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	0. Introduction


This report will present the progress made against the working package WP3 since the start of the project. The goal of this working package is to represent sensori-motor information on a biologically-inspired neural substrate to be implemented on a robot. This sensorimotor representation is aimed at being used as a basis of information encoding for the whole project and has consequently to take into account the constraints of the project. 

Two kinds of constraints can be evoked. The first one is technological. We propose to develop a robot together with behavioural tasks like navigation, and object grasping. There is thus a need for robustness and real-time processing in the systems we will develop. Of course, if we consider the state-of-the-art in the domain, it is difficult to imagine that we will be able to design a completely generic robotic system in the life span of the project. That is the reason why we have specified several restricted scenario, to be used as a framework of development and assessment for our models. The protocols and characteristics defined in the scenario will have an influence on the sensorimotor representation we will need to define. This point will be discussed below. Another point linked to the technological constraint is to adapt the representation to the actuators and sensors embedded in the robot. This point will be discussed in the sensorimotor parts discussed in the report.

The second constraint is related to the biological inspiration of the model. We have explained elsewhere why this interdisciplinary approach was very important for the kind of model we wish to develop. We have to explain here that this biological inspiration has to be built on data and models from the neurosciences. Some will be consequently reported here, as the result of the study of the literature on sensorimotor representation in the brain. Others will be developed in the framework of the MirrorBot project, as for example in deliverables D1 and D2.

It has also to be noted that the above mentioned constraints can be thought of as opposite. On the one hand, we give an engineering point of view: the robot actually has to work, real-time and efficiently. On the other hand, we give a thematic view: the models that we will design have to help us to better understand complex biological processes. As a consequence, we will have sometimes to make some compromises. Some mechanisms can be defined hardwired to accelerate the computation of some peripheral functions or the implementation can be restricted to the functions related to the considered tasks and not to the complete capacities as observed in the brain. 

It is now possible to evoke the defined scenario, in order to understand which modules of perception and action encoding will have to be implemented to allow for that scenario. Basically, in the early version of the scenario, the robot is in a room with tables and objects displayed on tables. The goal of the robot is to localize objects, perform navigation through the room and grasp objects. We will deal later about modules related to spoken language and concentrate at the moment on visiomotor aspects of the scenario. 

Concerning vision, two abilities have to be implemented. Objects have to be localized, which will also imply camera movements, and to be discriminated, which will have an important impact on visual information encoding.  Concerning movements, we have underlined three different aspects: the camera has to move, the robot itself will move and will grasp objects. It will be consequently necessary to take into account the technology used to emulate these actuators and to specify how motor information can be encoded. 

Endly, two points are worth mentioning. On one hand, we have introduced here the tasks to be performed, but the present report is only interested in giving some specifications on low-level visual and motor information encoding. On the other hand, we have to remember that one of the most important goal of the project is to study how high level task and also multimodal integration can be obtained as emerging from interactions between such simple but adaptive information representations.

The first part of this report will introduce the choices made in visual processing and their biological foundations. They will have important consequences and benefits on multimodal integration with other modalities.

The second part will try to overview human and primate motor control and to propose a consistent motor coding for the Mirrorbot robot. This will underline the main sensorimotor loops we will be dealing with.

	1. Low level vision process


The robotic experiments in the project have to be grounded on both a robust and a biologically-inspired vision process. As the project is concerned with neural organization of some ”high level'' cortical modules, a neural approach at the very first perceptive modules is required to make the whole architecture consistent. The model of first layers of biological visual processes presented here is the compromise we have chosen between the two technological and biological constraints evoked above. For other reasons also mentioned above, we will not try to present here an exhaustive description of the visual system in mammalians, but only to describe data from neurosciences that could be of some help to implement our perceptive system.

1.1. 
Main principles

Before presenting a more detailed specification of the model in section 1.2, an overview of the design is presented here, with relation to the biology of first stage of visual information processing in the cortex.

