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	0. Introduction


In the modelling axis of the Mirrorbot project, the first year was devoted to the design of mono-modal motor and perceptive maps. This second year, we have been interested in the design of multi-modal maps, with emphasis on three points:

· Defining models robust and simple enough to allow for implementation on real robots.

· Analysing models - the way they learn and represent mono-modal and multi-modal information - in order to understand how abstract representation or semantics can emerge from interaction with the external world.

· Relating these results to data coming from our neuroscientist partners and more generally to mirror neuron modelling.

What multi-modal information?

From initial mono-modal motor and perceptive information, at least two kinds of multi-modal information can be elaborated, corresponding to episodic and procedural memory [Cohen and Squire, 1980]. Both kinds of processing have strong neurobiological basis and can be judged relevant as far as our robotic scenarii are concerned. 

The idea of episodic memory is about learning an event (an ”episode”) in its various modal contexts. For example, the robot can have to learn to remember that it saw a red fruit on the table while hearing the word “apple”. Later, from this memory, the robot should be able to perform modal recall like indicating to which location or to which sound the visual pattern representing the red fruit is associated. From a biological point of view, this kind of memory (knowing that) is related to the interplay between the cortex and the limbic system and more precisely the hippocampus [Squire, 1992]. From a connectionist point of view, this kind of learning (learning prototypic examples by heart) is related to a class of recurrent models called associative memories. We have investigated extensions of such connectionist memories to multi-modal data and report the corresponding results in section 1.

The idea of procedural memory is that of learning to control an action (a “procedure”) through various modal parameters. For example, the robot can have to learn the consequences of some of its actions on the visual, somesthesic or auditory environment it perceives. Later, from this memory, the robot should be able to detect which actions to trigger in order to move from a given perceptual world to a desired one. From a biological point of view, this kind of memory (knowing how) is related to the cortex [Burnod, 1989]. From a connectionist point of view, this kind of learning (learning to generalize from data) is generally related to layered networks. As reported in section 2, we have wondered if self-organizing maps can be extended to this kind of multi-modal learning.

	1. Associative Memory for multi-modal Integration


As stated in the introduction, we've been studying classical connectionist models of associative memory such as Hopfield networks [Hopfield, 1982] and their possible extension to multi-modal integration. Those models are generally based on a recurrent mechanism that allows both storage and retrieval of knowledge acquired in the past. While classical data-processing approach emphasizes sequential and localist computation where knowledge is accessed by address, associative memory allows for a more distributed and parallel processing where knowledge can be accessed by content.

More precisely, this kind of memory stores a link between specific input and output in order to be able to recall output when input alone (or part of the input) is presented to the network. Associative memory which associate input to itself is then called an auto-associative memory while a memory which associate distinct input and output is called hetero-associative memory.  Such systems produce prototypes in such a way that they are stable states of the network and can therefore be compared to learning by heart systems. This differs from generalization or interpolation systems that will be presented in the next section. In the present work, the idea is to use such memory in cases where a specific modal pattern has to be associated to another specific one.

Finally, it is to be noted that most connectionist models of associative memory have been primarily interested in the auto-associative aspect rather than the hetero-associative one. This leads to more dedicated mechanisms that can hardly be adapted when dealing with multi-modal integration. Our work stems from the model proposed by [Reynaud, 2002] originally inspired from the original model BAM introduced by [Kosko, 1987] and [Kosko, 1988]. Some additional investigations on the capacity analysis and possible biological implementations of BAM-networks have been carried out by the Ulm team [Sommer and Palm, 1999] [Sommer and Wennekers, 2000] [Knoblauch and Palm, 2001] [Sommer and Wennekers, 2001] [Knoblauch and Palm, 2002] [Knoblauch and Palm, 2003] [Sommer and Wennekers, 2003].

