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Experimental studies have shown that neurons in the occipital face area encode 

individual facial parts such as eyes and nose while neurons in the later stages in 

middle face patches are selective to the full face by encoding spatial relations of 

facial features. We investigate how these cell firing properties may develop through 

visually-guided learning. A hierarchical neural network model of the primate’s ventral 

visual pathway is trained by presenting many randomly generated faces to the 

network while a local learning rule modifies the strengths of the synaptic connections 

between successive layers. After training, the model is found to have developed 

various cell firing properties that are similar to what physiological experiments 

reported. In particular, we have shown how the visual system may form separate 

representations of facial features such as the eyes, nose and mouth, and may encode 

spatial relationships between these facial features. We also demonstrated how the 

primate brain may learn to represent facial expression independently of facial 

identity.

Introduction

Model

Monotonic tuning of facial features

We also tested the network with a set of face stimuli of which inter-eye distance, 

eye-height, eyebrow angle, and mouth shape are systematically varied, and found 

some neurons exhibit monotonic tuning regarding different parameters. 

Global and local representations of faces

A hierarchical neural network model of the primate 

ventral visual pathway was used. The standard network 

architecture is based on the following: 

(i) A series of hierarchical competitive networks with 

local graded lateral excitation/inhibition. 

(ii) Convergent connections to each neuron from a 

topologically corresponding region of the preceding 

layer.

(iii) Synaptic plasticity based on a local trace learning 

rule.

(iv) Input visual images are pre-processed by Gabor 

filters

1. How may various facial feature representations develop given that the visual 

system is always exposed to whole faces?

2. How do the neurons learn to respond to the appropriate constellation of the facial 

feature?

3. How do the monotonic tunings of facial feature parameters emerge?

4. How may distinct neurons that encode either facial identities or expressions 

develop?

During the training, the network was presented with 500 randomly generated realistic 

human faces. We first tested the network with 150 faces and 150 non-face objects 

and recorded the firing of neurons in the network. As a result, we found that many 

cells are developed to be selective to whole faces. The results confirmed that the 

model is able to learn a template of human faces just by being presented with 

numbers of randomly generated faces. The result also shows that the face selectivity 

of neurons improves along layers, indicating a gradual emergence of face selectivity 

along the visual pathway.

We also tested the same trained network by presenting only a part of facial feature 

(eyes, nose, and mouth) to investigate into the local feature selectivity. As a result, 

we found that many cells are tuned to a presence of a specific facial feature. 

We also tested the network with a set of stimuli consisting of 20 x 20 morphs of two 

distinct identities and expressions. As a result, we found that some of the cells 

developed selectivity to a specific morph level of identity or expression.

We propose that lateral interactions within a bounded area of the receptive field play 

a key role in the development of the monotonic tuning about the face parameters. To 

test the hypothesis, we developed a simple one layer neural network consisting of 100 

neurons. Suppose the neurons are circularly arranged within the network, the degree 

of lateral inhibitory/excitatory influence each neuron would receive becomes equal; 

on the other hand, suppose the neurons are linearly arranged, the degree of lateral 

influence would be strongest at the middle and declines as the input location 

becoming closer to the boundaries, resulting in the development of the monotonic 

tuning. This effect was expected to be stronger as the width of the input becomes 

larger. The results confirmed the hypothesis.

We first conducted simulations within an hierarchical model of primate ventral stream 

by training it with realistic human face stimuli, and found that the network 

successfully developed several kinds of cells which are similarly functioning to the 

cells reported in physiology, such as face selective cells, facial feature selective cells, 

monotonic tuning of facial parameters, and face identity/expression selective cells. 

In order to investigate the possible mechanisms of the development of such neuronal 

properties, we then developed a simplified network, and found that the nature of 

boundary effects of limited size of the receptive field may have played a key role in 

the emergence of the monotonic tuning. 

We also showed that as long as there is a statistical decoupling between the visual 

inputs, the network can develop separate representations of each input spaces, even 

if the input neurons are fully overlapped. This result provides a possible key 

mechanism of the development of multi-dimensional representations such as facial 

identity and expression. 
Figure 24: Neuron specific to an ob ject with whole shape, developed based on combination of

local contours in a lower layer. The graphs bounded by blue lines do not contribute to the

representation in the higher layer, but stil l feeding input signal to it.
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Experimental studies have shown that neurons at an intermediate stage of the 

primate ventral visual pathway, area V4, encode the conformation of boundary 

contour elements at a particular position within an object, regardless of the location 

of the object on the retina while neurons in the later stages TEO and posterior TE 

integrate information from multiple boundary contour elements. In this study, we 

investigate how these cell firing properties may develop through visually-guided 

learning.  

