will
be executed only if FOn and $Nr allow the activity in
deep SC to reach & critical level. In the models consid-
ered above, FEF relayed the location of only one target
to SC and so the role of CD and SN did not seem crucial,
However, in the present paper, we consider cascs i
which FEF relays the location of multiple targets, Cur
hypothesis is thai contcxt-dependent learning can mod-
ify the pattern of disinhibition applied at the caudate,
thus favoring one target over the other(s).

CONDITIONAL VISUAL DISCRIMINATION

To address the CVD task, in which cuc-saccade associa-
tions must be learned, we augment the base mode] with
a cortical structure invelved in representation of visual

oo -dependen (learmed
Dhases oh Caudals Ckvily
E =y cONExLdependeot
diicuhibtriinm

faxp Yl' SHracalvly Daues winnerake-ail
|o e rmine wivich FIF o ged whis

Figure 5 Corticostriatal plasticiry for selective distnhibition. In this
smplificd {Busiation of the model, we demonsirate thal when mult-
ple targets are cepreseniced in the FEF command 1o caudare and 3C,
the chuice between (hese targews can be made theough the
influcnee of additional contcostriatal influences that will favor oae
of the tarperts, IT and PFC conticositiaial pryjectlons A mxdified by
jearning to a5 caudare in favor of the coercet ané of multipke suc-
cade arpets dopendenl on fhe as0Ciaton OF SeqUETICT cunext.

cucs, corresponding to the inferior temporal cortex 81D,
and a ‘eaming mechanism that can modify the cort-
costriatal projections (Figs. 3 and 4), §T corticostriatal
projcctions form longitudinal bands that distribute infor-
mation along the antedor-posteriot extent of the
striatum, including target areas adjacent to and ovcilap-
ping with FEF projections 10 the head of the candate
oucleus (Selemon & Goldman-Rakic, 198%), the striatal
component of the oculomotor loop. ¥ia this pathway, we
suggest that IT can influence saccade gencration as cuc-
pelated activity produces a bias in caudate that favors
one over the other saccade 1argets.

The Conditional Yisual Discrimination Model

Visual input to the model is provided to the 5x5 retina
in which cach element can code either 2 visual target of
a visual cue. Such a cue is defined by its color (Red.
Green, or Blue value), and shape ¢Cirele, Sguare, or Dia-
mond), Thesc featurcs are represcnted as the G-tuple
“FeaturcVector” (R,G.B; C5.0). These are graded values.
allowing us to blend colors and shapcs to create a
variety of cues. The model will produce outputs that
codc eye movements by activation of an element in 2
5%x5 spatial map that we will cansider to be an cye
movement map in SC [Egs. {13 and (&)]. For each trial
the simulation will compare the model's response 10 the
desired response and provide a meward or punishment

signal as appropriate.

Stimulus Refresentation

The inferior temporal lobe, of the “what” visual system,
provides a cortical area in which the properties of visual
stirnuli incluling color and shape are cncoded in popu-
lations of cells with feature preferences (Desimene, Al-
bright, Gross, & Bruce, 1084; Fuster, 1990; Tanaka, Jaito,
Fukada, & Moriya, 1991} 1n our model (Fig. 4}, visual
input is decamposed into Joveal form {color and shape),
which feeds IT, and position information o the overal
visual field, which freds PP We do not model the path-
ways to IT and PP in any detail, Instead, a map of rarget
pOSitions, including that of the cue, is transferned directly
to PP whilc “form” is cosled as a G-element vector in an
array labeled V4"

1,4 = 001
5.4 = 4 * FeararcVector
V4 = sigmoid{vd, 0, 40, {1, 40) (8

This 6 element vector that codes the cue’s shape and
color is transtormed by a random, unmaodifiable set of
synapses connecting V4 and IT. V4_IT_Synapses is the
625 matrix of connecction weights varying berween
—0.5 and +0.5 thar, multiplied by Vi, yields the input o
IT. The resulting IT cells encode features, and CORjUNE-
tions amxl disjonctions of features due to the mixed
excitatery and inhibitory connections.

Deiney et al. 343



Figure 4. Schomatic of asso-
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T = 0,01
N = V4 * ¥4_IT Synapses
IT = sipmoid(it, 0, 40, 0, 603 )

4 Site for Sensory Motor Association

The caudate nucleus of the sthatum participates in the
preparation and excoution of voluntary, context depend-
ent saccades (Hikosaka et al, 198%a.b.c), and receives
projections containing external context information
from the occipitotemporal pathway —including IT—and
spatial movement informacion from postetior parietal
cortex and frontal cyc ficlds (Selemon & Goldman-Rakic,
L985; Stanton et al., 1988a) [Bg. (4.17].

In the association model, we update the base model
Eq. (43 50 that caudase meceives an additional input from
IT. via the modifiable 1T_CD_Svnapses, The [T and FEF
cannections are scaled by 0.1 and 0.4 based on the
relative projection strengths of FEF and IT to the anterior
caudate (Selemon & Goldman-Rakic, 1985). This results
in inidally small IT influcnces in €D that increasce with
training as the [T_CD_Svoapses are modified.

Tq = 0.01
Seu = OLJT # [T_CD_Synapscsy + 0.4 = FEF
+ CD # InhibitaryCollaterals

€D = sigmoidicd, 0, 100, 0. 75) 4.1)

[n this view, caudate provides an apatomical site for
the formation of context-behavior associations (Mishkin
et al., 1984; Rolls & Williams 1987; Yeterlan & Pandya,
1991). The intact function of the striatum is pecessary
for learming CVD tasks, as their learning and prrfor-
mance are impaired by selective striatal lesion (Reading
et al., 1991 These investigatars (Robbins et al., 159900
also demonstrated that the intact nigrostriatal dopamine
system is necessary for learning CV tasks. In the model.
[T units encode features of the cue, and the IT corticos-
triatal path (IT_CD_Synapscs) provides the caudate with
access to this information In the naive state, the connec
tions in this nontopogriphic projection are Rndemized
vatues herween 0 and 1. By learning, described below.
these synapses are modified so that IT cells active for a
given cue excite caudate cells that participate in the
associated saccade, inhibiting SNr [Eq. (53], allowing 5C
to select the correct saccade. A key role for the caudate,
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then, is to participarc in the selection of the cotrect one
of multiple saccade options,

Regulation of Corticostriatal Input

For a given pattern of activity in 1T, and multiple targets
represented in FEE multiple caudate cclls wirth different
sacrade preferences may be activated. Tdeally, the cau-
date will use the cue-driven IT bius, cstablished by learn-
ing, w select the correct target. However, if the
combined activity of 1T biss and target ¢xceeds the
threshold of candate scnsitiviny at more than one WwpPo-
praphic location in CD, then the bias information from
JT that would normally favor one site over another will
be lost. To hring the caudare activity back into a range
in which the IT hizs can be detected. we introduce a
negative feedback circult that decrcases corticostriatal
cxcitability in this situation.

The circuit is based on the knowledge that the eclease
of dopamine in stelatum decreases the cxcitabilicy of
striatal cells by corticostriatal afferents (Merouri ct al.,
1985 Garcie-Munoz, Young, & Groves, 1991; Nisenbaum
& Berper 1992; Calabresi, Mercuirn. Sancesario, & Bernardi,
1993), and thus atenuates corticostriatal activity, allow-
ing striatum once again 1o dewect the effect of 1T bias.
In our muxlel (Fig. SA), when strong cortical imputs
averstimulate siriatem, SNrois strongly inhibited. This
inhibition of SNr leads to the désinhibition of SNc
(Catlsson & Carlsson, 19903 The resulting increase in
activity of SNc DA cells leads to the increased release of
DA in stristum, which artenuates the corticostriatl sig-
nal (Calabresi e al., 1993), bringing the most active cells
hack to the maximum input capacity of striatum, and
reducing the activity of the less active surrunding
striatal cells, thus increasing the discriminarory capaciey
of the nerwork (Fig. $8), We currently model this circuit
and SN DA function in the simplified form of Egs. (10)

and (4.2 This allows caudate o make better usc of
cue-rclared information from Il and assists in the learn-
ing and exceution of cue-saccade associations by poo-
viding 2 kind of contrist enhancement hetween Strong,
competing striatal inplis, resulting in a 30-40% increase
in performance (percent correct) during a training s¢s
siomn.

