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Abstract Recent experiments on behaving monkeys have1

shown that learning a visual categorization task makes the2

neurons in infero-temporal cortex (ITC) more selective to3

the task-relevant features of the stimuli (Sigala and Logothe-4

tis in Nature 415:318–320, 2002). We hypothesize that such a5

selectivity modulation emerges from the interaction between6

ITC and other cortical area, presumably the prefrontal cor-7

tex (PFC), where the previously learned stimulus categories8

are encoded. We propose a biologically inspired model of9

excitatory and inhibitory spiking neurons with plastic syn-10

apses, modified according to a reward based Hebbian learning11

rule, to explain the experimental results and test the validity12

of our hypothesis. We assume that the ITC neurons, receiv-13

ing feature selective inputs, form stronger connections with14
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the category specific neurons to which they are consistently 15

associated in rewarded trials. After learning, the top-down 16

influence of PFC neurons enhances the selectivity of the ITC 17

neurons encoding the behaviorally relevant features of the 18

stimuli, as observed in the experiments. We conclude that 19

the perceptual representation in visual areas like ITC can be 20

strongly affected by the interaction with other areas which 21

are devoted to higher cognitive functions. 22

1 Introduction 23

Perceptual learning represents an important cognitive process 24

that involves structural and functional modifications of the 25

brain following sensorial experience, which leads to improve- 26

ments in performance with training or practice (Goldstone 27

1998). Different studies show that neurons from higher stages 28

of visual processing become tuned to some particular patterns 29

of the input. These changes in the response properties of cor- 30

tical neurons, that are supposed to be mediated by higher 31

cognitive top-down inputs and attention, are associated with 32

perceptual learning (Fine and Jacobs 2002). 33

Infero-temporal Cortex (ITC) and pre-frontal cortex (PFC) 34

are two interconnected cortical areas thought to be involved 35

in visual tasks, such as visual recognition, categorization and 36

memory, although the contribution of each of these two areas 37

for visual processing is not fully understood. In this context, 38

recent studies have suggested that PFC is mainly associated 39

with cognitive processing (such as categorization), while ITC 40

is more associated with feature processing, (Freedman et al. 41

2003). In a recently performed neurophysiological experi- 42

ment on behaving monkeys, Sigala and Logothetis have stud- 43

ied how the representation of visual stimuli in ITC is affected 44

by their behavioral relevance, measuring the activity level of 45

single infero-temporal cortical neurons during a visual cat- 46

egorization task (Sigala and Logothetis 2002). Their results 47

show an enhancement in neuronal tuning for the values of the 48

diagnostic features (Fig. 1b, top panel) as compared to the 49

responses to the non-diagnostic features (Fig. 1b, lower panel). 50

Further studies suggest that top-down signals from PFC could 51
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partially determine ITC neuronal responses (Freedman et al.52