1.1.1. Purpose

The purpose of the present specification is to be suitable for the exploration by the robot of the visual scene, through ocular saccades and to allow for object discrimination. Saccades are provided by the actual control of orientable video device. Let us illustrate on a schematic example in figure 1.1 how saccade exploration can lead to the robust analysis of the visual scene. Saccades can be considered as a behaviour, consisting in successive focusing of gaze to some relevant parts of the visual scene. This point leads to consider the recognition process as the search of specific expected elements. On the simplified example in figure 1.1, recognizing the top of a table consists in finding first the right-bottom corner of it, then follow some vertically-oriented edge, until the upper-right cornet is reached. Next exploration is then the following of a horizontal edge, until the top-right corner is found, and so on until the top is recognized. Such a mechanism has to rely on a robust saccade mechanism, allowing the focusing on some visual elementary cue in the scene (a corner, an edge, etc...).
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Figure 1.1: The recognition of the table or the orange can be understood as successive fixations of gaze to some elementary picture elements. The behavioural signature of the table, in term of saccade sequence, is represented by the content of the retina field at each saccade. This is stable to changes of point of view.

We thus have to design a visual architecture allowing for such planning of saccades and also for the discrimination of the object in the central vision. This strategy is itself biologically inspired and has been extensively analyzed. It relies on the magnification of central vision, allowing the analysis of the gaze centre, and a compression of peripheral vision, providing some kind of context for next saccade. This is what is described in the following paragraph.

1.1.2. Receptive fields

Visual neurons of primary visual cortex have each an access to some part of retina, through lateral geniculate nucleus (LGN) of the thalamus (cf. figure 1.2). This part of the retina is compact, and can be identified by the angles coordinate of its centre. A mapping is then defined, from position of neurons in the visual cortex, to a couple of angles in the visual field. 

The size of receptive fields of visual cortical neurons, i.e. the size of the retina part they are connected to, increases with eccentricity. Central neurons have a small solid angle receptive field, providing accurate central vision, and peripheral ones have a larger solid angle receptive field, providing some blur and contextual visual information. 

Last, the visual information from one eye is split into a left and a right visual field. The left visual field is mapped to the right visual cortex, and the right visual field to the left visual cortex. The figure 1.3 only shows the mapping of half the visual input.
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Figure 1.2: Mapping of cortical neurons to retina. Each position in cortical surface is related to a position of receptive field in retina. Two neighbouring neurons have overlapping receptive fields.
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Figure 1.3:  Left visual field (left part of the figure) is mapped into cortical coordinates (right part of the figure). The visual cortical substrate is strongly dedicated to central vision, and peripheral vision is compressed. From (Hubel 1995).

1.1.3. Orientation selectivity

One mentioned computation in the primary visual cortex is the extraction of local contrast orientation. This is reported to be independent from ambient luminosity, and selective. In the visual cortex, neurons called complex cells detect specific contrast orientations. Neighbouring complex cells in the cortex share almost the same visual input
, but compute different orientation detection. 

The description given here of visual process is only partial, because it doesn't take motion, textures, binocular disparity and many other visual features into account. This latter aspects are not addressed by the model. Nevertheless, our model can be extended easily to take colour information into account, as mentioned further (cf. section 1.2.3.).

1.2. The model

The setting of local filters with overlapping receptive fields, using self-organization, has been often modelled (see for example Miikkulainen et al. 1996), but models are most of the time theoretical and are not robust enough to work on real-world images. More precise models are time consuming and cannot be used in a realistic way on real images.  The present model aims at providing such organizing process with real image analysis and will accordingly simplify several computational aspects. The very purpose of the model presented here is to provide at each cortical place a battery of orientation selective filters, whose receptive field sizes and centres depend on the position of the filters in the cortical module (cf. figure 1.2). Self organization of these filters is not managed at this level in our approach, but it has been developed in our team (and in others). For computational cost reasons, it seems sufficient to set the organization by hand.

1.2.1. Centre and size of visual filters

The centres of visual filters, and their size, are defined from a density function ( over the whole image. This density is high at the image centre, and decreases with the distance r(p) between image pixel p and the image centre. See figure 1.4 for an example. From this density, we compute iso-surfaces Si, gathering pixels p, such as:

[image: image6.png]Vi, / u(r(p))dp = K, we have used K = 0.6 in figure 1.4.
Si




Centres of these iso-surfaces are used in our model to define the centre of each receptive field. The spatial size of the filters is related to the width of the iso-surfaces, because the iso-surfaces expand with eccentricity, as the density function ( becomes weaker. As the more eccentric the filter is, the wider it is (cf. figure 1.4), the spatial resolution of the filters decreases with eccentricity.
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Figure 1.4: Radial density function over the image. Equation is ((()=exp{-(r /45)^2}. Middle part of  the figure represents iso-surfaces Si on the right visual field. Right part of the figure is cortical topography, obtained by representing each iso-surface Si with the same size. Abscissa is the eccentricity r.