DA_Modulation represents our implementation of the
dopaminc normalization of cortical inputs. In the hase
mexlel of Dominey and Arbib {1992), this modulation 15
not prosent, i.6., it is effectively set to 1. Normaly the
term DA_Modulation is 1, But when the maximum in-
puts o caudate, od.max( J, is ahove a threshold of cau-
date sensitivity, DA_Meadulation is reduced. This simulates
the reduction in corticostriatl excitation due 10 in-
creased striatal dopamine levels, evaked by disinhibition
of dopamine-producing cells in substanta nigia pars
compacta. This reduction of the effect of cortical activity
on siriatum brings it back to the normal range of opert-
tion for caudate.

DA _Modulation = CD_Upper_Threshold/cd _max
if cd_max > CD_Upper_Thresheld

1 otherwise {1
Teu = 0.1 -
S0 = DA_Modulation * (0. LT *
IT_CD_Synapsesy + 0.4 + FEF
+ CD * InhibitoryCoilaterals)
CD = sigmoid{ed, 0, 100, 0,75} (+.2)

An ddeprive Mechanism

In addition to its shortterm modolatory role, the ohser-
vitions of reward-related DA release during learning, and
the impairment of learning with DA depletion sugpest
that dopamine plays un additional imporant role i
longerm synaptic changes requited for learning siimu-



las-response  habits. First, Ljungbemg, Apicella, and
Schultz, {1991) found thar during learning a delayed
" altcrnation task, nigrostriatal dopamineproducing cells
arc activated by the reward and cues associated with the
reward, and that these responses are qualitatively pre-
served <during conditioning, postconditioning, and over-
traihing. O crror trials, a depression of activity was seen
at the time when a reward would have been piven
(Ljungbetg et al., 1991} Sccond, depletion of dopaminc
from the dorsal striatom in rodents impairs their ability
tc learn a cuedchoice task {Robhins et al., 1590 similar
to our cued-saccade rask. Finally, the relatively high level
of NMDA receptors in siriatum (Monaghan & Cotmar,
1985} and the cbservation that striatal NMDA recepior
density varics inversely with striatal DA levels in patients
with Parkinson's discase {Weihmuller, Ulas, Nguyen, Cot-
man, & Marshall, 1992) suggest a relation between DA
and learning-related corticostriatal plasticity.

It thus appears that phasic, reward-related DA activiry
participatcs in long-term modification of corticostriatal
synapses that link contextual sensory inputs with stefatal
cells involved in producing the correct behavior. Two
candidate mechanisms for this synaptic plasticity, long-
term potentiation (LTF) and depression (LTD), have been
observed in the striatom, and at least $TD has been
obscrved 1o specifically require the presence of
dopamine (Calabresi, Maj, Pisanl, Mercuir, & Bernardi,
1992). Repetitive activation of cordcal inputs produces
LTD in striatal cells whose NMDA channels are inactive,
and LTP in those whose NMDA channels are active,
effects that can be readily observed by manipulating the
Mg** NMDA block (Calabresi, Pisanti, Mercuri, & Bernardi,
1952; Walsh & Dunia, 1993). We can simplify this by
saying that sufficient depolarization (which removes the
Mgi* block of the NMDA receptors) in striatal cells
makes these cells candidates for LIP in the prescoce of
additional cortical input, while insufficiently depolarized
<ells will be candidates for LTD, Recall that by reducing
all striatal activity so that onty the maximally active cells
fre at their maximum rate, our modeled striatal regula-
tisn by DA actually pushes the less active cells into the
LTD region. We now take a first step in relatng thesc
aohservations to a formal learning mile for our model,
with the acknowledgment that the problem of assigning
physiological mechanisms o the formal clements of a
learning medel is neither trivial nor complete.

Learming Rule

We employ a reinforcementbascd learning rule (scc
Barto, 1990 for a review) ro muesdify corticoscrigtal synap-
tic strength based on correctfincorrect behavior The
learning rulc produces incremental changes in synapric
connections between [T {source) and caudate (target)
neurons. Correct responses strengrhen synapses be-
tween [T and caudate cells that participated in the o
sponse. while errors weaken these synapses. These

changes will tend to produce IT-driven caudate activicy
that increasingly favors correct behavior, and disfavors
incorrect behavior, since IT cells specific for a given cue
will become more strongly connected o caudate cclls
active in the associated saccade, and more weakly con-
nected to other caudate cells. We alse implement a form
of competition so that for a given source cell, increases
in its synaptic {nfluence on some target cells will be
compcnsated for by small decreases in 18 synaptic
influence on other target cells. These increzses and de-
creases correspond roughly to the LTP and ITD de-
scribed  above. The most  active  synapscs  arc
strengthened (LTP) and, via normalizatdon, the less active
synapses are weakened (LTD).
The learning-related updating is pecformed by

At + 1) = wyl#) + DA_Modulation
* (RewardContingeney — 13+ C1 + K+ F (1D

Zy 1yt
Liandt + 1)
where the “=" denotes assignment rather than equaliry.
Here, toy is the steength of the synapsc connecting {T
cell f to caudate cell f. These ws make up the clements
of IT_CD_Synapses in Eq. (4.2), and are modified after
each simulated saccade. Equation {107 sets DA_Modula-
tion as a function of its mole in the $Nc feedback loop.
In Eqp- (11D, based on the armival or denial of expected
reward, we simulate SNe reward-related moclulation by
the term RewardContingency, which is 1.5 for correct
trials, 0.5 for incorrect toals, and 1 when no rewand or
punishment is applied, corresponding to the increases
and decrcases in SN activity for reward and error erials,
respoctively (Schulte, Apicella, & Liungberg, 19%3). F; and
F; are the firing rates of the IT cells coding the cuc, and
the caudate cells coding the saccade, respectively. The
term “DA_Modulation * (RewardContingency —1)" will
be positive on rewarded trials and negative on error
trials. C1 iz a constant that specifies the learning rate, and
is set (o 2.5¢7°.

A form of competition is provided by a weight nor-
malization procedure that conscrves the towal synaptic
weight that each IT cell ¢an distribute to its striatal
synapses [Eq. (123]. If, afrer learning has occurrcd. one
synapse from cell { to cell § was increased, then since
the total synaptic weight from cell f 15 conserved, the
rcsult of this increase is a small decrease in all other
synapses from § Similardy, when a weight is decreased
due to an incorrect tesponse, the other synapses from {
are increased. Via this normalization process, the postsy-
naptic cells compete for influence from presymaptic
cells, producing cue discoiminarion. After each saccade,
the simulator applies Eqs. (113 and (12) with the appro-
priatc valuc for RewardContingency. Particularfy in the
casc of rewarded trials, Eqs. {11} and €12) approximatc
how LTP may occur in the most active poscsynapic cells

wyAE + 1) = twyld + 1) # (12



[via Eq. (11, and LTD in the others [via the normaliza-
tion of Bq. (12)]. While captured here in the same equa-
tions, it may be that lcaming on crror trials also involves
other structurcs including the: nuclens accumbens (Rob-
hins et al., 1990: Reading ct al., 1991) and we consider
this in the disCUsson.

in summary, the inferaction of DA's feedback and
plasticity roles is captured in Eqs. (100, (11), and (12)-
During initial learning, Eq. (107 will set Da_Modulation
te 1, since the corticostriatal inputs are indtially weak. In
Eg. {11), based on RewardContngency, synapses active
in saccade generadon will be strengthened or weakened
for correct and incorrect saccades, respectively. When
synapses arc strengthencd for saccade rclated cells on
correct toials, the surrounding synapses arc weakened by
the normalization of Eq. {12). After significant learning,
strong IT cotticostriatal inputs may be above striatal
threshold for more than one tGrget, even though this
input is biused toward the correct rget. Equaticn (1)
reduces DA_Modulation so that the maximurn IT-striatal
injrut is just equal to the striatal threshoeld, increasing the
sigmal-to-noisc ratie s¢ that the correct bias i nOW pET-
celved in striatum, leading to the corrcct choice. In
addition, by reducing DA_Modulation, the synapiic
change for this well lcarned cue is reduced (but sl
positive) in Eq. (11), helping 1o prevent an EXCCHSIVE
allocation of synaptic weight to an alrcady welldearned
association.