1.1
Hetero-associative memory
Bi-directional Associative Memory (BAM) introduced by [Kosko, 1987] generalizes the Hopfield model by allowing the association of different inputs. The BAM is made up of two layers of neurons of different sizes with one layer being completely inter-connected with the other in bi-directional way (cf. Figure 1.1). Information is reverberated between those two layers of neurons until a state of equilibrium is reached. Finally, weights of connections are learnt according to Hebb rule. Nonetheless, the main limitation of the BAM is its low storage capacity because of the learning rule and the symmetry of connections. [Wasserman, 1987] demonstrated that storage capacity is (n/(2log2(n))), where n is the size of the smallest layer. Another problem, directly inherited from the Hopfield model is the catastrophic interference phenomenon where the learning of a single extra example can lead to the complete loss of memory.  Considering those limitations, several methods have been investigated in order to increase the storage capacity. Those methods split themselves into two main groups: those who deal with architecture and those who deal with learning. Among these latter ones, we are particularly interested in the method of pseudo-relaxation PRLAB (Pseudo Relaxation Learning Algorithm for BAM) by [Oh and Hothari, 94].

The base of this algorithm is an iterative process which converges into a finite number of steps. It is based on a variation of the method of relaxation, stemming from a mathematical technique of resolution of systems of linear inequations.  According to the authors, PRLAB yields several advantages like the use of maximum storage capacity that allows for a perfect recall of n learned pairs with a BAM having n units in each layer.  Moreover PRLAB is quite stable and converges very quickly.
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Figure 1.1: Kosko’s BAM [Kosko, 1987]

1.2
Applications to multi-modal learning

In order to study multi-modal integration, [Reynaud, 2002] proposed an adaptation of the BAM where an associative layer Z is connected to two perceptive layers X and Y.  Connections between associative layer and perceptive layers are bi-directional and asymmetric (cf. Figure 1.2) and the learning algorithm is based on PRLAB. A direct comparison can be done with the classical BAM by merging the two layers X and Y in a unique perceptive layer. Recall of associated pairs is realized through the activation of perceptive layers.  This model, named triple BAM, is used to store associations of patterns, but in a different way. In addition to the storage, Reynaud attempted to integrate inputs within the associative layer so that patterns can be regarded as a "linking code" of perceptions.
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Figure 1.2: Reynaud’s Triple BAM [Reynaud, 2002]
In order to evaluate properties and capacity of both learning and recall we have used databases like the one presented in figure 1.3 where letters are encoded by perceptive layer X (of size 256 units), and figures are encoded by perceptive layer Y (of size 225 neurons). Finally, patterns presented to layer Z are randomized discriminating patterns encoded using 150 units.

1.3
Evaluation

On the basis of the different tests we ran, we confirmed good performances of the triple BAM (and more generally of the n-BAM mixing n modalities) as far as storage capacity and robustness to noise are concerned [Reghis et al., 2004]. As an illustration, we report here our experiments on a multimodal association with three distinct modalities, where:

· The first percept is encoded onto a layer of 256 neurons

· The second percept is encoded onto a layer of 200 neurons

· The third percept is encoded onto a layer of 247 neurons

· And the associative memory is encoded onto a layer of 150 neurons

The model is evaluated in terms of capacity of recall in various cases:

Recall in normal situation 

	
	Good recall 
	Wrong recall 
	no answer

	First percept
	88.77 %
	0
	11.22 %

	Second percept
	98.22 %
	1.78 %
	0

	Third percept
	98.22 %
	1.78 %
	0


Recall from a missing percept 

	Missing modality
	Good recall
	Wrong recall
	no answer

	First percept
	83.55 %
	5.67 %
	10.78 %

	Second percept
	84.55 %
	10.89 %
	4.55 %

	Third percept
	91.22 %
	7.78 %
	1 %


Recall from two missing percepts 

	Missing modalities
	Good recall
	Wrong recall
	no answer

	First & Second
	55.33 %
	21 %
	23.66 %

	First & Third
	55.66 %
	19.33 %
	25 %

	Second & Third
	49.66 %
	30.33 %
	20 %


These results and others suggest that this model can be used as it stands for simple multi-modal association. On the other hand, we isolated some problems which penalize performances and robustness of the triple BAM of Reynaud:

· The method of initialisation of the associative layer influences performances.

· The order of presentation of patterns influences learning.

Moreover, this model presents two principal limits:

· It uses batch learning that prevents online learning.