The cortical substrate is then defined as two bi-dimensional sets of neurons, one for each left and right visual field. Receptive fields of cortical neurons depend on the iso-surface corresponding to it (cf. figure 1.2). The figure 1.5 shows the distortion of the image when mapped onto the visual cortex model.
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Figure 1.5: Left and right part of the image (left of the figure) is mapped to left and right visual cortex model. Right part of the figure shows the two cortical surfaces, displaying at the location of each neuron the pixel that is at the centre of its receptive field. This has to be related to figure 1.3.

1.2.2. Contrast detection

Once the centres and sizes of cortical filters are defined by the use of a density function (, the actual filtering has to be performed. For a given receptive field, i.e. for a specific place on cortical surface, our model provides a battery of orientation selective filters
, all having the same size, computed according to eccentricity, i.e. according to the ``abscissa'' of the neuron on the cortical sheet (cf. right part of figure 1.4). Orientations of the filters for a specific cortical neuron are equally distributed in [0,2(].

The whole filtering process for a specific filter is illustrated in figure 1.6. It is inspired from biology (Miller et al. 2001; Troyer et al. 1998). First stage of computation is performed by a LGN module
 that has two kinds of units for each place in the visual scene. One of them is on-centre /off-surround, and the other is off-centre /on-surround. The spatial size of these filters is related to eccentricity. This stage, classically, extracts contrasts in the image. From the contrasted view, V1 cells compute gabor-like filtering
 (Daugman 1985), feeding both negative and positive parts of the gabor filter excitatorily. The difference between negative and positive parts of the filter is that the former are fed with on-centre/off-surround cells whereas the latter are fed with off-centre /on-surround cells. This computation allows to define filters that are invariants to luminosity. Nevertheless, they are not selective enough to perform image analysis (in our approach, we need an accurate analysis of the image, but no reconstruction properties). As mentioned in (Troyer et al. 1998), sharp orientation selectivity is performed by anti-phase inhibition. That means that a filter is strongly inhibited by the one that detects the opposite pattern.

1.2.3. Colour Detection

In the protocol chosen for the project, we have to recognize fruits which have mostly the same shape, and are only differentiable by their colour. In consequence we had to complete this model with colour sensitive filters. LGN units do not only receive input from grey-level retinal receptors (rods), but also from colour-sensitive retinal cells (cones), situated mostly in a small central region of the retina: the fovea. If rods are selective for small intensities of light, there are three types of cones which are selective for three wavelengths: red, green, blue. The filtering made by LGN units can thereby receive retinal inputs from four channels: R (red), G (green), B (blue) or W (grey-level). The on-centre/off-surround units (resp. off-centre/on-surround) can combine two of these four channels to provide the cortex with colour-contrasted information. Then, with the same gabor-like cortical filtering as described previously, our colour-improved model is able to  distinguish coloured regions of the image.
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Figure 1.6: Result of the filtering of an orange with a red/green contrast sensitive filter.
1.2.4. Results

Softwares corresponding to these filtering processes have been implemented and these operations can be carried out in cascade from the rough image to extract hints and represent the result on a map of filters.  Figure 1.7 illustrates this process for a typical image in the scenario.
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Figure 1.7: Orientation selective and luminosity independent filtering. Luminosity independence is provided by computation in LGN module. On-centre /Off-surround units (in red) and Off-centre /On-surround units (in blue) in LGN module computes edge

detection. These two kind of units feeds (excitatory) cortical units (in module V1). Units in V1 that have opposite filters have inhibitory relationships, that increase orientation contrast selectivity (Troyer et al. 1998).

1.3.
Perspectives

All these feature-extraction mechanisms have to be integrated in a common basis. Indeed, it will be necessary to combine these elementary features when, in the protocol, objects and locations will have to be recognized.

Then, in order to save computation time, and allow large V1 maps as the basis for robot image analysis, it would be relevant to provide local filtering from classical image analysis methods. These methods allow to reproduce the filter capabilities (sharp orientation selectivity and luminosity independence) by linear filters. The work concerning saccades in the project will allow to set appropriate module size.