Simulation

1n this section we describe the evolution of behavior
from an initial naive state 1o a final trained state for cur
model of CVD learning, and compare the behavior and
single unit activiry of the madel with those of primates
performing related tasks. Recall from Figure 4 that the
site of adaptation is in the IT corticastriacal synapses, 8¢
that representation of cues in IT can influence saccade
generation. These medifiable conneciions are initialized
to mndom valnes on the interval (0,13, 50 a given cue
has no large 4 priori preference for any saccade.

A trial is initiated by the anset of the central fixation
point. Once the model initiates fxation, the fixation
point is replaced by 2 colared shape {cue). The “form
vector® (color and shape) of the cue is projected by V4"
ta IT, and the IT activity projects 10 caudate via the
modifiable synapscs, IT — CD Synapses [Eq. 4.2

After a delay, the two periphoral targets appear, leading
to the activation of PE which in turn signals o FEF and
then to caudate, Each clement of PP reccives iis 1opo
graphic spatial input, to that i$ added a “poisc pattern”
that contributes up to 21% of the tomal PP activity, and
provides a “symmetry breaking™ function—a form of
guessing between the rwo targets during initial learn-
ing.? During the period of cue and target overiap, the
rombined activity of FEF and IT produccs “PICPAratery”
activity in the caudate, leading to its inhibition of SN,

which in tuen disinhibits thalamic nuclei that project
hack to FEF [Eg. {7)]. Reciprocal excitation berwien
disinhibited thalamic and FEF cells, combined with the
lateral inhibition in caudate, tends to amplify slight dif-
fercnces in corticostriatal inputs, favoring the stronger
and reducing the weaker, This 1s smilar to the reciprocal
FEF-thalamic interactions that malntain spatial memory
in Dominey and Arbib (15923, but in the present <asc,
the reciprocal activity contributes tc both selection ansd
memory functons, as we will see below.

At the go signal (removal of the cued, whibitory hxa-
tion-related cells in FEF (FOm) an deactivated, allowing
SC to respongd to inpuis from FEF and SNr. In the naive
state, the <-ue-driven JT activity projects with randomized
strength to caudate, while the cffects of noise in PP arc
secn in candate and downstream, and drve the winner-
take-all (WTA) mechanism in 5C resulting in a saccadic
“guess.” After a COrTect "guess’ the IT-caudare synapscs
berween cue and saccade-related cclls arc strrengthencd,
jncreasing the probability chat the cue, when repeatcd,
will drive the correct caudate cells [Egs. {113 and £123].
Incorrect trials result in a reduction of the active Cort-
costriatal synapses. After significant learning, the IT
infuence on caudate dominatcs that of noise, ansd the
performance approaches 100%.

We trained the model on four sets of cuc-larget asso-
ciations using two fixed tarpets, left and right, one row
above the Axation point (Table 13 Two cues were ass0-
clated with the left, and two with the right target. As the
training proceeds, learning OVErPOWELS the effect of
noise and performance improves. Wh: obscrved that the
mte of leamning varies inverscly with the level of noise
in PP [Eq.(2}],and that for a primate trained in this task,
the lcarning rate improves with the numbcr of new
associations learned (also see Mitz, Godshalk, & Wise,
19913 This suggests 2 progressive reduction of noise in
the amimal as familiarity with the CVD2 task itself is
acguired.

We cxamined the task-related activity of caudare cells
during initial training, intermediate, and overtrained

Table 1. Learning Progression foe four Cue-Target
Associations.?

Afgoe. Cue Fealure Direc- -
No. Yector ton El E2 £3
! (10, 0,0;10, 0,03 Left 11415 15/17 16716
2 (0, 10,48:0, 10,0 Right 1104 1515 16/16
3 (0, 001000, 0,100 Left 11/15 14714 16/16
4 (B, 2,0, 0,2 8} Right 11717 1417 16/16
Correct by epoch (36} 72 92 LK)

® gach cue i5 pepresented by a slx-chement feature vector (Cue Fea-
trte Vector), and is arbitmrily paired with cither the left or fight tar-
ger. Reaults for snccessive waining epochs display the performapce
imptovemenk as the associadons A learned. amd overpower the ef-
Fecrs of noisc.
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Figure 6. Changes in caudaie response due to learning. Upper: Cucrelated activity in [T, caudate, and SNr hefore learning the cue-saccade as-
sociation. IT influence on caudate, for a given cue, is non-specific and does not significantly contribute 1o selection of a saccade. Middle: Afrer
learning the [T_Caudate_Synapses are modified. and the same cue now praduces activation of caudate and inhibition of $Nr appropriatc for
the associated saceade. Lower: After generalization learning. The IT influence on caudate now forms a spatial gradient of activity that will favor
the rightmost of any two targets presented on the horizontal row above the fixation point.

epochs, Recall that in the model, CD receives input from
FEF [Eq. (4.2)], so that even in the naive state, caudate
cells have saccade-related activity with a spatial prefer-
ence. As training proceeds, cue-related activity in IT be-
comes increasingly associated with activation of the
correct saccade-related cells in CD. In Figure 6 we dis-
ptay the changes in ITstriatal synapses and the corre-
sponding changes in cue-driven striatal activity that

result from learning. The upper panel of Figure 6 shows
the activity produced by a “go right” cue in IT: the initial
(naive) synaptic weights berween IT and caudate, and
the corresponding influence produced in caudate and
SNr by that cue. Before training, the cue-driven caudate
activity is low and homogeneous. Figure 6 (middle
panel) shows the change in synaptic weights and the
corresponding change in caudate and SNr activity clic-



ited by the same cue after training to 95% performance
for rtwo (left and right) cues. Note that via training, the
weights are now redistributed into the two columns
corresponding to learned association between two cues
and the lefe and right targets. The “go right” cue produces
an increased activation of cells related to rightward sac-
cades, and a small decrease, due to our normalization
model of LTD, in other cells. This cue also produces some
activity for the left saccade target because its repre-
sentation in [T overlaps partially with that of the “go left”
cue. Thus we see how, through learning, cortical activiry
driven by a cue produces an inhibitory mask in SNr that
guides the correct saccade choice.

Comparison of Model and Data

During the intermediate stages of training, before this
transition between noise-driven vs. cue-driven saccades
occurs, we see that activation of caudate cells during the
cued period accurately predicts the direction of the
upcoming saccade, independent of the cue. Figure 7
iHustrates a cell with leftward saccade preference in
different phases of training. [n the first row. the cell is
shown with well learned cues for teft and right saccades.
In the second and third rows during the intermediate
phases of training when mistakes were still being made,
we sec that activation of this cell during the cued period
predicts saccade direction independent of the cue, or
the correctness of the saccade. Note on the second row,
the differences in activity of the cell during the cue-only

period on these two trials. When noise favors the left-
ward saccade, a stronger response is seen both during
the cue and cue with targets periods. When noise favors
a rightward saccade, the influence of the cue is much
less apparent, indicating how at this stage of learning,
neise is more influential than cue-related activity. On the
incorrect saccade (middle row, right column) the cell
shows an intermediate response for its preferred direc-
tion, even though the opposite saccade was made. Once
the FTcaudate learning dominates the influence of noise,
errors are greatly or completely reduced, and activation
of these cells predicts correct cue-guided saccades, de-
pendent both on the cue and the correct saccade. A
noteworthy property of these cells is that equivalent
cues (i.c., having different color and shape, but associ-
ated with the same saccade) produce similar activation
in their associated saccade-related caudate cells. This can
be seen for the four correct (arrow and shaded target
match) cue-guided saccadces in Figure 7.