A hierarchical neural network model of primate’s ventral visual pathway is trained by 

presenting various object shapes to the network while a local learning modifies the 

strengths of the synaptic connections between successive layers. After training, the 

model is found to have developed the experimentally observed cell firing properties 

found in V4, TEO and posterior TE.  

We also confirm that the trace learning can be combined with the statistical 

decoupling in order to form neurons that respond to individual boundary contour 

elements with translation invariance across different retinal locations.  

In this simulation study, each object moves between four different locations on the 

retina, shifting a total of 10 pixels at a time. 

Pasupathy, A. and Connor, C. E. (2001). Shape representation in area v4: Position-

specific tuning for boundary conformation. Journal of Neurophysiology, 86(5):2505–

2519.  

Brincat, S. L. and Connor, C. E. (2004). Underlying principles of visual shape 

selectivity in posterior inferotemporal cortex. Nature neuroscience, 7(8):880–886. 

PMID: 15235606.  

 

 

A hierarchical neural network model of the primate 

ventral visual pathway was used. The standard network 

architecture is based on the following:  

(i) A series of hierarchical competitive networks with 

local graded lateral excitation/inhibition.  

(ii) Convergent connections to each neuron from a 

topologically corresponding region of the preceding 

layer, leading to an increase in the receptive field size 

of neurons through the visual processing areas. 

(iii)  Synaptic plasticity based on a local trace learning 

rule. 

(iv)  Input visual images are pre-processed by Gabor filters 

Two key mechanisms drive the development of the cell firing properties during 
learning: 

(1) the network architecture is able to exploit the statistical decoupling that exists 

between different boundary contour elements over a large population of different 

shapes in order to produce separate neural representations of different boundary 

contour elements. 

(2) the same neurons can learn to respond with translation invariance as objects shift 

across the retina through the use of a temporal trace learning rule to set up the 

synaptic connection strengths, which encourages post-synaptic neurons to respond 

to input patterns that occur close together in time  

The model is trained on carefully constructed artificial visual objects. For each 

simulation, these visual objects have a fixed number of sides (n), each of which has a 

fixed number of different possible boundary conformations (p). These carefully 

constructed objects allow us to explore how the statistical decoupling between 

different boundary contour elements influences the neuronal firing properties that 

develop during learning. 

The responses of neurons to various shapes, which are constructed using different 

arrangements of boundary contour elements, are systematically examined in the 

computational model. We found that statistical decoupling is a sufficient technique to 

allow the model to develop contour and position specific neurons similar to the 

neurons reported in the physiological experiment conducted by Pasupathy and Connor 

(2001). The trace learning rule helps neurons learn to respond with translation 

invariant response properties. Importantly, in this research, the stimuli used 

throughout training always contain the whole object, but the results show that the 

network can self-organising to develop neurons that are specific to a segment of the 

boundary of each object. Furthermore, the learning mechanism proposed in this paper 

does not require any non-local information even for the transform-invariance learning.  

The sets of visual stimuli presented to VisNet during training and testing are similar to 

those used in the original physiological experiments of Pasupathy and Connor (2001), 

which inspired this present theoretical study. This allows for direct comparison 

between the performance of the VisNet model and real neurons recorded in area V4 of 

the primate ventral visual pathway. Using the computational principles discussed 

above, the model developed neurons, during visually-guided training, that have firing 

properties similar to those reported by Pasupathy and Connor (2001). That is, the 

neurons learn to respond to local boundary contour elements defined by a specific 

combination of their curvature and position within the whole stimulus.  

Figure 18: Comparison between the firing property of the cells that shows specificity to acute

contourson the top right in thephysiological experiment (Pasupathy and Connor, 2001) and in

VisNet (cell(17, 55, 3)).

53

Figure 24: Neuron specific to an object with whole shape, developed based on combination of

local contours in a lower layer. The graphs bounded by blue lines do not contribute to the

representation in thehigher layer, but still feeding input signal to it.
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Figure 1: Left: Stylised image of the four layer VisNet architecture. Convergence through the

network isdesigned toprovidefourth layer neuronswith information fromacrosstheentireinput

retina. Right: Convergencein thevisual systemV1: visual cortex areaV1;TEOposterior inferior

temporal cortex, TE inferior temporal cortex (IT)

trainingwithvisual objects, thestrengthsof thefeed-forwardsynapticconnectionsbetween

successiveneuronal layersaremodified by a temporal tracelearningrule that incorporates

amemory traceof recent neuronal activity. Thee↵ect of thislearning ruleistoencourage

post-synapticcellsto respond to input patternsthat tend tooccur closetogether in time,

andtherebybuild translation invariant neuronal responsesasobjectsshift acrosstheretina.