	2. Motor coding


The purpose of this part is to propose a biologically realistic way to control the Mirrorbot robot knowing its possibilities and limitations induced by its not-so-anthropomorphic shape. We will start by reviewing some biological findings on human and animal motor voluntary control, which will be compared to the needs of the project and the skills of the robot. A compromise will be presented and discussed, so as the whole project can lean on a motor coding allowing associative computation, and sufficiently realistic to let emerge properties like mirror neurons.

2.1.
Biological overview of motor control

Several parts of the nervous system are involved in motor control, starting from the low-level motoneurons of the spinal cord directly acting on muscles to the high-level cognitive areas of the cerebral cortex. In the first place, we will briefly present the architecture of the motor control system, in a functional point of view, emphasing on the voluntary movements. Then, when we have identified the major interesting motor pathways, we will wonder how these motor commands are encoded on a neural substrate, especially in the motor cortex.

2.1.1.
Architecture of the motor control system

A muscle is constituted of a large set of muscular fibres, innervated by neurons of the spinal cord called motoneurons. Each motoneuron controls a group of fibres (from a hundred for precision muscles to thousands for force muscle) by discharging a quantity of acetylcholine which makes the fibres contract. There are two kinds of motoneurons: the (-motoneurons controlling directly the fibers, and the (-motoneurons controlling the inter-fibres by modifying the target-length of the muscle. This allows hard-wired myotatic reflexes, like the stretch reflex. The muscle is thereby commandable in two ways: length and strength. 

The spinal cord is organized in motor pools, where motoneurons are gathered with interneurons, allowing complex control of muscular activity, modulated by supraspinal structures. These pools of spinal neurons can concern a single muscle, a group of synergist or antagonist muscles, muscles from different limbs, etc.  In particular, some assemblies of spinal neurons called Central Pattern Generator (CPG) control particular rhythmic movements like walking or swimming, which require coordinated and synchronized activity of many muscles. These CPG have their own rhythmic frequency due to cyclic connectivity between neurons, what permits to obtain a behaviour of walking or swimming without any supraspinal structure. Nevertheless, supraspinal structures project on CPG to modulate the frequency or amplitude of the movement.
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Figure 2.1: Main pathways in motor control.

There are many pathways from supraspinal structures to spinal cord. In figure 2.1 are represented the two major ones: the corticospinal pathway, where cortical pyramidal neurons have direct connections with motor pools (and sometimes directly with motoneurons), and the rubrospinal pathway, which originates in a particular nucleus of the brainstem called the red nucleus. The corticospinal pathway is involved mainly in voluntary movements, knowing that it originates not only in the primary motor cortex (50%) but also in premotor, cingulate and parietal areas of the cerebral cortex. The red nucleus is involved in motor adjustment, as it receives connections from the cerebral cortex and the cerebellum. The rubrospinal pathway is also called the indirect corticospinal pathway because its influence has decreased phylogenetically, even if it may be responsible for ``unconscious'' movements, like escaping in a dangerous situation etc.

There are several other pathways descending from supraspinal structures: let's just cite the reticulospinal pathway, originating in the reticular formation (in the brainstem), acting on waking/sleeping periods, and the vestibulospinal pathway, acting on equilibrium.

Even if we can say that most of voluntary movements are planned in the cortex and descend to the spinal cord via the corticospinal pathway, we can identify two independent loops, allowing the cortex to adjust its commands or to plan its behaviour:

· the first loop implies the cerebellum and brainstem nuclei close to it (principally dentate nucleus and inferior olive). The role of this loop is to adjust cortical motor commands, which are quite rough, by previewing the sensory consequences of these commands, and comparing them with the desired effect. Thus, the cerebellum can be viewed as a predictor of sensory state. The cytoarchitecture of the cerebellum is mainly constituted of Purkinje cells, which collect a large amount of information coming from several parts of the motor and parietal cerebral cortex (via the granular cells whose axons are called parallel fibres), and throw their axons to the dentate gyrus, which is a relay to either the primary motor cortex or the spinal cord via the rubrospinal pathway. The strength of the connection between the Purkinje cells and the parallel fibres can be learned relatively to an external signal, the climbing fibre, which originates in the inferior olive. The inferior olive receives information from the outside, and especially from muscles, so that it can elaborate a muscular ``error signal'' which can be sent to  the Purkinje cells. The behaviour of the cerebellum can thus be compared to a two-layer perceptron (Albus 1971 -  Marr 1969), which learns to estimate the correct motor commands. This is why cerebellum is thought to be involved in motor learning, especially for ``automatic'' movements like a tennis smash, requiring rapid and precise adjustments that can not be directly controlled by the cortex for timing reasons. Cerebellum is also involved in equilibrium control, and probably in cognitive processes but proofs lack.