Our preliminary data from a cue-guided saccade ex-
periment in rhesus macaque monkeys (Dominey, Joseph,
& Arbib, 1993) indicate that task-related caudate cells
encode combinations of cue and saccade properties, as
suggested by the model. While few cells showed purely
cuerelated responses, almost one-third of the task re-
lated cells respond to cue onset with an increase in
activity that reliably predicted subsequent saccade direc-
tion (Dominey et al., 1993). A typical cell of this type is
shown in Figure 8, Like the simulated cell in Figure 7,
for intermediate stage learning this cell responds during

Figure 7. Simulated saccade
preparcation ¢ell. Arrow indi-
cates direction of saccade,
dark square indicates correct

wa—() O

direction. All traces are from a
cell that has preference for
leftward saccades. Left col-

umn: lefiward saccades. Right
column: rightward saccades.
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Figure 8. Saccade prepara-
tion cell. Same notation and ar-
rangement as in Figure 7.
Vertical axis firing rate 0-25
spikes/second. Horizontal axis,
trial time: 9000 ms, aligned on
cue onsct. Sec text.
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the cue-target overlap, and predicts saccade direction,
independent of the cue, whereas for well learned cues
it predicts cue and saccade direction. The two cues in
the top row were well-learned and the only errors were
fixation related. On the second and third rows, we see
correct and ¢rror trials for cues that were being learned.
As in the model, for this intermediate learning, the cell
predicts saccade direction, independent of cue. Interest-
ingly, in both model and animal, the activity increases
near the onset of the cue, well before the saccade itself.
In the model, this eatly response is produced by com-
bined cue-related activity from IT, and the noise/target-
related activity in FEF in PP Competition in striatum via
inhibitory axon collaterals (Wilson & Groves, 1980),
along with the FEF thalamic interactions (Illinsky et al.,
1985), tends to increase the activity in the area favored
by noise or learning, decreasing the activity related to
the disfavored target, thus producing the effect of pre-
saccade direction prediction.

Hikosaka et al. (1983¢) note that a common charac-
teristic of caudate cells is their predictive or anticipatory
activity. We see this in Figure 8, where, before the cue

onsct, the cell begins to fire as if anticipating the cue (or
preparing for its preferred saccade), and continues to fire
if it is a preferred cue, while stopping if not. This antici-
patory activity appears to demonstrate a temporal (as
opposed to visuospatial) association capability that may
represent preparation for, or expectation of a future
event, and poses a challenge for future modeling.

It has been noted that many responses in basal ganglia
neurons to external stimuli are not primarily sensory, but
instead are related to the meaning of the sensory inputs
(Schultz, 1989). For example, in 2 CVD go-nogo task
roughly one-third of caudate cells responded to the trig-
ger stimulus, and one-quarter of these responding cells
were activated only in the go trials. When the go-nogo
meaning of the stimuli was reversed, the majority of
these differentially responding neurons also reversed
their stimulus preference, indicating that the neuronal
response was related to the behavior itself, and not to
the stimulus that triggered that behavior (Rolls, Thorpe,
& Maddison, 1983). In our own modeled reversal cxperi-
ments the same is true. In reversal, a hehavior that was
previously rewarded is now punished. As the initially



strong IT-caudate synapses are weakened during the
reversal, there is a perseverance until the original behav-
ior is sufficiently weakened so that noise can again
contribute to guessing. The new behavioral association
is gradually formed, first via guess and then via increased
effects of learning the new association, yielding finally a
cue-guided response for the opposite saccade direction.

Prediction #1

In a related set of experiments on remembered saccades,
Hikosaka et al. (1989a) demonstrated sustained activity
during the delay period of a memory saccade task in
caudate cells that had spatial preferences for the remem-
bered saccade locations. This activity was elicited both
in cases where the target was presented transiently be-
fore the memory period, as well as in cases where the
saccades alternated between two left-right targets so
that the next saccade direction could be predicted from
the previous saccade. In this second case, cells with
spatially sclective movement/memory fields were acti-
vated without a visual stimulus falling in that field. In
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Figure 9. Cueguided memory saccade. During fixation, a well-
learned cue is briefly presented, then replaced by a neutral fixation
point. A1 removal of the fixation point, the rwo targets appear, and
the subject must saccade to the correct target. The brief cue presen-
tation activates the topogmphic region of candate corresponding 10
the learned sacceade. This in turn inhibits SNr, releasing SNr inhibi-
tion on thalamus. Background cortical activity now excites thalamus,
and the reciprocal interaction between FEF and thalamus amplifies
this activity. seen as a rise in FEF and thalamus traces, After removal
of the cue this activity remains, in a form of spatial memeory that is
activared by central cue. Following the go signal (fixation point re-
movaly, this memory effect of sustained reduction of SNr activity at
the topographic location for the correct saccade leads to collicular
activation for that saccade, now that the inhibitory influence of FOn
on 5C and CD is removed.

Figure 9, we show the results of a modified version of
this memory saccade task in which the cue itself (rather
than a target flash or the previous saccade) informs the
correct saccade. The cue is presented phasically during
fixation, activating the reciprocal thalamocortical circuit
via striatonigral disinhibition. A “spatial memory,” evoked
by a central cue rather than the target, is stored in this
circuit until the gosignal occurs and the saccade is
executed without the target being presented. In this
case, we predict that for well-learned cues a form of
conditioning will be observed: saccade-related caudate
cells will be driven by the central cue, and continue to
fire after the cue is removed, through the go signal until
the correct saccade, without a target stimulus falling in
the cells’ receptive field.

Learning of Spatial Generalizations

The above model demonstrates how a cuedriven pat-
tern of neural activity in inferotemporal cortex (IT) can
become associated with a saccade to the correct one of
two fixed spatial targets. An example is illustrated in
Figure 6 (middle panel) where cue-driven IT activity
modulates $C’s inhibitory mask, SNr, to select for activa-
tion in SC appropriate for a saccade to the fixed right
target. We are now concerned with learning the more
general sensorimotor association that will allow the
same cue to guide the choice of the rightmost of any
two targets, as lfustrated in Figure 1A2, without ad hoc
modification of the model to accommodate this require-
ment. Thus, the same cue-related IT activity should
modulate SNr so as to select the rightmost of any two
targets, even if these two targets are arranged in new
positions.

We investigated the learning of spatial generalizations
with the model, using multiple target configurations
with rwo well-known cues (from associations 1 and 2 in
Table 1), one each for left and right. Three experiments
were performed to compare gencralization under differ-
ent conditions, We observe that for a given horizontal
row of five positions, there are 10 different left-right
configurations of two targets with which we can test
spatial generalization.

In Experiment 1, with two of the welllearned cues,
we first traincd the model using 0 of the 10 target
configurations as a training set (generalization learning,
GL), and then tested its ability to perform on the remain-
ing four target configurations (generalization test, GT). As
a control (Experiment 2), we then trained the model on
a single configuration of targets for the same number of
trials as in the training set above (nongenecralization
learning, NGL), and then tested it on the generalization
configurations (GT). Finally, in Experiment 3, we tested
the untrained model only on the test set (GT). In Table
2, we see that performance on the test set (GT) is best
if some generalization training precedes the testing (Exp.
1), and that the model in the naive state performs better



Table 2. Summary of Three Experiments on Generalization as a Function of Pretraining.”

Experiment | Experiment 2 Experiment 3
GL1 GL2 GL3 - GT1 NGE1 NGL2 NGL3 GT1 [y B
48/64 G0/66 60/66 52/66 56/65 67/67 67/67 3/63 29/64
75% 91% 91% 79% B6% 100% 100% 5% 45%

o Experiment 1. we expose the model to a generalization learning set {GL), and then a generalization test set (G, In controf Experiment 2,
we tmin an equal time on a fixed, nongeneralization learning set (NGL), and then test the generalization (GT). Note the poor generalization in

this case. In Experiment 3 we expose the naive model o the GT,

on the test set (Exp. 3) than the model that was trained
on only a single configuration of the targets (Exp. 2). This
is because biases toward the two fixed targets can now
cause them to be chosen over the new targets in GT,
even if incorrect (Exp. 2), and these biascs must now be
“unlearned.”

In Figure 6 (lower panel), we display the activity in
caudate and SNr during presentation of a rightward cue
after generalization learning on the entire set at perfor-
mance above 95% correct. Note that the activity in cau-
date forms a “spatial gradient” that is monotonically
increasing as we move from left to right. When com-
bined with target activities for left and right targets, this
gradient ensures that the caudate will favor the right-
most target. The cue-related $Nr gradient is more local-
ized, but is functionally equivalent when target and
cue-related activity are combined in CD and then SNr.
Thus, instead of forming an inhibitory mask that allows
activity at only a restricted site (as in Fig. 6, middle) the
generalized learning yields a mask that selects the left-
most of two targets in any location on the trained row.
A more conceptual depiction of the gradient for spatial
generalization is shown in Figure 10. What is significant
is that the theoretical solution to spatial generalization
provided by the “disinhibition gradient” of Figure 10 was
“discovered” by our learning model with the same cir-
cuitry used to relate cues to targets in fixed positions.