2003; Tomita et al. 1999).53

Taking into account all these findings on perceptual learn-54

ing, higher visual processing and the tuning of ITC neu-55

rons after learning a visual categorization task (as reported56

by Sigala and Logothetis 2002), we hypothesize that the57

enhancement of selectivity to the diagnostic features in ITC58

(see Fig. 1b) might emerge, in the behavioral context, through59

a higher level cognitive feedback originating from category60

encoding neurons, possibly residing in the PFC.61

In order to test our hypothesis and account for the experi-62

mental results, we propose a neurodynamical computational63

model in the framework of biased competition and coopera-64

tion. By biased competition we assume that multiple65

activated populations of neurons engage in competitive inter-66

actions that are biased by external interactions in favor of67

specific groups of neurons highlighting the attended or task-68

relevant stimuli or stimulus-features. Neurodynamical mod-69

els developed within the conceptual framework of the70

Biased Competition Hypothesis (Moran and Desimone 1985;71

Chelazzi et al. 1993; Desimone and Duncan 1995; Chelazzi72

1998; Reynolds and Desimone 1999) have been proved to73

successfully account for different aspects of visual attention74

(Rolls and Deco 2002; Corchs et al. 2003) and working mem-75

ory context dependent tasks (Deco and Rolls 2003; Deco76

et al. 2004). Cooperation, on the other hand, promotes the77

co-activation of neuronal populations that represent stimuli78

or features associated with each other (Szabo et al. 2004;79

Almeida et al. 2004). For these models, competition is imple-80

mented through weak excitatory lateral connectivity and is81

mediated through the global inhibitory signal and coopera-82

tion is implemented through stronger than average excitatory83

lateral interactions.84

The proposed biologically inspired two-layer model of85

excitatory and inhibitory spiking neurons simulates two small86

interconnected areas in the brain comprizing the visual87

responsive units from ITC and the category encoding units88

from PFC. Preliminary work (Szabo et al. 2005) explored89

network’s behavior using the simple meanfield formulation90

and showed that the two-layer architecture can account for91

the referred tuning effect for a specific structure of the in-92

terlayer connectivity. For an already trained network, the93

connections between the ITC neurons and PFC category encod-94

ing neurons are structured in such a way that the bottom up95

input from the populations in ITC coding for relevant features96

activates the corresponding category neurons. Once active,97

these neurons, by top-down influence, bias the activity of the98

ITC neurons so that their representation becomes tuned for99

the behaviorally relevant features. In this work, the model100

is extended to include a learning scenario that reliably pro-101

duces the correct associations. The network learns to attend:102

learning to categorize correctly enhances the representation103

of behaviorally relevant information in the sense that during104

learning, the model gradually ‘attends’ only to the relevant105

features which in turn improves the performance of catego-106

rizing correctly. The attentional signals that modulate the ITC107

representations are thus given by the top-down information108

coming from PFC.109

The network is trained using a reward-based Hebbian 110

learning algorithm which is compatible with a learning pre- 111

scription that quantitatively reproduces the behavior of the 112

recorded cortical activity of monkeys trained to learn 113

visuo-motor associations in a continuously changing envi- 114

ronment (Asaad et al. 1998; Fusi et al. 2005). We show that 115

the adopted learning prescription robustly converges to a sta- 116

ble fixed point of the learning dynamics where the tuning 117

effect is correctly reproduced. 118

2 Methods 119

2.1 The network model 120

We use a recurrent network of excitatory and inhibitory neu- 121

rons that was introduced in earlier works (for example see 122

Amit and Brunel 1997a; Brunel and Wang 2001), and that 123

has been extended and successfully applied to explain sev- 124

eral experimental paradigms (Szabo et al. 2004; Deco and 125

Rolls 2003; Deco et al. 2004). We assume that a proper level 126

of description at the neuronal level is captured by the spiking 127

and synaptic currents dynamics of one-compartment inte- 128

grate-and-fire neuron models. The details of the mathemat- 129

ical formulation are summarized in previous works (Brunel 130

and Wang 2001; Szabo et al. 2004), and are provided in the 131

supplementary material for the convenience of the reader. 132

Following the results of Freedman et al. (2003) we struc- 133

tured the model as a two layer network: first layer modeling 134

a small part of ITC where visual features are represented and 135

the other modeling a small PFC region where according to 136

their results, the categories should be represented. The ITC 137

model layer, consisting of 1,000 spiking neurons, receives 138

external information about the presented stimulus features 139

and interacts with the PFC model layer, consisting of 650 140

spiking neurons, where the learned categories are encoded. 141

The parameters for each layer are chosen the same as the 142

ones opted for in previous works (Brunel and Wang 2001). 143

Both layers are organized into a discrete non-overlapping 144

set of populations, as depicted in Fig. 2. Populations are de- 145

fined as groups of excitatory or inhibitory neurons sharing the 146

same inputs and connectivities. The specific populations have 147

a specific function in the present task. In addition there are 148

one ‘Non-specific’ population which groups all other excit- 149

atory neurons in the modeled brain area not involved in the 150

present tasks and one ‘Inhibitory’ population grouping the 151

local inhibitory neurons in the modeled brain area. The lat- 152

ter population regulates the overall activity and implements 153

competition in the network by spreading a global inhibition 154

signal. 155

In the Sigala and Logothetis experiment, the monkeys 156

learned to categorize a set of images (schematic face and 157

fish stimuli) into two categories, each associated with one 158

lever (the left lever or the right lever) that the monkeys had 159

to pull when the corresponding stimulus was presented. The 160

stimuli were characterized by several features, each varying 161

in a discrete small set of values as shown in Fig. 1a. Only 162
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Fig. 1 a Stimuli and stimulus space for the visual categorization task (Sigala and Logothetis 2002). The stimuli have four varying features: ‘Eye
height’, ‘Eye separation’, ‘Nose length’ and ‘Mouth height’, and can be linearly separated in two categories along two of the four dimensions:
‘Eye height’ and ‘Eye separation’. b Experimental results adapted from Sigala and Logothetis (2002). Shown are the average spiking rates of
all recorded ITC visually responsive neurons (a total of 96 units). For each neuron, the responses were sorted by the presented stimulus feature
values and averaged over many trials. The resulting average activity levels reflect the feature values which excite a given neuron most and least,
respectively. The population average activation trace was calculated by grouping these average activity levels according to their best (black lines)
and worst (gray lines) responses to the levels of diagnostic feature ‘Eye height’ (top panel) and non-diagnostic feature ‘Nose length’ (bottom
panel)

Fig. 2 Schematic representation of the two-layer model architecture.
The weights between the two layer’s specific populations (dashed lines)
are modified during learning. For further details see text

two of the features, referred to as diagnostic, were informa-163

tive for solving the categorization task. The two categories164

could be linearly separated along the two diagnostic features165

in the stimulus space, as depicted in Fig. 1a. The other two166

features, referred to as non-diagnostic, gave no information167

about the stimulus associated category and were irrelevant for 168

the task. In our minimal model, we assume that the presented 169

stimuli are characterized by only two features, ‘Eye height’ 170

and ‘Nose length’, each with two discrete values, and that the 171

two categories are determined exclusively only by one fea- 172

ture: the diagnostic feature ‘Eye height’. Thus there are four 173

specific populations in the ITC layer, denoted according to 174

the specific input that they receive: one population receives 175

input when the stimulus is characterized by the ‘Eye height’ 176

feature being in the first state (‘high eyes’ population, or D1), 177

one when the ‘Eye height’ feature is in the second state (‘low 178

eyes’ population, or D2), one when the ‘Nose length’ feature 179

is in the first state (‘long nose’ population, or O1) and one 180

when the ‘Nose length’ feature is in the second state (‘short 181

nose’ population, or O2). They encode the same type of stim- 182

ulus and are differentiated only by their specific preferences 183

to the stimuli feature values. 184

The neural activity of the PFC model layer is designed 185

to reflect the category to which the presented stimulus cor- 186

responds. Thus, the specific populations in this layer encode 187
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the two learned categories associated in the behavioral task188