· It offers poor performances when at least one modality is absent.

We are currently investigating different solutions to solve these limits in order to have a better modelling of multi-modal integration [Reghis et al., 2004]. Those solutions are mainly based on spiking neuron formalism associated with STDP learning and asynchronous computations. Finally, in the framework Mirrobot and as far as our robotic scenarii are concerned, it is quite clear that the robot will need at least some rudimentary episodic memory so that it will be able to recall for example where the apple is currently lying. The model that we have presented provides a solution that could fit well into the global architecture.
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Figure 1.3: Database of 10 learnt pairs in the triple BAM.

	2. Joint Organization in Cortical Maps.


In the following sections, a computational model of cortical maps allowing to join different information flows is presented. A software package, the bijama C++ library, is also provided with this work for the building of such models. Whereas the model is presented here in the context of the first experiments that have been used for the design, it is now mature enough to be implemented as a set of C++ classes, allowing the use of the model as a tool for customized cortical architectures. It is thus suitable for a wide set of experiments in the Mirrorbot project, that have to be done from now.

2.1. Motivation.

2.1.1 The Cortical Paradox

The brain, in both humans and animals, is classically presented as a widely distributed architecture dedicated to information processing whose activity is centred around perception and action. Nonetheless, distributed representations do not necessarily lead to unorganised ones and it has been known for quite a long time now that information processing within the brain is organized along several motor and sensory poles that seem to structure the whole brain activity. From this point of view, several physical structures of the brain may be assigned quite a precise function or role in the overall brain functioning.

In the framework of the MirrorBot project, we may benefit from this structured view in the sense that it allows us to focus solely on vision, action, speech or audition knowing that theses functions may be partially performed within some delimited areas of the brain (for example, V1 is a well studied area that is known to be responsible for early processing of the optic flow coming from Lateral Geniculate Nucleus (LGN)).

Nonetheless, the difficulty that immediately arises from this definition is that there is no central supervisor lurking somewhere in the brain who could decide how to organize information. The question is then how these flows of information can structure themselves in order to offer any moment a coherent view of the external world as well as a coherent view of the body that support this working brain ?

One common pitfall is to consider these so-called "dedicated" areas (together with their "dedicated neurons") of the brain as granted and the power of the brain would then come from these structures just standing at their dedicated place. This view leads to consider brain organization as gifted and solves the problem without any further investigation. If this view may be proven right (to some extent) for some particular parts of the brain like the limbic system or the spinal cord, it does not help us in our understanding of the cerebral cortex and its organization. For example, this view hardly explain how blind people brain recruit visual cortical areas (in the occipital lobe) to instantiate a tactile buffer.

Furthermore, there is an additional difficulty that has to be taken into account since it is known that there doesn't exist something like a clear frontier between each of these "dedicated" structures. Instead, we have to think in terms of a continuous gradient of representations whose natures can be characterized at both end but not necessarily in-between. In this framework, one can understand the so-called dorsal "where" pathway that goes from V1 to posterior parietal lobe as a gradient that goes from vision areas to somato-sensory ones.

Our claim is that cortical structure and organization is an emergent property of a unified and unsupervised cortical mechanism that aims at solving constraints propagated throughout the entire network. In this view, each "area" is able to propagate its own constraints (resulting from local processing of information) as well as taking constraints

coming from other areas into account. This results in both a local as well as a global solving that leads to a strongly coherent and highly constrained structuring of information. Finally, semantic of the different areas may be explained as an emergent property in the sense that each area acquires its semantic by virtue of the origin of the information it processes.

The question remains though on how to implement such scattered and coherent representations in the framework of Computer Science. If classical neural networks algorithms such as Kohonen self-organization maps give us some hints concerning self-organization of a single area, these same algorithms hardly explain how to promote self and global organization at the scale of a network. Things are even worse when considering the unsupervised nature of learning within cerebral cortex.

2.1.2 Designing principles and expected properties

The model presented here addresses the problem of maintaining coherent states between modules that scatter information, without explicit supervision of the unit computations. From past studies on a robotic navigation task [Frezza-Buet and Alexandre, 2002], it has been shown that it is actually possible to get coherent information processing in low level associative architectures (without some kind of supervising top-level module), with non spiking neurons, exchanging scalar values. This is done by implicitly propagating constraints between modules, in order to keep a global coherence, in spite of the information scattering over computational elements.