The VisNet architecture is feed-forward with lateral interactions within layers. The

network can thus be regarded asmodelling the activity of the brain during rapid object

recognition, which isaccomplished within 150⇠170milliseconds, whereneither high atten-

tional resourcesnor back projectionsarerequired (Vanrullen, 2007; Largeet al., 2004; Lw

et al., 2003; Thorpeet al., 1996).

Past studiesusing theVisNet model haveinvestigated a broad rangeof issues, includ-

ing thedevelopment of transform (i.e. position, view and scale) invariant representations

of objects by trace learning (Wallis and Rolls, 1997; Rolls and Milward, 2000), invariant

object recognition within cluttered environments(Stringer andRolls, 2000), recognition of
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Figure3: Set of stimuli wherenumber of sides(n) isfour and thenumber of possible

contour elementson oneside (p) is three.

out of theall possiblecombination of then and p (seean example in Fig.3).

Thesizeof the image is256⇥ 256 pixels, and theradiusbetween thecentre

and each vertex of theobjects isset to50pixels. In thelatter experiment for

translation invariance, each object isshifted at 4 locations, 10 pixelsshift at

a time, on theretina, making thenumber of stimuli pn⇥ 4. Similarly, for the

experiment to investigate therotation, aseach object is rotated 2 degreesat

a time until it reaches to 360/n degrees, which is to avoid redundant visual

input, thenumber of thetotal input visual stimuli becomespn⇥ 360 / (2n).

Theset of stimuli used in the second half of the study imitates a subset

of the stimuli used in thephysiological experiment conducted by Pasupathy

and Connor (2001). Thestimuli areconstructed by systematically combining

sharp convex, medium and broad convex, and medium and broad concave

boundary elementstoformclosed shapes. Unliketheidealized stimuli used in

thefirst half of thestudy, theangular separationsof vertex in thesestimuli are

varied (135◦-135◦-90◦ and 180◦-90◦-90◦ ) (see Fig.4 for the complete sets).

In thefirst half of theexperiment, thenumber of visual input fed tothemodel

during thetraining isthenumber ofobjects(24) ⇥ 36aseachobject isrotated

on theretina 10degreesat a time. Thesizeof theimagesis256⇥ 256pixels,

and theradiusbetween thecentreand each vertex of theobjects isset to 50

pixels. In the second half of the experiment, each object undergoes shifting

ninelocationson theretina, 10pixelsat a time, whilerotating 10degreesat a
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Theresult showsthat in thefirst layer therearenocellsthat learn to respond invariantly

to a specific contour at a specific side across the four di↵erent translational positions.

However, neuronswithin the subsequent layers begin to develop increasingly translation

invariant representations (Table. 10), and an example of the neurons that respond to

convexcontourat theleft intheobjectacrossthefourdi↵erent retinal locationsisvisualized

in Figure15.

Right Bottom Left Top

Layer ccv. str. cvx. ccv. str. cvx. ccv. str. cvx. ccv. str. cvx.

4 24 73 474 126 125 484 127 170 338 53 92 230

3 17 74 224 85 100 286 57 114 180 16 82 125

2 6 30 22 9 38 28 6 33 16 1 29 9

1 0 0 0 0 0 0 0 0 0 0 0 0

Table10: Number of neuronsideally developed tospecifically respond toaspecificcontour across

four di↵erent retinal locations. This result shows the gradual development of transformation

invariant representations for each contour at each position.

Also, another experiment isconducted to investigatethedegreeof rotational sensitiv-

ity of the representation by rotating each object on the canvas (2 degrees at a time for

120 degrees) where n = 3 and p = 2. As a result, some cells developed specificity to a

contour when it appearswithin certain rangeof rotational angle (Figure16). This result

isconsistent with thephysiological findingsreported by Pasupathy and Connor (2001).

3.2 Study 2

In thissection, thesetsof stimuli presented tothenetwork compriseof similar stimuli used

in thephysiological experiment (Pasupathy andConnor, 2001). Even though theindepen-

denceof thedi↵erent contoursand thepositionsisnot ideally statistically decoupledacross

thestimuli, thestimuli still providea significant degreeof statistical regularity. Therefore,

we hypothesize that the network will still produce similar neuronal response properties
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Example of neurons that are tuned to different facial parameters

ce
lls

Different parameters varied at testing

For the network to encode the non-orthogonal multiple dimensional visual inputs such 

as facial identity and expression, the ability to handle overlapping sets of retinal 

input neurons is crucial. To explore the relationship between the degree of overlap of 

input neurons and the performance, we conducted a series of simulations within a 

simple one layer network. 

We first confirmed that when the network is trained with two input sources of 

common motion, the network failed to develop separate representations of the two 

input spaces; on the other hand, the network successfully developed distinct 

representations for those two input spaces when the two inputs were independent.

We then showed that even if the retinal input neurons are partially or entirely 

overlapped, the network manage to develop separate representations of two input 

dimensions.
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