with the motor actions of pulling one of the two levers: left189

lever (‘Left’ population, or C1) and right lever (‘Right’ pop-190

ulation, or C2). Each category is defined through the set of191

stimuli associated with one required action. The stimuli with192

the diagnostic feature in the first state, ‘high eyes’, belong to193

category 1 and the ones with diagnostic feature in the second194

state, ‘low eyes’, belong to category 2, irrespective of the195

value of the non-diagnostic feature ‘Nose length’.196

Each individual population is affected by a spontaneous197

background excitatory input from outside the module along198

with the recurrent activity inside the module. The neurons in199

the four specific populations from the ITC layer additionally200

receive external inputs encoding stimulus specific informa-201

tion. They are assumed to originate from lower areas which202

process the visual scene such as to provide these signals. We203

assume that along the visual pathway, all the perceived stim-204

ulus features are processed and encoded in the same way, so205

that the ‘bottom-up’ signals coming to the ITC layer encod-206

ing the presented stimulus feature values on average have207

the same strength. When stimulating an ITC population, the208

rate of the background external input to the neurons of this209

population is increased by a fixed value of 150 Hz.210

We modulate the conductance values for the synapses211

between pairs of neurons by connection weights, which can212

deviate from their default value 1. The structure and func-213

tion of the network is achieved by differentially modulating214

these weights within and between populations of neurons.215

The labeling of the weights is defined in Fig. 2. Structurally,216

the network is fully connected within layers by excitatory217

and inhibitory synapses. Between the two layers, only the218

specific neurons are fully connected by excitatory synapses.219

In our approach we assume, for simplicity, that the intra-220

layer connections are already formed, e.g., by earlier self221

organization mechanisms, thus we fix their strengths as fol-222

lows. Cooperation is implemented in the ITC model layer223

by setting all interconnecting and recurrent weights for the224

specific neurons equal to the default value w1=1. This might225

arise from possible correlations between these neurons, which226

are all responsive to face stimuli. Second, we assume that the227

two categories associated to the two actions ‘pull right lever’228

and ‘pull left lever’, are already encoded in the PFC model229

layer, in the sense that the monkey is already trained that pull-230

ing one or the other lever, but not both, might bring him some231

reward. The populations encoding for these two categories232

are likely to have anti-correlated activity in this behavioral233

context, resulting in weaker than average connections be-234

tween them, denoting competition in this layer. We choose235

the extreme case w−2=0 where there is no direct excitatory236

connection between the two category populations in the ITC.237

Within one category population, we set all connections to238

the default value w+2=1. The weights from and to the non-239

specific neurons were computed such that the average of all240

excitatory connection weights to each specific neuron is 1241

(see Brunel and Wang 2001), resulting in the value wn=0.93242

for both layers. All the connections from and to the inhibi-243

tory populations as well as the recurrent connections for the244

non-specific and inhibitory populations in both layers are set 245

to the default value w=1. 246

The connections between the ITC and PFC are modeled as 247

plastic synapses. Their absolute strengths, which we choose 248

as free parameters, are learned using the reward-based Heb- 249

bian learning algorithm presented in the next section. 250

We will characterize network’s different modes of opera- 251

tion corresponding to different parameter regimes by explor- 252

ing the connecting weights between the two layers. Although 253

explicit simulations of the network dynamics accurately cap- 254

ture the temporal dynamics and any order of the spike sta- 255

tistics, they are computationally expensive and not easy to 256

use for systematic parameter explorations. Therefore we use 257

mean-field models, which represent a well-established means 258

for efficiently analyzing the approximate network behavior 259

(Amit and Brunel 1997b; Stetter 2002; Del Giudice et al. 260

2003), at least for the stationary conditions (i.e., after the 261

dynamical transients), in order to systematically explore 262

parameter regimes of qualitatively different network response. 263

For this, we use a recent derivation by Brunel and Wang 264

(Brunel and Wang 2001), which is consistent with the type of 265

conductance-based neuron networks we simulate (also pro- 266

vided in the supplementary material). 267

2.2 Learning mechanism 268

Our goal for the learning procedure is to enable the network 269

capability of associating a set of stimuli, characterized by 270

different combinations of the feature values, with a certain 271

category, in a biologically plausible manner. The relevance 272

to behavior of different features of the presented stimuli is 273

determined through the consequences – receiving reward or 274

not – of the selected action. The monkey learns to associate 275

specific values of the diagnostic features with the correspond- 276

ing category by evaluating the received reward. To model 277

this learning strategy, we construct a reward-based Hebbian 278

learning prescription that modifies, after each trial, the syn- 279

aptic efficacies between the ITC and PFC layers according 280

to the resulting network activities and reward signal using a 281

simple regulatory mechanism. We show in the result section 282

that this learning prescription robustly modifies the network 283

free parameters to reach a configuration where the desired 284

association is correctly performed. 285

On the network level, assuming that the monkey learns 286

to categorize correctly using a trial-and-error strategy, the 287

reward based model of learning, as in reinforcement learning 288

models (Sutton and Barto 1998), is the biologically plausible 289

choice from the well established learning strategies in the 290

artificial neural networks field. 291

On the single synapse level, we consider a biologically 292

inspired Hebbian learning scheme, as described in Fig. 3. 293

Follwing reward, a synapse is potentiated if the presynaptic 294

and post-synaptic neurons are simultaneously active; 295

depressed if the presynaptic neuron is active but the post-syn- 296

aptic neuron is inactive; and not modified otherwise. After 297

non-reward, the synapse is depressed if both the presynaptic 298

299



u
n
co

rr
ec

te
d
 p

ro
o
f

“422_54” — 2006/2/7 — 20:26 — page — #5

Learning to attend: modeling the shaping of selectivity in infero-temporal cortex in a categorization task

Fig. 3 Modified Hebbian learning scheme applied for reward (a) and
non-reward (b) cases. The filled blobs represent ‘active’ neurons and the
empty blobs represent ‘inactive’ neurons. The potentiated synapses are
represented by bold lines and the depressed synapses by dotted lines.
The connections that are not marked are the ones not modified

and post-synaptic neurons are simultaneously active and not300

modified otherwise.301

We describe the learning dynamics through a “synap-302

tic mean field” approximation, which captures, for computa-303

tional convenience, the average synaptic dynamics between304

two given populations. For the hidden single-synapse dynam-305

ics, each synapse is binary (one ‘potentiated’ and one306

‘depressed’ state) and undergoes stochastic transitions be-307

tween the two available states depending on the pre- and308

post-synaptic neural activity (Fusi et al. 2000; Fusi 2002;309

Amit and Fusi 1994). At the mean-field level adopted here,310

all the synapses connecting neurons belonging to the same311

pair of pre- and post-synaptic populations are forced to have312

the same weight; the latter is updated by first computing the313

fraction of synapses that would get potentiated or depressed314

on the basis of the estimated firing rate distributions, as de-315

tailed in the next section; then computing the resulting aver-316

age weight and, finally, assigning that value as the common317

new weight for all the synapses of the group, after additional318

normalization. In order for this to be a good description of319

what would result from the detailed synaptic dynamics, the320

non-trivial distribution of firing rates inside each neural pop-321

ulation plays an important role; this is one reason why we322

deemed important to keep the detailed spiking dynamics of323

neurons in the face of the more abstract description of learn-324

ing.325

During learning, the network configuration changes with326

the modification of the interlayer synaptic weights from an327

initial, chosen configuration to a final, learned, configuration.328

The stimuli are presented to the network in a random order.329

We first reset all network internal variables and then simulate330

the spike dynamics for 500 ms of spontaneous activity fol-331

lowed by 800 ms under specific input encoding the presented332

stimulus. The simulation uses the present network configu-333

ration, given by the synaptic weight variables. For the period334

of time when the stimulus is presented to the network, the335

first 300 ms are regarded as transient time, and only the last336

500 ms are used to acquire the time-averaged spiking rates of337

each simulated neuron. These are used to calculate the pop-338

ulation firing distributions, the reward variable and finally339

the synaptic modifications as presented in more detail in the340

following subsection. The simulation runs until convergence341

to a stable configuration is reached.342

For the typical average firing rates in our simulations, 343

the 500 ms time window used to estimate single neuron rates 344

implies non-negligible fluctuations in the estimated values. 345

As a consequence, despite the full synaptic connectivity and 346

the common value of the synaptic efficacies for each synap- 347

tic population, a wide distribution of estimated firing rates 348

in each neuron population arises for the trial. This brings 349

non-trivial consequences in the mean-field learning dynam- 350

ics, in that superimposing tails of the rate distributions for 351

different pairs of populations can induce unwanted potentia- 352

tions or depressions, thereby pushing the learning trajectory 353

to wrong directions. We decided to keep this feature to show 354

the robustness of the model to the finite-size effects of vari- 355

ous kinds that would affect the dynamics in a less constrained 356

and more realistic setting. 357

2.3 Implementation of the learning algorithm 358

We first calculate the fraction of active neurons, na
i in each 359

population i , by comparing the previously computed time- 360

averaged spiking rate of each neuron inside this population 361

with a chosen threshold: above 8 Hz for the ITC model layer 362

and 14 Hz for the PFC model layer a neuron is considered 363

to be active. When the population encoding the correct cate- 364

gory has more than half neurons active and also there are more 365

than twice neurons active in this population than in the other 366

category population, the trial is assigned a reward, otherwise 367

no reward is given. Next, for each ITC–PFC pair of spe- 368

cific populations, the fraction of synapses to be potentiated, 369

N p, and to be depressed, N d, as the result of this stimulus 370

presentation are evaluated. 371

Consider a presynaptic population with npre neurons and 372

na
pre active neurons and a post-synaptic population with n post 373

neurons and na
post active neurons. In case of reward, all 374

synapses between pairs of active neurons are potentiated and 375

all synapses from an active neuron to an inactive neuron are 376

depressed (as described in Fig. 3a). Thus the fraction of syn- 377

apses to be potentiated and depressed in the reward case are 378

given by: 379

N
p
pre−post =

na
pre · na

post

npre · npost
. (1) 380

N d
pre−post =

na
pre · (npost − na

post)