The model presented here is an extension of the one mentioned above, with a particular stress on the following computational points.

2.1.2.1
  Locality

Even if it is strongly inspired from a functional view of the cortex, our model is rather computational, and it has to be considered in the field of Computer Science. In that perspective, the purpose of our approach is to understand how cognitive processing can emerge from fine grain cellular computation. That's why the model involves only local algorithms, at the level of units, and addresses global computational properties only as the result of the computation of each unit. The role of a unit is to update its state according to the perception of the state of the units it is connected to. This forbids computational tricks as winner-takes-all, for example.

2.1.2.2    Associative architecture using connection stripes

Our model addresses sensori-motor coding in a self-organization framework. It defines a way to use a self organizing module in order to associate several other ones. Let us illustrate this purpose on a toy example (cf. Figure 2.1). 
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Figure 2.1: Illustration of an associative architecture based on stripes of connections. See text for details.

In this toy example, the world is composed of letters that are perceived through two modalities: their upper case representation and their lower case representation. The model is then presented with couples of assorted upper case and lower case letters and it has to somehow learn how to associate these two modalities. This example is quite simple since only very few associations are right with regards to every combination of any upper case letter with any lower case letter. Nevertheless, even realistic sensory-motor control can be considered as much simple because consistency of the world tightly constrains relationships between any perceptive and motor modalities. 

Considering again our example, the model must learn a relation R between two sets, the set U={B,C,D,E,F,G,I,O,T} of upper case letters and the set L={b,c,d,e,f,g,i,o,t} of lower case letters. Let’s call R the subset of U(L containing the 9 couples of assorted letters. 

If we now consider using a SOM-like model having 3(3 units in each map to try to learn U and L mapping separately (cf. Figure 2.1-a), each of these units has to learn to detect one particular letter, and by virtue of self-organization, close units will correspond to letters having close shapes (as illustrated on the figure). In this example, self-organization is possible because the number of units in each module is comparable to the number of elements that have to be learned (i.e. |U| and |L| respectively).

Using such modules as perceptive modules, that allow the filtering of information in each modality, any R can be learnt by setting up an associative module containing |U*L|=|U|*|L| units. Units can easily learn whether the couple of letters it represents belongs to R. The problem with such a solution is that it is a waste of units if |R| is small regards to |U*V|. To cope with this waste, the model we propose uses a stripe connectivity for the building of the associative module (cf. Figure 2.1-b). 

The idea of the building of such an associative module is that it has to contain fewer units with regards to |U*V|. For the model to be homogeneous, we make the associative module have the same structure as others, i.e. 3*3 units in this example. Each unit has to learn to detect a specific pair (u ,l)(R (represented by an empty dot on Figure 2.1-b). The constraint is that each unit in the associative module isn't connected to all elements in U and all elements in L, but only to the elements in U in the same column, and elements in L in the same row. This defines a connectivity for the associative module that is called stripe connectivity, since it is the crossing of orthogonal connection stripes coming from the two associated modules.

Let us now connect the previously organized modules U and L of the Figure 2.1-a by a stripe connected associative module, in order to learn R. Learning R seems feasible since |R|=9, and so is the number of associative units in the module. Although it is theoretically possible, it cannot be done in our example since dark units on Figure 2.1-c are concerned with more than one pair of R. This failure comes from the self-organization of the U and L module. Like in Kohonen self-organizing maps, the self-organizing state reached after training is not unique, but the ones found on Figure 2.1-a for U and V don't allow the associative module to learn R.

Figure 2.1-d shows an organization of module L that allows the association, since each associative unit can have one and only one pair of R in charge. It has been shown in [Ritter et al., 92] that it is possible to have such an organization by connecting each associative unit to only one in each associated module (the one at the same position in the two associated module). A competition at the level of the associated module is performed, and  this competition is used for the learning in each associated module. We refer to this work for details, but it shows that the stripe connectivity, even if more economical than an all-to-all one, is still too much complex for our mapping task. Nevertheless, stripe connectivity is used to have a supplementary degree of freedom, inspired from biological description of cortical connectivity [Burnod, 1989], that may be needed when applying the model to more elaborated architectures.