We note that extensive training with the targets dis-
tributed above the fixation point resulted in an over-

(A) Two peaks (B) Two peaks
plus local peak of plus gradient of
disinhibition disinhibition
_— e
yields yields

from which winner-take-all from which winner-take-all

selects the compondinT targel selects the rightmost target

Figure 10. Spatial gradient implements spatial generalization. In salv-
ing the spatial-generalization problem, by applving 2 gradient of disin-
hibition prior to a winner-take-all process: for two targets of equal
strength. the given gradient ensures that the rightmost target wins.
The gradient itself, then, implements the concept of “rightmost.”

representation of this area in the synaptic weights, and
a corresponding underrepresentation of the lower re-
gion, leading to poor performance when targets were
presenied there. A similar problem was seen in the initial
training of one monkey, who initiaily refused to respond
to targets in the lower visual field after extensive training
with targets only in the upper field (unpublished obser-
vations).

The continuous shape of this gradient results from the
simple statistical properties of the distribution of re-
wards for each target location. Consider a cue to be
associated with saccades to the rightmost target. In our
set of 10 target pairs, as a target is farther to the absolute
right, the number of target pairs in which it is rightmost
increases. Thus, over many trials, more rewards will be
received ar more rightward positions so that these posi-
tions will receive more influence from the cue, thus
forming a cue-driven gradient of activity in caudate that
is strongest at the right and diminishes to the left. It is
known that randomized presentation of training data
leads to a greater generalization capability than does
blocking of trials (e.g., Lee, Magill, & Weeks, 1985). We
have observed this in simulation runs where blocked
trials tend to produce humps in the middle of the gradi-
ent, leading to subsequent errors, whereas a random
distribution of target configurations tends to preserve
the monotonic nature of the gradient. While we will not
present the details here, we have also observed that
presenting the trials so that the gradient is built up at
the rightward extreme and gradually extends to the left
produces a smooth gradient in a minimal number of
training examples and with a minimal number of errors.

Prediction #2

In a related study of target selection based on relative
position, Niki (1974) used a left-right delayed alternation
task, with multiple target configurations. Recording sin-
gle prefrontal cortex units, he found one population of
cells that was selective for relative target position during
movement preparation, and another population selective
for absolute target position that was active during move-
ment execution. Our mode! predicts that, once the gra-
dient is learned, cells near the favored side of the
gradient will predict relative direction of the forthcom-



ing movement, as soon as the cue is present, whereas
cells at the locations specific for the actual saccades will
predict the actual saccade dirvection following the tar-
get presentation, prior to and during the saccade.

SEQUENCE LEARNING

The previous model learned static input:output map-
pings. In the sequence task the mappings learned are
time varying. To address this temporal processing, we
augment the model with a cortical structure invelved in
representation of spatial and temporal features, corre-
sponding to prefrontal cortex (PFC = superior arcuate
area and caudal part of the principal sulcus), along with
its corticostriatal projections, and a learning mechanism
that can modify these connections (Fig. 11). Like those
of I'T, the PFC corticostriatal projections form longitudi-
nal bands that include target arcas adjacent to and over-
lapping with the FEF projections to caudate nucleus
(Selemon & Goldman-Rakic, 1985), the striatal compo-
nent of the oculomotor loop. In the model this is
reflected by overlapping the PFC and FEF projections in
the caudate. We will identify information processing re-

quirements for the sequence task, and then present our
implementation based on known biological constraints.

Neural Coding for Sequence Reproduction

Barone and Joseph (1989a) recorded prefrontal cortex
neurons in monkeys trained to observe and reproduce
sequences of three lighted push buttons arranged, re-
spectively, above, to the left, and to the right of a central
lighted fixation point. In the first phase of each trial, the
three targets were turned on in random order; in the
second phase, the animal had to saccade to and press
each target in the order of their illumination, cued by
full illumination of the targets that remained to be
pressed three successive times, as illustrated in our Fig-
ure 1B1. Three hundred and two cells were recorded
from the superior arcuate area and caudal part of the
principal sulcus, and were classified as visual tonic (VT),
fixation, context, saccade-related, and visual-phasic cells.
VT cells (35/302 = 11.5%) showed sustained activation
during fixation of the central fixation point (FP) follow-
ing onsct of one of the three targets, and were spatially
selective, similar to the sustained activity of real (Barone
& Joseph, 1989b; Funahashi, Bruce, & Goldman-Rakic,

Figure 11. Schematic of se-
guencing model. Caudate
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1989) and simulated (Dominey & Arbib, 1992) FEF cells
during memory saccades. In addition, the VT cells also
had a preference for the temporal order in which their
spatially preferred target appeared. Fourteen VT cells
were sclective for the first target in the sequence, 10
cells were active for the first or second targets in the
sequence, 8 were active just for the second target, and
3 cells were active for the second or third target. In one
group of VT cells, the saccade to the target reset the cell
to its pretrial firing rate, whereas a second group of VT
cells was not reset with the targeting saccade.

Context cells made up the largest class of task-related
units (116/302 = 38.5%). They were activated during
the fixation of a given target in the sequence execu-
tion phase, contingent on which other targets had been,
or were going to be pressed. Of these cells 96 were
spatially selective, in that they had a preference for
spatial locaticn of the target. These cells seem to reflect
the state of execution of the sequence and could be
considered to provide a state-transition function for the
system.

For all six of the possible sequences of three elements,
the first trigger is fixation point removal, and the lighting
at full strength of all targets. This ambiguous trigger must
be augmented with some internal information to resolve
the ambiguity. Recall that many of the VT cells showed
sustained activity only when the target in their visual
field was first in the sequence, The pairing of these “rank
17 VT cells, activity with the ambiguous trigger is now a
unique trigger. Consider first the sequence UR. On pres-
entation of U, a subpopulation of the VT cells with the
appropriate spatial receptive field becomes active, We
will refer to this subpopulation as VT1. On presentation
of R, the activity in VT1 combined with stimulus 2 will
activate subpopulation VT2. Now, when the trigger is
presented, the animal will have an ensemble of activity
in the VT cells, which, when combined with the ambigu-
ous trigger, will produce a unique combination of inter-
nal and external activity. The point is that cortex is
organized so that presenting the different sequences
produces different patterns of cortical activity.

During the learning required to execute this new
twoitem sequence, following the presentation of the
two targets and then the first “trigger,” the animal will at
some point randomly saccade to the correct first target,
U, and get rewarded,? strengthening the association be-
rween the response to target R and the cortical pattern
of activity or “motor set” produced by observing se-
quence UR. The new internal state, including activity of
context cells that respond after the saccade to U, result-
ing from the new visual input and saccade efferent copy,
forms a new “motor set” that will be associated, through
learning, with target R. Thus, it appears that temporal
structure is encoded in terms of transitions between
internal representations of context. In the training of the
animals, all six rwo-item sequences were learned first,

before moving to three-item sequences. This suggests
that a three-item sequence might be learned as a combi-
nation of a two-item sequence and a third clement.
Indeed, in Barone and Joseph’s (1989a) report, cells were
found that were activated for a target only when it came
first, either in a two-item or three-item sequence.

The Sequence Learning Model

As in the association model, the visual input is provided
by a 5X5 spatial array. As illustrated in Figure 1B, the input
consists of a fixation point and a sequence of three visual
targets. After a delay, the model must reproduce the
target sequence as a sequence of saccades to the targets
in the order they were presented. Each saccade moves
the “eye” so that the retina is centered on the saccade
target [Eq. (13]. For each trial the simulation will compare
the model's response to the desired response and pro-
vide a reward or punishment signal as appropriate, trig-
gering the application of Egs. (11) and (12) for the
maodification of PFC to caudate synapses.

Processing Requirements

We consider sequence reproduction in terms of transi-
tions between successive internal states, such that each
state evokes the correct next saccade, and jts execution
leads to a transition to the next state. The ability to Iearn
to recognize and then reproduce a sensorimotor se-
quence requires the following: (1) After the ordered
presentation of the targets, the model must be in a state
to produce a saccade to the first target. (2) After the nth
saccade, the model must enter a state in which it will
produce the (n+1)th saccade, and so on. As illustrated in
Figure 1,in this sequence task, the central point is fixated
while the three peripheral targets arc illuminated in
some order. This activity pattern can then be associated
with the first saccade of the sequence. Execution of this
saccade results in a new visual input, since the eyes
move to the first target. Modification of the previous
internal state by the combination of the new visual input
and a “copy” of the previous saccade produces a new
pattern of activity that should be sufficient to specify the
next move, and so on. .