npre · npost
. (2) 381

In case of non-reward, all synapses between pairs of ac- 382

tive neurons are depressed and there are no synapses poten- 383

tiated (as described in Fig. 3b), thus we have: 384

N
p
pre−post = 0. (3) 385

N d
pre−post =

na
pre · na

post

npre · npost
. (4) 386

For the adopted mean-field approximation, the corre- 387

sponding learning scheme is designed to use information 388

from the firing distributions of the populations, embodied 389

in the N p and N d variables. Considering the variable Ci j 390

as being the fraction of potentiated synapses from a specific 391
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population i in one layer to a specific population j in the392

other layer, we update its value after each trial as follows:393

Ci j (t + 1) = Ci j (t) + (1 − Ci j (t))N
p
i j q+394

−Ci j (t)N d
i j q−, (5)395

where i and j generally denote the pre- and post-synap-396

tic population, respectively, for both feed-forward and feed-397

back synaptic connections, thus (i; j) or ( j; i) ∈ ({D1, D2,398

O1, O2}, {C1, C2}); q+ and q− are the transition probabili-399

ties for potentiation and depression, respectively; [1−Ci j (t)]400

and Ci j (t) are the fractions of depressed and potentiated syn-401

apses, respectively; and t is the trial number. The same Eq. (5)402

applies both in the reward and non-reward case but different403

learning rates can be used. Throughout this work, we used404

the values qreward
+ =qreward

− =0.01 and qnon−reward
− =0.05. We405

chose the learning rate in the non-reward case to be greater406

than the learning rate in the reward case. The difference is407

mostly motivated by previous experimental studies on the408

learning and forgetting rates of a monkey performing a vi-409

suo-motor task (Asaad et al. 1998; Fusi et al. 2005). In these410

studies, non rewarded trials led to a quick reset of the pre-411

viously memorized associations, and learning the new ones412

required 20–30 trials. In order to reproduce this behavior the413

modifications in the case of no reward had to be significantly414

larger than in the case of reward.415

The modified average synaptic weight between the ITC416

and PFC layers, can then be determined for each pair (i j)417

ITC–PFC of specific populations:418

wi j = w+Ci j + w−(1 − Ci j ), (6)419

where w+ and w− are the values corresponding to the con-420

nection strength between two populations when all synapses421

are potentiated or depressed, respectively. Different values422

can be used for the feed-forward and feedback connections423

in the network.424

As remarked above, the wide firing rates distributions425

can provoke unwanted drifts in the learning history of some426

synaptic populations. One of the most dangerous among such427

effects, is that the non-diagnostic weights, which should fluc-428

tuate around their initial value in the ideal case, start to429

increase and spoil the learning process. Such cases might430

occur, in particular, when coherent effects on non-diagnos-431

tic, weights accumulate, as it happens for unusual sequences432

of stimuli belonging to the same category. Several regulatory433

mechanisms might, in principle, help to keep under control,434

the effects of fluctuations in the synaptic dynamics (Miller435

1994; Stetter et al. 1994, 1998). The solution we adopt here,436

is to keep the sum of the synaptic weights to each neuron437

constant.438

We therefore apply a subtractive normalization of the total439

afferent synaptic connectivity – calculated over all presynap-440

tic inputs coming to each given post-synaptic neuron (Miller441

1994). We normalize the average synaptic weight for all442

connections between the pre-synaptic population i and post-443

synaptic population j as follows: 444

wnorm
i j (t) = wi j (t) 445

−
1

N

(
N∑

k=1

wk j (t) −

N∑
k=1

wk j (t − 1)

)
, (7) 446

where N is the number of pre-synaptic populations connected 447

to the post-synaptic population j . We recompute the values 448

for the Ci j variables based on the new wi j values after nor- 449

malization in order to keep valid the equality in Eq. (7). For 450

the next stimulus presentation during the learning process, 451

the synapses between each two ITC–PFC populations are set 452

to the calculated average value wi j . 453

In the next section, we report our choice of parameters and 454

the simulation results for the network and learning dynamics. 455

2.4 Parameter choices 456

To ensure network’s stability for all points in the learning 457

process, we have to choose the connection weights between 458

the two layers as being not too small so that there is infor- 459

mation exchange between the two modeled areas and not too 460

high so that the network does not evolve into an amplification 461

regime where neurons lose their selectivity. Also the biolog- 462

ical constraint of achieving realistic neuronal activities for 463

the modeled neurons needs to be considered (see Szabo et al. 464

2005). 465

In the simulations presented here, and for the feed-for- 466

ward synapses connecting two populations from ITC to PFC, 467

we choose the values wff
+=0.8 and wff

−=0 for the strengths 468

in the potentiated and depressed states, respectively. For the 469

synapses in the feedback direction we choose the correspond- 470

ing strengths wfb
+=0.4 and wfb

−=0. The feed-forward con- 471

nections are chosen double in strength on average than the 472

feedback connections. The above choice is inspired by the 473

idea that between cortical areas, feed-forward projections 474

have a strong driving role, while feedback projections have 475

a weaker modulatory role. 476

We start learning from an unbiased initial network config- 477

uration, by choosing all connections between the two model 478

layers equal to the average synaptic strength: wff
i j=(wff

+ + 479

wff
−)/2 = 0.4 and wfb

j i = (w
f b
+ + w

f b
− )/2 = 0.2 with 480

(i; j) ∈ ({D1, D2, O1, O2}, {C1, C2}). Thus the initial net- 481

work configuration corresponds to half of the synapses 482

being potentiated between each pair ITC–PFC of specific 483

populations. 484

3 Results 485

We start by outlining the general description of the learn- 486

ing process, followed by a more detailed description of our 487

results. In the untrained system, all weights between ITC and 488

PFC have equal strengths. When a stimulus is presented to the 489

ITC layer of the untrained network, one of the populations in 490
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Fig. 4 Dynamics of the PFC model layer for the initial network configuration, when all the connecting weights between the two layers are set to
be equal to (w+ + w−)/2. Driven by the fluctuations, one of the two category populations is active irrespective of the stimulus presented to the
network. The first two graphs show average spiking rates over 50 trials for specific and inhibitory neurons in the model PFC layer. The responses
of the specific populations were grouped based on their activity level: the higher responses were averaged into the active category response (black
lines) and the lower responses were averaged into the inactive category response (dark gray lines). Population averages are depicted in (a) and
spike raster plots of five neurons for each population in (b). The light gray lines represent the averaged activity over all 50 trials of the inhibitory
neurons. The right most graph (c) plots the PFC layer dynamics in the phase space