Let us now add a third modality to our example. Let us say that letters in the world are also perceived using a ``Greek'' modality. This modality is captured by a third self-organizing module G, as upper case and lower case modality were captured by U and L. Relation R is then a subset of, U*L*G, but |R| = 9  still stands, since there are still 9 letter in the world. The association of these three modalities is allowed to be done directly by the model, without using association of association, as illustrated on Figure 2.2-a. 
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Figure 2.2: Illustration of an associative architecture based on stripes of connections for three modalities. See text for details.

The connection stripes still cross over the associated module, allowing the associative unit to learn to detect preferentially a specific (u, l, g)( R. To keep the model homogeneous, in spite of non orthogonal stripe directions, round-shaped modules are used, and the actual model architecture for this example is the one illustrated on Figure 2.2-b.

This three modalities example isn't relevant, in the sense that the perception of only one modality allows to guess what the two others are. This example would be more interesting if one need to know two modalities to guess the third. This is the case for motor control of an articulated body (see [Guigon et al., 1995] for the arm). Let the first modality be the position of the hand in a visual frame of reference, the second modality be the posture of the arm in a body frame of reference, and the third one be the motor command. A visual effect as motion direction toward a target in the retina space depends not only on the amount of angular modification of articulation (muscle command), but also on the current arm position. This task (cf. Figure 2.5) is more relevant for a three-modal association, and it is the one that will be used to describe the model further. 

2.1.2.3   Coherent learning from an emergent global competition.

All modules in the model are self-organizing ones, and they learn thanks to a competition process detailed further. The very purpose of this competition is to select a global state of the model that is consistent, i.e. units that are winning competition in each module represent an information related to the one represented by the units that also win in other modules. What the model addresses is the possibility to get rid of a supervisor in this competition process. The competition actually stands at the level of each module, but is biased by the result of the competition in the other modules connected to it. The emerging effect of such a dependency between local competitions is a global competition that  enhances globally consistent information in each module.

Thus, as competition is the basis for the learning process, like in Kohonen maps, the self-organization of the modules in the model, even if local, is dependent from the global consistency of information. Let us recall that connections between modules are limited to stripes. This requires for the modules to be organized so that related information is actually connected.

So learning in the model leads to an organization that copes with limited connectivity, because of a local competition mechanism that keeps a global consistency.
2.1.2.4      Summary

The previously described principles and properties are summed up here:

· Each computation is done at the unit level, which leads to strictly local algorithms.

· Cortical modules are allowed to have similar sizes and limited connectivity (not all-to-all). This prevents from having combinatorial explosion of units and connections number at the level of associative modules.

· Self organization raises from a compromise between reduced connectivity and the need to associate yet some related representation.

· Competition is a local process whose result is a globally coherent stabilization of unit activities.

2.2 Model Features

2.2.1 Maps, units and competition

The main computational block of the model is a set of computational units called a map. A map is a sheet made of a tiling of identical units. This sheet has been implemented as a disk, for architectural reasons described further. The role of each unit in the map is to be active when one unit-specific information occurs. This is analogue to tabular coding observed in V1 cortical area, where simple cells detect edge with a specific orientation at some specific place on the retina.

When input information is given to the map, each unit shows a level of activity, depending on the similarity of the information it receives to the information it specifically detects. To stress the analogy with cortical column [Burnod, 1989], the relation between input information and activity is called a tuning curve, that is Gaussian in the model. This tuning activity At is maximal if input information exactly corresponds to the internal information prototype of the unit, and gets weaker as input is different from this prototype.

When input is given to the map, the distribution of tuned activities among units is a complex pattern, because of noise, and also because tuning curves are not sharp, which allows many units to have non null activities, even if they don't match perfectly. From this activity pattern, a decision has to be made by the map to determine a small compact set of units on its surface that is concerned with the most active units. This decision is a numerical distributed process, emerging from a local competition mechanism. This process is detailed in the following.