· the second loop implies the basal ganglia, a set of nucleus in the frontal part of the midbrain (cf. figure 2.2). See (Mink 1996) for a complete review. The input nuclei of the basal ganglia are the striatum (composed by the putamen and the caudate) and the subthalamic nucleus (STN) and receive excitatory cortical input from the whole frontal lobe (motor, premotor and prefrontal), and also in a lesser proportion from parietal lobe. The output nuclei are the internal segment of the globus pallidus (GPi) and the substantia nigra pars reticulata (SNr). The aforementioned nuclei are organized in two functionally different sets: the putamen => Gpi way, which influences learned movements for the hand or fingers and has inhibitory connections to a ``motor'' nucleus of the thalamus VLo, which mainly projects to motor areas (M1, PM, SMA); the caudate => SNr  way, involved in innate movements like ocular saccades, head-orientation, locomotion, mastication, etc. and is connected to brainstem motor centres like the superior colliculus for saccades. Even if the input/output nuclei are segregated in two functionally different groups, the internal processing in the basal ganglia is similar. As shown in figure 2.2, there are two distinct pathways between input and output structures: a direct one between striatum and GPi/SNr, and an indirect one through GPe (external segment of globus pallidus). The direct pathway has a global excitatory effect on cortical motor command whereas the indirect pathway has a global inhibitory effect on them. The balance between these pathways is controlled by the substancia nigra pars compacta (SNc) whose dopaminergic neurons modulate in a excitatory manner the direct pathway (striatal neurons involved in the direct pathway have D1-type dopamine receptors) and in an inhibitory manner the indirect pathway (D2-type dopamine receptors). The different motor commands emitted by the motor cortex in the preparation phase are therefore either inhibited or facilitated by the competition between the two pathways. The basal ganglia can therefore select which motor command has to be launched or not: its main role is selection of action (by inhibition of irrelevant motor commands) and its association with the prefrontal cortex can lead to sequence learning.
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Figure 2.2: Connections between basal ganglia nuclei: GPe global pallidus external segment; GPi global pallidus internal segment; STN subthalamic nucleus; SNr substancia nigra pars reticulata; SNc substancia nigra pars compacta; VLo ventrolateral pars oralis. Other structures presented here are: M1 primary motor area; PM premotor area; SMA supplementary motor area; PFC prefrontal cortex.

The main conclusion of this brief overview is that the biological motor system offers two parallel loops, a cerebellar one which can perform motor learning and adjustment, and a basal one which can achieve selection of action and sequence generation. These loops act directly on the primary motor and premotor areas, so that the motor commands generated by the cortex become adequate. As it may be useful to incorporate these loops in our model, the need for a sufficiently complex and realistic motor coding is now evident.

2.1.2. Motor coding in M1

In this subpart, we will focus on the computational aspects of the motor commands emitted by the motor cortex, especially the primary motor cortex M1. M1 spreads along the frontal side of the central sulcus, and is organized somatotopically, just like the primary somesthesic area S1. It means that the upper part of M1 represents feet, and that it progressively slides to legs, trunk, arms until mouth is represented in the lower part (see Mirrorbot report 7a for details). This is called the motor homunculus (cf. figure 2.3). This representation is distorted because body parts like fingers or mouth necessitate a great precision in control (compared to toes), and have therefore a greater amount of M1 neurons dedicated to them.
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Figure 2.3: The motor homunculus: representation of the body on the surface of M1. (Adapted from T.Vilis' tutorial (http://www.med.uwo.ca/physiology/courses/medsweb/).)

In this section, we will only focus on the voluntary control of arm movements, because it represents a great percentage of M1 surface, because it is the most documented functionality of M1 and also because it corresponds to the closest kind of movement, with regard to the considered scenario. Just note that the part dedicated to leg movements in M1 is quite small, what tends to confirm that locomotion is not directly controlled by the motor cortex, but by CPG in the spinal cord, as we stated in previous subsection. M1 may just control individual movements of legs, like football kicks or climbing stairs.