the category layer will, by chance, receive a stronger input,491

mediated through network’s fluctuations. These fluctuations,492

which are a finite-size effect, are another needed dynamic493

element of the model that requires the explicit description of494

neural dynamics at the spiking level.495

Because there is strong competition between the cate-496

gory populations, mediated through the recurrent connec-497

tivity inside the category layer, the category being driven498

slightly stronger will win this competition and thus will be499

more strongly activated (Fig. 4). If this category happens to500

be the correct one, the network is rewarded. Synaptic pop-501

ulations that contributed most to this category’s input, are502

hence potentiated, the ones that were driving the wrong cate-503

gory are weakened. As a consequence, the next presentation504

of that stimulus will be more likely to activate the correct505

category in the future. If the chosen category was wrong,506

the system is not rewarded, and the synaptic populations that507

were driving the wrong category are weakened. As a con-508

sequence, this category is less likely to be activated by that509

stimulus in the future. By repeated stimuli presentations, the510

ITC populations representing the diagnostic features will be511

consistently associated with the correct output population.512

In contrast, the ITC populations representing non-diagnostic513

features will be associated with each output population with514

the same probability. Consequently, the network will learn to515

perform better and better the categorization task.516

We will report in the following sample learning histories517

of simulated networks that successfully develop both a for-518

ward ITC → PFC synaptic structure, able to support correct519

classification, and a backward PFC → ITC synaptic structure520

producing a task-dependent modulation of ITC response. To521

this end, we will show both the time course of the average522

synaptic efficacies for the populations of interest, and the523

manifestation of the plastic synaptic rearrangement in the524

ITC and PFC neural activities during the task, providing evi-525

dence of a qualitative agreement with the findings of Sigala526

and Logothetis.527

Before illustrating how learning proceeds in the system, 528

we start showing the properties of the initial network, which 529

should exhibit the capability to decide stochastically with 530

50% probability in response to a stimulation. Figure 4 presents 531

the activities of the specific and inhibitory neurons in PFC 532

model area, averaged over 50 trials, for the initial network 533

configuration. The strong competition between the popu- 534

lations encoding for the two categories and the stochastic 535

fluctuations present in the network, ensure that even in the 536

beginning of the learning process, when both categories are 537

identically connected with the ITC layer, one of them ran- 538

domly wins the competition. Hence, even the untrained 539

network always reaches a clear decision. 540

Figure 5 presents average network activities (over 50 541

consecutive trials) in three moments of the learning pro- 542

cess: at the beginning of learning, at an intermediate point 543

(after 200 trials) and after the convergence of the synaptic 544

parameters (after 1,500 trials). The plots in the first row were 545

obtained by performing the same calculations as for the exper- 546

imental data (Fig. 1b). For each specific neuron in the ITC 547

model layer, the spiking rates for all 50 consecutive trials 548

were grouped based on the presented stimulus values and 549

were averaged. Each specific neuron has a different response 550

level to the two values of each feature. The highest responses 551

for the diagnostic feature of all specific neurons in ITC model 552

area were averaged producing the ‘best Diagnostic’ response. 553

The lowest responses for the diagnostic feature of all specific 554

neurons in ITC model area were averaged to generate the 555

‘worst Diagnostic’ response. Similar calculations were done 556

for the non-diagnostic feature. 557

These average activities over all ITC specific neurons are 558

presented for three points in time in Fig. 5 top row. In the 559

beginning of learning, there is no bias in the input to the PFC 560

layer, the ‘Left’ (C1) and ‘Right’ (C2) populations are acti- 561

vated randomly with the same probability (Fig. 5a, bottom). 562

Thus there is no difference between the tuning of the diag- 563

nostic and non-diagnostic features (Fig. 5a, top). As learning 564
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Fig. 5 Simulation results for a spiking network averaged over 50 successive trials for three points in the learning process: a in the beginning
of learning; b an intermediate point during learning (after 200 steps); c after the weights converged to a stable configuration (1,500 steps). The
top row shows the average spiking rates of stimulus responsive neurons, grouped according to their best and worst responses to the levels of
diagnostic and non-diagnostic features. The middle and bottom rows show the average spiking rates of the specific populations in the ITC layer
(D1, D2, O1, O2) and the PFC layer (C1, C2), respectively, for the trials where the presented stimulus was characterized by: high eyes and long
nose (external input to the populations D1 and O1) among the 50 successive trials

progresses and the synaptic weights evolve, the network now565

correctly solves the categorization task (Fig. 5b, bottom). At566

the same time, we notice the beginning of the tuning process567

that will be enhanced in time (Fig. 5b, top). After conver-568

gence, the selectivity for the level of the diagnostic feature is569

enhanced, as compared to the non-diagnostic feature (Fig. 5c,570

top). The activities for the best and worst diagnostic feature571

values are more separated than those for the best and worst572

non-diagnostic feature values. This result is in good qualita-573

tive agreement with the experimental results, (Fig. 1b), that574

reflect the ITC activity after the monkeys had learned to cat- 575

egorize the stimuli. 576

The middle and bottom rows in Fig. 5 show the average 577

spiking rates of the specific populations in the two layers 578

for the selected trials among the 50 successive trials where 579

the presented stimulus was characterized by ‘low eyes’ and 580

‘long nose’ (populations D1 and O1 stimulated). Since there 581

is no structure in the model ITC layer, the enhancement of 582

selectivity emerges due to the top-down input from the PFC 583

layer, which encodes the previously learned stimulus 584
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Fig. 6 Evolution of the average synaptic weight between the populations in the process of learning for a feed-forward and b feedback connections,
starting from equal connectivity between the two layers