The sequencing problem requires that the brain con-
tains a site that receives (1) visual input from the
“where” system, (2) a form of motor efferent copy of
saccade outputs, and finally (3) some form of selfinput
for maintaining state information through time,

Internal Representation of Temporal Events

PFC provides a likely anatomical site for representation
of context from internal and external sources in this
sequencing task. Visuospatial activity from PP provides
the spatial “where” input to PFC (Goldman-Rakic, 1987),



satisfying (1). Thalamic inputs to PFC provide a form of
simple spatial memory, as seen in the FEFmem cells of
our original model (Dominey & Arbib, 1992), and the real
FEF (Bruce & Goldberg, 1984) during memory saccades.
Postsaccadic activity corresponding to the previous sac-
cade(s), as seen in the FEF (Bruce & Goldberg, 1984) is
provided to PFC via a thalamic relay of SC activity,
5C_POST [Eq. (15)], satisfying (2). The final input to the
PFC [Eq. (13)] is a damped self input {Eq. (14)] with
randomized projections varying berween —0.6 and 0.4,
satisfying (3). This allows for complex recurrent memory
loops, and also for the inhibitory interactions that will
produce order selectivity. The negative bias (i.c., weights
ranging between —0.6 and 0.4) prevents a runaway self-
excitatory saturation of PFC, SC_PFC, PP_PFC are con-
nection matrices with synaptic  strengths that vary
between —-0.5 and 0.5, respectively, providing a balanced
inhibitory and excitatory signal of SC and PP activity,
respectively. The constants for each term represent their
relative contribution to the state maintenance function
of PFC.

Tpre = 0.01

Spee = 2.0(PP * PP_PFC) +
1.5(Damped_PFC * PFC_PFC) +
5(SC_POST * SC_PFC) + 4 * THAL

PFC = sigmoid(pfc, 0, 100, 0, 100) (13

Damped PFC gets topographic input from PFC. Its 25
cells are split into groups of five that have five different
time constants [represented as (0.1, 0.6, 1.1, 1.6, 2.1) in
Eq.(14)}. This diversity of time constants was determined
to accommodate different durations of target presenta-
tions (the phasic and toaic target presentation para-
digms that produce brief and prolonged input,
respectively, described below), and thus place different
requirements on the temporal sensitivity of PFC.

Tdamped_pfe = (0.1, 0.6, 1.1, 1.6, 2.1)
Sdamped_pfc = PP_PFC
Damped_PFC = sigmoid(pfc, 0, 100, 0, 100} (14)

The SC_POST layer provides a record of postsaccadic
activity to PFC.

Toe_post = 0.2
Sse_post = 5 * SC
SC_POST = sigmoid(sc_post, 0, 100, 0, 1000 (15)

Via the learning and normalization rules [Egs.(11) and
(12)] that apply reward or punishment after each sac-
cade, the patterns of PFC activity that precede each
saccade influence caudate [Eq. (4.3)] so that each pat-
tern activates the correct saccade related cells. This leads
to inhibition of the SNr [Eq. (5)], and disinhibition of $C
[Eq. (6)] for production of the correct saccade. Inputs
from PFC to CD are via the modifiable synapses in
PFC_CD_Synapses.

Ta = 0.01

Sca = DA_Modulation * [0.1(PFC

* PFC_CD_Synapses) + 0.4 * FEF
+ CD * InhibitoryCollaterals]
sigmoid(cd, 0, 100, 0, 75)

CD

“.3)

Simulation

This PFC architecture was developed so that at each
point in the execution of ¢ach of the sequences, there
will be a unique pattern of activity in PFC, Consider the
two sequences right-left-up (RLU} and right-up-left
(RUL). Though the first saccade is the same in both
sequences, the resulting patterns of cortical activity must
be different if these patterns are to be reliably associated
with correct second saccades appropriate for these two
different sequences. Due to the order preservation pro-
vided by the mixed excitatory and inhibitory PFC inputs,
and the recurrent connections in PEC, perception of
these two sequences produces different patterns in PFC
that remain different even after identical saccades to R,
and identical visual input resulting from this saccade,
Figure 12 illustrates the PFC and caudate activity after
the saccades to R in these two sequences, Note the
different patterns of PFC activity, and the resulting pref-
crence in CD for the U and L targets, respectively, pro-
duced by these divergent patterns. The CVD learning
model presented above has demonstrated that a unique
pattern of activity (generated by a visual cue) can be
associated with the correct one of two targets via corti-
costriatal trial-and-error learning. In the current simula-
tion, the model learns to associate PFC activity patterns
(generated by the context of the sequence) with the
correct onc of three targets, again via corticostriatal
reinforcement learning.

The model training progresses graduaily, based on the
shaping used in primate training, moving progressively
to sequences of one, two, and then three items. In a
typical run of our simulation of the sequence learning
task, the model attained over 95% correct performance
after exposure to approximately 800 trials of the 6 three
item sequences. After the learning had taken place, we
plotted the responses of the 25 PFC cells during all six
sequences, and analyzed them according to the criteria
defined by Barone and Joseph (1989a).

Table 3 shows the progression of performance while
the model learns the 6 sequences during 6 training
epochs. The first epoch (El1) is a “no choice” condition,
i.e., for each of the 6 sequences the three targets are
presented while the model fixates, then the fixation
point is removed, and the single targets are re-presented
in the same order (go-signals). The model simply sac-
cades to the targets as they are presented, and thus
performs at 100% correct. In the subsequent epochs
(E2-EG), the “choice” paradigm illustrated in Figure 1B1
is used, i.e., after the fixation point is removed, all the
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Figure 12. Snapshots of PFC, PFC_CD synapses. and caudate activity after the first saccade to R in the sequences RUL (above) and RLU (be-
low). In both cases the model is now fixating R, so targets U and L are shifted 2 units left and 1 unit up on the updated retinal image, as seen
in caudate. In both RUL and RLU the model must select from these two targets. Though the first saccades and the subsequent retinal inputs
were identical for RUL and RLU, the resulting patterns of cortical activity in PFC are different. These patterns are transformed 10 candate activ-
ity via the PFC_CD_Synapses. In caudate, we see that for sequence RUL (above), the upper target is favored, while in RLLI, (below), the left tar-

get is favored.

Table 3. Training Evolution for Six Sequences.?

Seq.

No.  Targets Ei E2 E3 £4 E5 o
1 LUR 14/14  13/23 11/13 10/16  12/19  1/1
P RUL 14/14 13726 10/18 10/10 1111 171
3 URL 13/13  12/15 10/10  10/10  11/11 171
4 LRU 13/13  12/44 10/17 10726 11/15 1/1
5 RLU 13/13  12/49 10/17 10/13  11/16  1/1
6 LIRL 13/13 12726 10/10 10710 11/12 141

Caorrect by 100 40 71 70 80 100
epoch (%)

7 El "no<hoice.” E2-EG require “choice” and demonstrate progres-

sive improvement from 4§60 to 100%.

targets that have not yet been visited are presented three
times in succession (go-signals) and the model must
learn by trial and error the correct sequences. The train-
ing in E1 provides a basis for subsequent performance,
but alone is not sufficient, since the *“no-choice” and
“choice” go-signal visual inputs from PP to PFC are dif-
ferent, yiclding different patterns of activity in PFC. In
E2-E6 we sec a progressive improvement from 40%
(chance is 0.17%, i.e., 1/3 x 1/2) to 100%,

We observed that a high learning-rate [C1 in Eq. (11))
is useful in early epochs, but can produce a form of
instability as learning proceeds, such that synaptic
changes made during the correct performance of one
sequence can interfere with the correct performance
of a previously learned sequence, While we did not
systematically study the optimal trajectory of learning-
rate change, we did determine that by reducing the
learning-rate in later epochs, this instability can be elimi-



nated. Indeed, for the learning that precedes 100% cor-
rect performance, the learning-rate for correct trials
(learning-rate) can be reduced to zero, so that synaptic
change occurs only on error trials (forgetting-rate). In
E1-E2 the learning- and forgetting-rates are 2.5¢-5. In E3
the learningrate is reduced to Se-6, and in E4-E6 the
learning- and forgetting-rates are 0 and 2.5e-0, respec-
tively. Thus the final improvement from 70 to 100%
occurs via “forgerting” rather than “learning.” We note
that leaving both learning- and forgettingrates fixed at
2.5¢-5 produces a final performance between 85 and
90% correct.