The role of M1 in arm movement control is the object of lasting debates. The early experiments from (Evarts 1968) tended to show that M1 controls directly muscle activation, with a precise mapping of musculature, what is coherent with the motor homunculus. However, this approach has been contradicted by (Georgopoulos et al. 1982) when they observed that in multijoint pointing tasks, a majority of M1 cells encoded not the acceleration (as it would have been if these cells controlled directly muscle activation) but direction of movement and velocity. In particular, for planar arm movements in several directions, the recording of the discharge of a population of M1 cells had the shape represented in figure 2.4.
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Figure 2.4: Discharge of a population of M1 cells for planar reaching movements in eight different directions. Adapted from (Georgopoulos et al. 1982)

Each of these M1 cells has a preferred direction in space, for which its firing rate is maximal. These preferred directions (PD) seem to be evenly distributed over the neurons. Moreover, the directional tuning curve is very large: a neuron still respond a little when the movement is 90 degrees away from its preferred direction. This seems totally antagonist with the previous muscular-based view of cortical control, and would rather indicate an extrinsic coding (in a extra-personal reference frame) of the direction of movement. The conversion from this high-level computation in M1 to the dynamic activation of motoneurons would be done in the spinal cord or in the brainstem, but no one could say how.

More recently, this result has been tempered by experiments from (Kakei et al. 1999) who showed that in M1 coexisted neurons whose preferred direction did not change with arm position (called extrinsic-like neurons), and others whose PD varied as the arm position (called muscular-like neurons, or intrinsic-like neurons).Thus, both muscles and movement seem to be encoded in M1.

At that time, there is no satisfactory model of how such a coexistence between external and internal frames is possible. Let's just cite (Todorov 2000) whose model supposes that M1 neurons really encode muscular activation, but that the non-linearity of the spinal cord transfer function induces epiphenomena in statistical analysis like directional selectivity or velocity selectivity, or (Baraduc et al. 1999) whose visuomotor transformations model can be applied to M1 (even if it is not the main purpose of their model).

2.1.3.
Saccadic eye movements

Normal vision consists of an alternation of saccadic eye movements and period of visual fixation, as explained in the visual processing part. These motor commands do not use the common corticospinal pathway to reach the eye muscles, but more ancient (phylogenetically speaking) pathways, through midbrain structures like the superior colliculus (SC). The SC is the main gathering point of saccade control, with direct efferences to the eye muscles and afferences from many parts of the brain. It consists of successive gray and white layers, where the superficial layers respond to visual stimulation in the contralateral field, and the intermediate layers are related to motor generation of saccades. This juxtaposition of visual and motor maps creates a direct mapping between the visual stimulus and the corresponding motor saccade to focus this stimulus. Therefore, motor commands are encoded in a retinotopic fashion, by a bubble of activity centred on the desired saccade: each motor neuron has a preferred saccade in direction and amplitude. The SC receives connections from dedicated part of the cerebral cortex: the lateral intraparietal area (LIP) and the frontal eye field (FEF) which are associative areas of the cortex involved in the voluntary control of saccades. Basically, these areas send to the SC the visual stimulus that appears interesting (LIP is a parietal area, which sends visually salient stimuli; FEF is a frontal area, which sends cognitively interesting stimuli), but often there are several stimuli that are incoherent. The choice of the right saccade is done by the basal ganglia, which projects on the SC, inhibiting the superfluity saccades. In consequence, only one bubble of activity can be seen on the 2D retinotopic map, leading to the correct saccade in term of salience, cognition or conditioning.

This view of the way SC works is obviously too simple, knowing that three major types of neurons coexist in the SC (cf. Wurtz et al. 2000): the burst neurons, who display a brief response at the onset of the saccade; the buildup neurons, which show sustained activity in delayed tasks; the fixation neurons, which are tonically active during fixation and pause when a saccade occurs. So, SC is also involved in temporal selection of fixation or saccadic phases.

2.2. Robotical constraints
Before choosing a model for controlling the Peoplebot, we must wonder what kind of movements we can (or have to) execute. In the scenario chosen for the project, movements of the robot engage three types of effectors (cf. figure 2.5):
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Figure 2.5: A schematic view of the PeopleBot and its main actuators.

· The camera: situated on the top of the robot, it has two degrees of freedom represented by two angles named pan and tilt. They are commandable in either absolute or relative angular position, what allows us some latitude in choosing a biologically relevant model. The camera has also a zoom control, but we won't use it for evident biological plausibility reasons.