categories. The right-most column, Fig. 5c, corresponding to585

the point in the learning process where the weights converged586

to a stable configuration. From the time when the stimulus is587

presented to the network (time = 0 ms in Fig. 5), the selectiv-588

ity of the category specific populations (Fig. 5c, bottom row)589

emerges through the competition biased by feed-forward in-590

puts (ITC → PFC) from the specific populations of the ITC591

layer. Through the feedback modulatory inputs (PFC→ ITC),592

this selectivity is transmitted afterwards to the feature-spe-593

cific populations in ITC (Fig. 5c, middle). It can be seen that594

in the first 100 ms after the stimulus onset the D1 and O1595

(stimulated) or D2 and O2 (non-stimulated) populations do596

not differ in activity. Hence there is no diagnostic tuning.597

Only after the correct category population acquires activity,598

does the diagnostic tuning build up.599

The evolution of the synaptic weights between the two600

layers is presented in Fig. 6. For both feed-forward (Fig. 6a)601

and feedback connections (Figure 6b) the links between the602

diagnostic features and the visual object categories are selec-603

tively modified. Weights between a diagnostic feature pop-604

ulation and the correct category population are increased,605

those with the wrong category population are weakened. The606

connections between non-diagnostic feature populations and607

category populations remain around the starting point, corre-608

sponding to a value for C around 0.5. This case corresponds609

to the network learning the task from scratch. This initial610

condition is referred to as ‘unbiased’ learning history.611

Figure 7 shows learning trajectories for two other initial612

network configurations. In Fig. 7a, the network is previously613

tuned for the ‘Nose length’ which is non-diagnostic in our614

task protocol. In Fig. 7b, the network is previously tuned615

for both ‘Eye height’ and ‘Nose length’, thus both features616

were previously diagnostic, and also the ‘Eye height’ was617

differently associated to the two categories. Both cases cor-618

respond to a modification in the task protocol. The results619

show that the connection weights with the diagnostic feature620

are selectively modified in the direction of increasing the 621

synaptic strength with the corresponding category popula- 622

tion and decreasing the synaptic strength with the other cate- 623

gory population. The connection weights transmitting signals 624

from the non-diagnostic feature converge to the average syn- 625

aptic strength between the two layers corresponding to the 626

unbiased situation of equal connectivity with both category 627

populations. Because here the network needs to react to a 628

task switch, the corresponding initial conditions are called 629

‘biased’. 630

For the three runs whose learning trajectories are pre- 631

sented in Figs. 6 and 7, we define and calculate quantities 632

describing key feature of the network performace along the 633

learning process. The results are presented in Fig. 8. We use 634

the time-averaged activities over the last 500 ms of stimula- 635

tion for each model neuron to calculate, in the same manner 636

as described for the results in Fig. 5a, the best and worse 637

responses for the diagnostic and non-diagnostic features of 638

all specific neurons in the ITC model layer. The evolution dur- 639

ing learning of these responses are presented in Fig. 8, top 640

row. From these results, the tuning of the two features ‘Eye 641

height’ (diagnostic) and ‘Nose length’ (non-diagnostic), is 642

evidenced through a ‘feature selectivity index’ calculated as 643

the difference between the best and worst activities for the 644

corresponding feature divided by their sum. The time evo- 645

lution of the tuning for both features is presented in Fig. 8, 646

middle row. 647

The classification performance during learning, depicted 648

in Fig. 8, bottom row, was estimated through a ‘category 649

selectivity index’ calculated as the difference between the 650

average activities of the population encoding the presented 651

category and the population encoding for the other category, 652

divided by their sum. It can be seen that for the run where the 653

network was initially unbiased, the selectivity of the diag- 654

nostic feature starts building over time, whereas the selec- 655

tivity for the non-diagnostic feature remains constant at a 656
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Fig. 7 Learning trajectories for the average synaptic weight between the populations in the two layers, starting from two other initial points
corresponding to a switch in the behavioral task. In the first case, the diagnostic feature becomes non-diagnostic and the non-diagnostic feature
becomes diagnostic (a). In the second case, both features were important for categorization before the task switch (b). The weights for both
feed-forward (a1, b1) and feedback connections (a2, b2) are presented

low value (Fig. 8a, middle row). In the case of a switch in657

the behavioral task, where the network was previously tuned658

for the ‘Nose length’ feature, the selectivity for the non-659

diagnostic feature (‘Nose length’ in our task protocol) de-660

creases while the selectivity for the diagnostic feature (‘Eye661

height’ in our task protocol) builds up (Fig. 8b, middle row).662

In the last run, the network was previously tuned for both663

features and also the ‘Eye height’ feature was differently664

associated to the two categories. As can be seen from Fig.665

8c, middle row, the tuning of the diagnostic feature initially666

goes down, as for the present task protocol, the feature was667

previously erroneously associated to the two categories.668

After 500 stimulus presentations, the tuning of the diagnostic669

feature starts building up in accord to the chosen task proto-670

col. Also the tuning of the non-diagnostic feature goes down,671

as it becomes irrelevant for behavior. From the bottom row672

in Fig. 8 we remark that the network performance in classifi- 673

cation reaches a high value after 300 stimulus presentations, 674

for the case when the network was initially unbiased, after 675

600 stimulus presentations, in the case of a modification in 676

the behavioral task of only one variable (non-diagnostic pre- 677

viously tuned) and after 1,000 stimulus presentations, in the 678

case of a modification in the behavioral task of two vari- 679

ables (non-diagnostic initially tuned and diagnostic errone- 680

ously tuned). In the latter case, the diagnostic features of the 681

task to be learned at present actually were diagnostic before 682

as well, but with the opposite mapping to the categories. This 683

is reflected by a negative category selectivity index (the net- 684

work is worse than guessing) in the initial phase of learning. 685

It is remarkable that even this severe re-orientation towards 686

a completely new task is robustly achieved by the learning 687

network. 688
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Fig. 8 Task performance evolution during learning for the three learning histories of Figs. 6 and 7: a learning from scratch (Fig. 6) and b, c
learning after task switches (Fig. 7). The top row shows the time evolution of the best and worst responses for the diagnostic and non-diagnostic
features of all specific neurons in the ITC model area. The middle row shows the time evolution of the two feature tuning values. The bottom row
shows the classification performance during learning. For details see text

As can be seen in Figs. 6 and 7, some weights change689

in a similar manner. We conclude that we do not need all690

16 free parameters (all feed-forward and feedback synaptic691

populations between the two layers’ specific populations) to692

describe network’s behavior and reduce the parameter space693

to the important dimensions only. We define four effective694

weights: wd , wi , wo1 and wo2. wd relates to the average695

connection weight between ‘high eyes’ and ‘Left’ and ‘low696

eyes’ and ‘Right’, which for our task protocol corresponds697

to the connections between the diagnostic feature values and698

the corresponding categories. wi relates to the average con-699

nection weight between ‘high eyes’ and ‘Right’ and ‘low700

eyes’ and ‘Left’, corresponding to the connections between701

the diagnostic feature values and the non-corresponding cat- 702

egories. Similarly wo1 and wo2 are defined for the connec- 703

tions of the ‘Nose length’ feature with the two categories. 704

Because the feed-forward weights are on average twice as 705

big as the feedback ones, we weighted the feedback connec- 706

tion strengths with a factor of 2. This simplifies the repre- 707

sentation by making a simple correspondence between the 708

effective weights and the feed-forward or feedback ones. 709

wd =
1

4
(wD1−C1 + wD2−C2 + 2 · wC1−D1 + 2 · wC2−D2). 710

wi =
1

4
(wD1−C2 + wD2−C1 + 2 · wC2−D1 + 2 · wC1−D2).
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wo1 =
1