Comparison of Model and Data

In Figure 13A we see a typical VT cell from our simula-
tion, and in Figure 13B a typicat VT cell from Barone and
Joseph (1989a). The simulated cel responds to the left
target (L) when it appears first, as seen in the first two
traces, which are for sequences LUR and LRU, In the
remaining sequences, the cell is also activated before

saccades to the left. This same combination of activity is
seen in a primate VT cell, which responds to the upper
target (U} when it appears first, and before saccades to
that target. Figure t4 compares typical context celis (A)
from the model and (B) Barone and Joseph (1989a). Both
the animal and model cells start firing after the saccade
to U and stop firing after the saccade to R or L in the
sequences URL and ULR. Figure 15 presents the popula-
tion of 25 PFC cells during the execution of all six
sequences,

Table 4 compares the distribution of simulated cell
types, from Figure 15, with those found in primates
(Barone & Joseph, 1989a). Our percentage of context
cells compares well with those in the monkey, and while
we sec a larger percentage of VT cells than in the
monkey, in both the model and monkey there are less
VT than context cells. These relative proportions suggest
that more effort is required to maintain the dynamic
internal state during execution (with context cells), than
to construct the initial state at the start of sequence
execution (with VT cells). Recall from Eq. (13) that the

Figure 13. Comparison of

simulated and real visual-tonic
cells. (A) Simutated VT cell ac-
tivity in each of the six se-
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Figure 14. Comparison of
simulated and real context
cells. Context cells respond af- URL f—\_
ter saccades to a particular tar- A
get, dependent on which
targers have zlready been, or f = 1
remain to be, chosen. (A) Re- ULR
sponse of a simulated PFC
cell during execution of the RUL
six sequences. Like the real
PFC cell, this simulated cell is
active after saccades to U only LUR
when it is the first saccade in
the sequence. Target presenta-
tion indicated in “Trial pro- RLU
gress” as in Figure 13. (B)
Context cell from Barone and LRU
Joseph (1989). This cell is acti-
vated after the saccade to U
in the sequences ULR and Trial progress Y r 9
URL, and in no other se- ——— — —r
quences.
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modeled PFC is constructed to receive spatial input from
PF, a damped self input, postsaccadic input, and a form
of spatial memory indirectly from thalamus, satisfying
the minimum information requirements we defined pre-
viously, and providing the architectural basis that yields
VT and context cell types. Regarding our lack of sac-
cade-, fixation-, and arm movementrelated cells, it is
likely that the real PFC receives other inputs in addition
to the minimal set we defined for this task. Indeed, in
the animal task, there is a reaching movement associated
with each target while our simulated task involves only
saccades. Barone and Joseph conclude that the activation
of spatially selective fixation neurons intervenes only
during preparation for visually guided reaching, based on
their own results and those of Suzuki and Azuma (1977,
indicating that visually guided reaching was required for
activation of the fixation cells. The absence of a visually

guided reaching component to our sequential saccade
task may remove the need for fixation and movement-
related cells and justify their absence in our population.

Figure 16 shows snapshots of the patterns of activity
in PFC at the time of each of the 18 saccades made
during the execution of 6 sequences. We can see that
while there is some overlap in these patterns, each one
is sufficiently distinct that it can reliably be associated,
via PFCIT plastic synapses, with its corresponding
saccade.

Effects of Target Presentation Format

In the 1989 paper, Barone and Joseph presented the
stimuli in a “tompic-removal” format, in which once a
target came on in the sequence presentation phase it
remained on until after the first saccade was completed.



Figure 15, PFC activity dur-
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Table 4. Number and Classification of Prefrontal Cortex Cells

Barane and Joseph

(1989 Stmuilation-Tonic
N % N % Cells from Figure [5

Visual tonic 35 12 8 35 2,46,7.8,14,21,23
Fixation 65 21 — -
Context 116 38 9 39 5,10,12,15,16,20,22,24,25
Saccade-related 33 11 — —
Movementrelated 9 — - _
Signal-related 24 8 3 14 9,11,18
Others 20 7 3 14 313,19

In the sequence reproduction phase, once a target had
been visited, it was removed from subsequent go signals.
This format raises two questions concerning unit activity
and performance. First, is the visual-tonic cffect directly
related to the tonic presentation of the targets, or would
it still be seen if they were phasically presented? Second,
the tonic-removal format is easier since for the third
szccade, there is only one target to choose from. What

would happen to performance if all three targets were
lighted for the three go signals?

We trained the model using the “phasic-nonremoval”
paradigm illustrated in Figure 1B2. In this case each
target is presented phasically, and the three go signals
use all three targets, rather than just the targets thar have
not yet been visited. The model performed nearly as
well, consistently above 85% for the 6 sequences. While
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Figure 16. Pattern of activity in PFC at the time each of the 18 sac-
cades was made (6 sequences X 3 saccades per sequence = 18 sac
cades). The three armays represent the PFC activity during each of
the the first, second, and third saccades in the six sequences. The 25
columns represent the 25 PFC cells, and the size of the solid filling
indicates the degree of firing for each cell. Annotation to the left indi-
cates the sequence and the current correct saccade (underlined)
that is associated with the pattern of activity in PEC. The associative
memory must correctly “recognize” these different patterns and asso-
ciate them with the correct saccades. These patterns are distinct
enough so that the model can perform above the level of 95% cor-
rect as seen in welHtmined primares.

the performance of the model in both cascs is quite
good, the unit response characteristics in the “phasic-
nonremoval” are less cbvious than in the “tonic-
removal.” These differences in activation are likely due
primarily to the change to phasic presentation of the
targets, which removes a source of tonic input. It is
noteworthy that although the temporal structure of
these PFC cells is less obvious and the task is more
difficult, the model performs well. This suggests that the
statc coding properties are in the patterns of activity in
the entire PFC population, rather than in stercotypic
behavior of a few cells.

DISCUSSION

We have developed minimal extensions of our previous
meodel of saccade generation (Dominey & Arhib, 1992)
that solve the conditional visual discrimination (CVD)
and sequence learning tasks. In doing so, we have dem-

onstrated that for both tasks, correct performance can
be achieved by a common mechanism that involves
adaptive interaction between cortex and striatum. Stable
patterns of activity are established in cortex, arising from
direct sensory input, or from a combination of sensory
and motor efferent inputs and internal state (i.e., the
previous stable pattern of activity in cortex). These pat-
terns of activity in cortex influence the oculomotor
saccade circuit via adaptive corticostriatal projections. A
reward-based learning mechanism modifies cortico-
striatal synapses to link these patterns of cortical activity
to the correct saccade responses during learning. Learn-
ing proceeds on a trial-and-error basis, where initial
“guesses” are provided by low levels of random activity
that are injected into the network te break the “symme-
try” between choices. Two promising aspects of this
meodeling approach are that, indeed, the same principles
used in the CVD model successfully apply to the rather
different task of sequence reproduction, and that in both
cases, not only external behavior, but also single unit
activity matches well with experimental daca. While we
focus on the “oculomotor loop,” this model could be
extended to address context-dependent behavior in the
other parallel circuits linking basal ganglia and cortex
(Alexander ct al., 1986).

It is clear that in the behaving primate, there are brain
mechanisms involved in solving the CVD and sequence
learning tasks that are not captured in these models.
However, data from striatal lesion (Reading et al., 1991)
and dopamine depletion (Robbins et al., 1990) studies
demonstrate that the intact frontostriatal system is nec-
essary for normal learning of this kind.