· The gripper: two actions can be performed: rise or descend the whole gripper, close the two fingers. Unfortunately, the gripper can not be precisely controlled: we can just close the fingers until they block, and we can not control the height of the gripper (its speed depends on temperature, load, initial position, etc.)  The gripper must therefore be blocked in its highest position, and pinching is only a yes-or-no variable. No biologically plausible model can be reasonably applied to the gripper.
· The wheels: the robot has two motor wheels and a stabilization wheel. Each motor wheel can be controlled in speed (in a dynamical way or by executing a given number of turns), but there are also facilities to control the robot globally in direction/velocity.
Excepted the gripper, we only need two two-Degrees Of Freedom motor neural assemblies to control the robot. From a computational point of view, it may be useful to adopt the same model for the two neural assemblies, even if, as stated above, it is not biologically plausible to represent navigation and saccades by similar systems. Nevertheless, it can be noticed that in both cases, cortical areas are engaged in the control of the function and cortical maps could be chosen as the unified basis to implement the phenomena, even if we are conscious that other neural centres are involved in the task. Accordingly, a 2-D map to navigate in the room and a 2-D map to focus the camera on a salient point on the image will be developed in the forthcoming model.

2.3. Towards a model

The motor model which will be described in this section is inspired from biological data on voluntary arm movements, as described in section 2.1.2, but will be applied to gaze movement and navigation. It is based on the assumption that M1 neurons have a preferred direction and a cosine-like tuning curve, as introduced by (Georgopoulos et al. 1982). In fact, the objections made to these arguments in section 2.1.2 are irrelevant here because of the invariance of motor command with the position of the effectors: the muscular command needed to move ones arm in a given direction depends on the initial position of the arm. Here, the initial position of the wheels or the camera does not influence the motor command. This is why a model inspired from Georgopoulos' theory is sufficient.

In this model, all neurons have a preferred direction of movement, which are evenly distributed in the working space. They also have a broad cosine-like tuning curve, see figure 2.6.

[image: image16.jpg]



Figure 2.6: A population of eight neurons with their preferred direction and some tuning curves.

The main advantage of this broad tuning is that the whole population participates in representing the motor command. If the tuning curve were sharper, just a few neurons would be active at the same time, and the destruction of these neurons would lead to a paralysis for this given movement. This broad tuning creates a population coding, where all neurons participate to the coding of the attribute. Mathematically, if the preferred directions are evenly distributed over the population, and if tuning curves are real cosines, the reconstruction of the attribute is obtained by multiplying all preferred directions by the corresponding activities and geometrically summing them: the resulting vector is called the “population vector”:

PopulationVector =  ( Activity(i)*PreferredDirection(i).

Biological experiments have shown that this population vector in M1 is a good predictor of the movement direction.

Computationally, this model is simple to implement: choose a number of neurons (the more neurons you choose, the more the reconstruction will be precise) and give to each of them a preferred direction (evenly chosen on the unit circle) and a cosine-like tuning curve ( Activity(i) = cos(Value - PreferredDirection(i))). The tuning curve is implicit in normal functioning (appears in the calculation of the population vector), but may be useful for learning (inverse functioning).

The main advantages of this model are:

· robustness to destruction and noise: the reconstruction of the population vector is stable.

· applicability to the calculation of linear transformations: see (Baraduc et al.; 1999) for an example.

· compliance with associative models.

We are at this moment developing self-organizing maps which could work like this model, but without expressly defining the preferred directions.

	3. Conclusion


These models have been implemented to specify the way perceptive and motor information should be represented in our forthcoming systems. Of course, it is important to remember that these representations are not defined to work alone, but as a basis for multimodal integrated associations. 

More particularly, we underline that inputs corresponding to language have also to be considered and that associative areas will be built on this perceptive/motor basis (studies have begun). Later on, neuronal systems performing selection of action will be also added. 

For all these reasons, it is foreseen that the present implementations will be adapted to the future developments, even if the specifications will be left unchanged.
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� Overlap represented in figure 1.2 is wide.


� Providing a neuron with several orientation filters is an engineer trick for the model


� This module is not central in our model, it is a very rough description of computation from retina to V1


� Usual gabor wavelet processing is performed directly from image pixels.
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