4
(wO1−C1 + wO2−C2 + 2 · wC1−O1 + 2 · wC2−O2).

wo2 =
1

4
(wO1−C2 + wO2−C1 + 2 · wC2−O1 + 2 · wC1−O2).711

The network shows robustness to the starting point in712

the parameter space. All three learning trajectories converge713

to the same final network configuration as shown in Fig. 9714

black lines. The two axes reflect the tuning of the two features715

‘Eye height’ and ‘Nose length’ expressed through the vari-716

ables wd −wi , denoting ‘Eye height’ tuning, and wo1 −wo2,717

denoting ‘Nose length’ tuning, calculated using the formulae718

above. The zero values correspond to equal connectivity of719

the feature values to the two categories, which is equivalent720

to no tuning for that feature. High values correspond to differ-721

ent connectivities between the two values of the feature with722

the two categories, which is equivalent to feature tuning. All723

traces converge to the area where there is no selectivity for724

the ‘Nose length’ feature and high selectivity for the ‘Eye725

height’ diagnostic feature.726

To characterize different modes of operation of the net-727

work, we explore the effective parameters describing the728

excitatory weight setting between the model cortical layers.729

We use a mean-field approximation, fully consistent with the730

spiking neuron model used, that allows an exhaustive anal-731

ysis of the regimes as a function of the parameter space.732

Each point in the parameter space, described by the chosen733

effective weights, was simulated for all four possible stimu-734

lus presentations. In order to determine the network’s oper-735

ational modes, the resulting mean firing rates of all specific736

populations were evaluated by calculating three suggestive737

parameters, as described below. From the activity of the four738

specific populations in the ITC layer, two parameters that739

measured the ‘Eye height’ Tuning and Diagnostic Tuning740

were calculated.741

‘Eye height’ Tuning measures, for a specified set of742

effective weights, the selectivity for the ‘Eye height’ fea-743

ture through a selectivity index calculated as the difference744

between the mean firing rates for the best ‘Eye height’ feature745

value and worst ‘Eye height’ feature value, divided by their746

sum. Note that the best and worst values are calculated in the747

same way as for the results presented in Figs. 5 and 8, with748

the only difference that the population average activities are749

used instead of single neuron activities.750

Diagnostic Tuning measures the difference between the751

selectivity index for the diagnostic feature (which in our case752

corresponds to ‘Eye height’ tuning) and the selectivity index753

for the non-diagnostic feature (which in our case corresponds754

to ‘Nose length’ tuning). The ‘Eye height’ and ‘Nose length’755

tuning were also calculated for the single neuron activities,756

as presented in Fig. 8 middle-row.757

From the activity of the two category populations in PFC,758

another parameter correct categorization was calculated as759

the difference between the mean firing rates of the popula-760

tion encoding the correct category of the presented stimulus761

and the population encoding the other category, divided by762

their sum. This parameter was also calculated for the sin-763

gle neuron activities, as presented in Fig. 8 bottom-row. It764

Fig. 9 Evolution of ‘Eye height’ and ‘Nose length’ tuning during learn-
ing, for three different initial network configurations. They all converge
to the same final network configuration corresponding to high selectivity
of the diagnostic feature ‘Eye height’ and low selectivity for the non-
diagnostic feature ‘Nose length’ (bottom right corner of the graph). We
characterize network’s performance through an extensive exploration
of network’s effective parameters using a mean-field formulation. The
network performed correctly the task in the light gray area, presented
‘Eye height’ tuning in the medium gray area and showed Diagnostic
tuning in the dark gray area. For details see text

measures the level of association of the presented stimulus 765

and corresponding category. 766

For each of these parameters, we chose a threshold that 767

marked the limit where the requirements of having the respec- 768

tive selectivity or categorization are still satisfied, as shown 769

in Fig. 8 middle and bottom rows by the horizontal dotted 770

lines. The network was defined to show ‘Eye height’ Tuning 771

when the Best ‘Eye height’ value response is twice or greater 772

than the Worst ‘Eye height’ value response. We say that the 773

network shows Diagnostic Tuning when the selectivity for 774

the diagnostic feature is twice or greater than the selectivity 775

for the non-diagnostic feature. Also a correct categorization 776

corresponds to an activation of the correct category more 777

than twice greater than the activation of the other category. 778

In Fig. 9, we plotted the areas where these three performance 779

criteria were satisfied. We notice that the learning trajectories 780

converge to the area in the explored parameter space where 781

all three conditions were fulfilled (the darkest gray area in 782

the graph). 783

4 Discussion 784

Considering the challenging task of explaining the neural 785

substrate of perceptual learning, we present in this work, 786

a biologically inspired two layer network model of spik- 787

ing neurons that accounts for the enhancement of ITC neu- 788

rons’ selectivity to stimulus features which are relevant for 789

a learned visual categorization task (Sigala and Logothetis 790
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2002). An alternative “attentional-gated reinforcement learn-791