Dopamine Function

In our models, we suggest two roles for the diffuse
release of dopamine in the striatum, consistent with the
view that neuromodulation in basal ganglia operates on
multiple time scales (Graybiel, 1990}. First, DA modulates
cortical inputs to the striatum, ensuring that these inputs
remain in a range to which striatum is sensitive. This
agrees with the view that DA increases the signal-to-
noise ratio in a population of cells, as suggested by
Servan-Schreiber, Printz, and Cohen, (1990). Insufficient
DA augments the excitability of striatum (Calabresi et al.,
1993), leaving it potentially insensitive to the relative
differences between strong cortical inputs. This insensi-
tivity will impair fearning and recall of learned associa-
tions, as seen in the striatal DA depletion studies of
Robbins et al. (1990). In constructing this regulatory
circuit, we suggest, as do Carlsson and Carlsson (1990),
that the striatal input to the SNc dopamine-producing
cells undergoes 4 sign change via influence from SNr. The
functional result is a negative feedback control on corti-
costriatal activity, ensuring that striatum is not saturared
by cortical inputs. In addition, by its down-regulation of
seriatal activity, this circuit will attenuate thalamocortical



activity, thus bringing cortex itseif back into a nominal
range of activation.

In addition, the phasic release of DA following a liquid
reward during task learning (Ljungberg et al., 1991;
Schultz et al., 1993) participates in an adaptive mecha-
nism for strengthening corticostriatal synapses following
reward [see Eq. (11}]. These synaptic changes construct
causal associations between cortical patterns of activity,
representing behavioral contexts, and the correct sac-
cades for those contexts. Qur models demonstrate that,
as implemented here, the regulatory and adaptive func-
tions of DA can coexist and cooperate.

Ljungberg, Apicella, and Schultz, (1992) found that
during learning of simple tasks, nigrostriatal dopamine-
producing cells are activated by the reward, and cucs
associated with the reward, and that these responses
diminish-after the behavior is overlearned. During per-
formance of a more complex delayed alternation task,
however, the same investigators (Ljungberg et al., 1991)
found that responses in DA cells to trigger and reward
were qualitatively preserved in conditioning, postcondi-
tioning, and overtraining. These selective responses to
salient stimuli only during learning of a simple task
suggest that DA neurons participate in behavioral adap-
tation, and are no longer required once a behavior
becomes a habit. This kind of conditional response
associated with important or reinforced stimuli and
behavior is typical of neurons found in the primate
ventral striatum (Rolls & Williams, 1987). Cells in this
region project to the SNc, and can thus influence the
modulation of behavior by the release of nigral
dopamine in the stristum (Smith & Bolam, 1990), as in
our Egs. (10) and (11).

While we only model “forgetting” as a negative value
for the reinforcement signal, we note that depletion of
dopamine from nucleus accumbens septi impairs extine-
tion of associations in CVD tasks (Robbins et al_, 1990),
suggesting its role in the use of error information. In tests
of temporal order and conditional associative learning,
PD patients were impaired only when learning by trial-
and-error was required (Vriezen & Moscovitch, 1990),
but not when corrections were provided on error trials,
indicating that the reinforcement pathway is intact,
while the error processing pathway is not. We can ob-
serve this effect by setting our penalty signal to zero,
after which both CVD and sequence learning are sig-
nificantly impaired.

Generation of Diversity

Associating input patterns with output patterns is facili-
tated if the input patterns do not have significant over-
lap, and can thus be easily distinguished. IT and PFC in
our models ensure that visual cues and sequence execu-
tion states are represented by parterns of activity that
are sufficiently nonoverlapping to be associated uniquely
with the correct saccade. By using mixed excitatory and

inhibitory connections from V4 feature cells to IT we get
IT cells that have preferences for different features and
their conjunctions and disjunctions, and the geneml
property that the degree of similarity or dissimilarity .in
cues is reflected in the corresponding IT activity. In PFC,
the coded “features” are related to position, temporal
order, and previous saccade activity. Again by using com-
bined inhibitory and excitatory input from visual, sac-
cade-related, and selfinput sources, PFC cells detect
these individual “features,” as well as their conjunctions
and disjunctions. By allowing the output of the network
to influence its state, we produce a sequence of con-
nected states that can be used to store and reproduce
behavioral sequences. It is likely that intrinsic cortical
plasticity plays a role in these primate tasks, but by
allowing the required information “features” relevant to
the sequencing task 1o combine in our PFC via fixed
connections, the resuiting cellular activity is surprisingly
similar to that in the primate PFC, and provides the
required representational diversity for learning the task.

Related Models

Many recurrent models (e.g., Jordan, 1990, Eliman, 1990)
use network output as part of the next input to generate
sequences. These models learn by computing an error
measure from the nerwork output and the desired out-
put and adjusting connections strengths to minimize this
error. OQur approach differs in that it is based on a global
reinforcement/penalty signal. This approach has been
applied te the control of dynamic systems (see Barto,
1990), and to learning sensorimotor and coordinate
transformations (Fagg & Arbib, 1992; Mazzoni, Anderson,
& Jordan, 1991). The Fagg-Arbib modet learns stimulus-
responsc mappings using reinforcement to form feature
detectors that activate voting units that become associ-
ated, again by reinforcement, with the correct response.
In our models, the PFC and IT cells are hardwired feature
detectors whose votes are determined by reinforcement
of corticostriatal synapses,

Dehaene, Changeux, and Nadal, (1987) developed a
model of sequence learning and reproduction in which
prerepresented sequence detectors are selected by train-
ing to accommodate the sensory sequence input using
a local Hebbian rule. Our PFC also prerepresents se-
quences via the existence of excitatory and inhibitory
connection from sensory and self inputs, so that patterns
of activity PFC encode sequential states, and sub-
sequently become associated with production of the
correct saccades. Wang and Arbib (1990) note that the
selection modei of Dehaene et al. relics on prerepresen-
tations that would have to be immense to learn arbitrary
nontrivial sequences. They address this problem in a
model of sequence recognition and reproduction based
on short term memory [see our Eq. (13)), establishing
sequence sensitivity by learning rather than by selecting
existing prerepresentations.



Dehaene and Changeux have also modeled prefrontal
cortical function in solving delayed-response tasks
(1989) and the Wisconsin Card Sorting Test (1991). In
these models, reinforcement is used to stabilize correct
performance and de-stabilize incorrect performance, and
to modify “rule coding” activity as a form of search for
correct state. An important aspect of these tasks is the
need to rapidly respond to a change in reinforcement
schedule. This constraint is addressed by coding “rules
of behavior” as patterns of activity, capable of rapid
change, rather than as slowly adapting synaptic weights.
The trade-off for this rapid rule changing capability is a
limitation on the number of available rules that are built
into the system as prerepresentations.

An Alternate View and Final Prediction

We have taken a specific, refutable position on a mecha-
nism for sensorimotor associations that is implemented
by synaptic changes between cortical inputs to striatal
cells that participate in motor loops. An alternative
mechanism could involve synaptic changes between cor-
ticocortical sensory inputs from sensory to motor-re-
lated cortices, possibly facilitated by striatal activity.
These two mechanisms may be resolved by examination
of unit activity in the caudate during the learning of a
complex stimulus-response habit. If the caudate only
participates transiently, by facilitating corticocortical
learning, then a transitory change will be observed in
caudate cells during leamning, If corticostriatal synapses
are permanently changed in SR formation, then a perma-
nent change will be seen in the caudate cells, as pre-
dicted by our model.
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Notes

1. Abbreviations used: CD, caudate nucleus; CVD, conditional
visual discrimination; DA, dopamine; FEE, frontal eye field; FOn,
fovea on—active during visual fixation; IT, inferior temporal
cortex; LTD, long-term depression; LTP, long-term potentiation;
MD, mediodorsal thalamus; NMDA, V-methyl-D-aspartate; NSL,
neural simulation language; PFC, prefrontal cortex; PP, posterior
parietal cortex; RLU, right, left, up—target sequence; SC, supe-
rior colliculus; G, brainstem saccade generator; SN¢, substantia
figra pars compacta; SNr, substantia nigra pars reticulata; SR,

stirnulus response; VT, visual tonic cells—recorded in PFC; WTA,
winner-take-all.

2. Dynamic spatial remapping of iarpet representations for
double-step saccades developed in Dominey and Arbib (1992)
will not be addressed in the present article.

3. Compare the symmetry breaking in the Fagg and Arbib
(1992 model.

4. If the animal makes a wrong move at any point in the
sequence, then the trial is terminated. Thus we can consider
that when he makes a correct move and the trial is not termi-
nated, this will be a form of “internal reward,” which will, in
the model, lead to reinforcement of the correct move, even
though the actual juice reward has not yet been received.
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