ing” paradigm was recently introduced for the Sigala and Lo-792

gothetis perceptual learning task (Roelfsema and Van Ooyen793

2005). We are not excluding the possibility, suggested by794

these authors, that the selective tuning of ITC neurons could795

arise from learning the feedforward connections coming to796

ITC from lower visual processing areas. For learning cate-797

gory tuning, some information must get back from a place in798

the brain where categories are represented to the site where799

learning occurs. In a feed-forward model, this can be done in800

the form of a generic attentional feedback that modulates the801

learning of the feedforward synaptic weights, as shown by802

Roelfsema and Van Ooyen (2005). Here we consider a recur-803

rent network in which the activities of the category encod-804

ing neurons directly affect the ITC neuronal activities, and805

we proved that this top-down bias can explain the ITC tun-806

ing effect. An experimental scenario that could distinguish807

between the two network predictions is PFC cooling. After808

learning the categorization task, the influence of the top-down809

signals from the category encoding neurons could be mea-810

sured: in case of a feedforward learning scenario, the effect811

would reside with the same strength, while in the case of a812

recurrent network, the effect is predicted to decrease or even813

vanish.814

The experimental measurements in ITC (Sigala and Lo-815

gothetis 2002) showed that, after training, the neuronal selec-816

tivity to the diagnostic features was enhanced as compared817

to the selectivity to the other, non-diagnostic, features (Fig.818

1b). Hence the ITC activity not only encodes the presence819

and properties of visual stimuli but it is also tuned to their820

behavioral relevance. Different studies of perceptual learning821

and visual encoding suggest that the tuning of sensory neu-822

rons can be mediated by top-down information and that PFC823

can be associated with categorization processing (Freedman824

et al. 2003). In the present work, we hypothesize and test the825

assumption that the enhancement of selectivity to the behav-826

ioral relevant features in ITC might be determined by the827

higher level cognitive feedback from category encoding neu-828

rons residing in PFC and we demonstrate a learning scenario829

which produces such selective enhancement.830

A key new feature of the proposed computational model831

is that the attentional biases needed to produce the compe-832

tition inside the network are internally generated using the833

recurrent signals produced inside the network. As a stimulus834

is presented to the network, the sensory inputs (coming from835

lower visual processing areas) activate the neurons in the ITC836

model layer and are propagated through feed-forward con-837

nections to the PFC model layer. This bottom-up input from838

ITC biases the competition between the category encoding839

populations. The winning category expresses the monkey’s840

decision (as in Wang 2002) and influences through feedback841

connections, the activity of the neurons in the ITC model842

layer such that, after a successful learning, they become selec-843

tive for the behaviorally relevant features. Thus, in contrast844

to previous work (Szabo et al. 2004), the attentional biases845

needed to guide the competition in the PFC layer are pro-846

duced autonomously in the model.847

By construction, having identical inputs from the lower 848

sensory areas encoding for the presented diagnostic and non- 849

diagnostic feature values and no structure in the connec- 850

tivity of ITC specific model neurons, a single layer model 851

(only ITC) would induce identical tuning for the diagnostic 852

and non-diagnostic features. The selective tuning of the ITC 853

model area emerges then only through top-down modulatory 854

signals from the PFC model area where the learned catego- 855

ries are encoded. A side effect of the identical inputs to the 856

ITC model neurons, as can be seen from the results in Fig. 5, 857

is that our model shows some selectivity also for the non- 858

diagnostic feature as compared to the experimental results 859

that show almost no selectivity for the different values of the 860

non-diagnostic feature (Fig. 1b). 861

The network is trained using a biologically inspired 862

reward-based Hebbian algorithm, that robustly ensures con- 863

vergence for different initial network configurations (as shown 864

by Figs. 7, 8). Reinforcement learning algorithms were pre- 865

viously shown to efficiently solve input–output mappings as 866

in the trial-and-error interactions of the operant condition- 867

ing experiments (Williams 1992; Seung 2003). In extension 868

to their models, we combine the concepts of reinforcement 869

learning in connectionist and spiking networks with the bio- 870

logically inspired concept of Hebbian learning. Our simple 871

model is constructed with a small number of excitatory and 872

inhibitory neurons for each cortical area. The finite size effect 873

creating random fluctuations in the population firing rates, en- 874

ables the spontaneous transition, in the beginning of learning 875

when the two categories are equally connected to the ITC 876

specific populations, of one category to win the competition. 877

Increasing the network size reduces the probability of these 878

spontaneous transitions. 879

Based on our simulation results, we find that the described 880

effect could result from reward-based Hebbian learning that 881

robustly modifies the connections between the feature encod- 882

ing layer (ITC) and the category encoding layer (PFC) to a 883

setting where the neurons activated by the level of a fea- 884

ture determinant for categorization are strongly connected to 885

the associated category and weakly connected to the other 886

category, and the neurons which receive input specific for 887

a task-irrelevant feature, are connected to the category neu- 888

rons with an average weight, not significantly changed during 889

training. This structure of the interlayer connectivity seems 890

to be a stable fixed-point of this learning dynamics and is 891

able to reproduce the experimental data, by achieving a high 892

selectivity of the ITC neurons for the diagnostic feature and 893

low selectivity for the non-diagnostic feature. 894

The modeling approach taken in the present work could 895

be used to generate some experimentally testable predictions, 896

of which we name the following. Learning to provide the 897

correct categorization, by modification of the ITC → PFC 898

synapses, occurs before the selective modulation of the ITC 899

responses. We infer this from the results presented in Fig. 5: 900

for an intermediate point in the learning process (between 901

time steps 100 and 300 in Fig. 8a), the network categorizes 902

correctly but the responses in ITC are not yet tuned to the 903

behaviorally relevant features. Also the other two cases of 904
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contextual task change show that the ITC tuning occurs after905

correct categorization is achieved (Fig. 8b, c). The reward-906

based learning strategy modifies the weights in the recurrent907

network in a consistent way to achieve correct categoriza-908

tion. As the network starts to categorize correctly, a second-909

ary effect starts to build up: the tuning of the ITC neuronal910

responses. Such a scenario would be consistent with the pre-911

diction that the tuning effect is an epiphenomenon of the912

primary synaptic process that allows to achieve the correct913

categorization. An observation here is that the plastic reor-914

ganization of the interlayer connections occurs in the same915

time for feedforward and feedback synapses, as can be seen916

in Figs. 6 and 7, this is due to the identical conditions adopted917

for the learning algorithm. The correct categorization occurs918

faster not because the synaptic modifications occur faster919

for the feedforward connections, but because the structural920

differences between the two layers. Implementing competi-921

tion, the PFC model layer needs only a small bias to drive its922

activity. In the ITC model layer implementing cooperation,923

a more consistent bias is needed to modulate its activity.924

Another interesting experimental scenario is suggested925

by the analysis presented in Figs. 7 and 8, where different926

initial conditions corresponding to switches in the behav-927

ioral task, are chosen: in one case exchanging the role of928

the diagnostic feature and in the other case switching from929

both features being diagnostic to only one being so. We can930

infer that the number of stimuli presentations needed until931

convergence to the final learned network configuration, i.e.,932

the time needed by the network to learn the new associa-933

tion, increases with the number of modifications made in the934

task protocol. Figure 8 shows that for convergence in the935

case of unbiased starting configuration, around 500 trials are936

needed (Fig. 8a); in the case of a simple change where the937

non-diagnostic feature was previously associated to the two938

categories, around 900 trials are needed (Fig. 8b); and for a939

more complex change, where in addition to the change in the940

latter experiment, the diagnostic feature was also differently941

associated to the two categories, and around 1,300 trials are942

needed (Fig. 8c).943

A natural extension of the above exercise is a task-switch-944

ing scenario, in which the animal has to infer the correct rule945

from a changing context [analysis of the constraints on learn-946

ing in a task-reversal scenario has recently been performed947

(Fusi et al. 2005)]. The experimental counterpart of such an948

extension would be most challenging and interesting for mod-949

eling.950
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