To compute a decision of which units are locally the best matching ones inside a map, a local competition mechanism is implemented. It is inspired from theoretical results of the continuum neural field theory [Amari, 1977][Taylor, 1997], but it is adapted to get rid of the number of connections, thus avoiding disastrous border effects. A lateral on-centre off-surround connectivity (ij is set inside the map between all couple of units i and j. This is a difference of Gaussian. Using this connectivity, the field of units in the map computes a distribution of global activities A*, from current tuning activity At distribution.
Equation 2.1:
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The result of this competition is the rising of a bubble of A* activity in the map at places where At activities are the most significant (see Figure 2.3). The use of a maximum operator is a computational way to avoid border effects that arise when the equation depends on the number and the weights of lateral connections.
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Figure 2.3: Competition between units in the map leads to the rising of a compact bubble-shaped activity at best matching places.

The purpose of the resulting A* activity is twofold. First, this activity defines the main activity of the unit. As for Equation 2.1, this activity is the one that is viewed by other connected units in all activation rules detailed further. Second, all learning processes are modulated by this activity. That means that only units in A* activity bubbles learn in the map, since A* is involved in learning rates of all learning rules in the model, as detailed further.

The global behaviour of the map, involving a tuning process, and a learning rate dependent on a competition, reminds the Kohonen self-organizing map [Kohonen, 1989]. The learning in the map leads the same way to a topographic organization of the units prototypes. Nevertheless, the model differs from classical implementation of Kohonen's maps:

· The local and distributed competition mechanism does not require any winner-takes-all algorithm. This allows computation to be kept local.

· Because of the previous point, the model allows to feed the units with different inputs. This is the case in the model since the source of information received by a unit differs from one unit to its neighbours, because of a partial connectivity between the modules. This is detailed in next section, but let us stress here that it requires a local competition mechanisms, as opposed to Kohonen maps whose winner-takes-all algorithm is valid since all units compare the same input with their internal prototype.

· Competition and learning are not separated stages. Learning is dependent on A*, and also occurs during A* bubble setting.

2.2.2 Inter-map connectivity

It has been mentioned previously that competition is computed from a tuning activity At. As described below, this activity is actually the merging of several tuning results, and it may be considered as a global tuning activity. Inside the units in the model, each tuning result is performed by a computational module called a layer. A layer is therefore in our model a subpart of a unit, computing a specific tuning, and not a set of units as classically reported in various models. It is inspired from the biological model of the cortical column by [Guigon et al., 1995]. A layer gathers inputs from the same origin (a map), and computes a tuning value from the configuration of these inputs. As a consequence, the behaviour of the units can be described as the gathering of several layers. These are detailed in the following.

First of all, a map may receive input from external world, as for visual map, auditory map or somesthesic map. This input is tuned by the units, meaning that each unit reacts according to the fitting of this input to a preferred input. Using a rough analogy to the biology of the cortex, where thalamus plays a role in sending inputs to the cortex, the layer in a perceptive map which tunes a preferred perception is called a thalamic layer.  We use the same terminology for motor maps, even if the preferred directions of action in motor maps are not tuned by thalamic inputs. This layer provides a thalamic tuned activity. 

One other kind of layer is the cortical layer. It receives information from another map. This layer doesn't receive inputs from all the units of the remote map, but only from one stripe of units. This stripe connectivity is illustrated on Figure 2.4. The purpose of such a layer is to compute a cortical tuned activity that corresponds to the detection of some remote A* activity distribution of the stripe it is connected to. Two analogous cortical layers of two neighbouring units are connected to adjacent stripes in the remote map, so neighbouring units receive close but not identical inputs. That's why a winner-takes-all algorithm over the whole map isn't feasible. 

So, if the map is connected to a number of other ones, its units have the same number of cortical layers, thus computing several cortical tuning results (one per cortical layer). These tunings are merged, using a geometric mean, to form a global cortical tuning. If the map has a thalamic layer, the thalamic tuning result is then merged to the global cortical tuning, to form the global tuning At the competition is performed from.
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Figure 2.4:
Model connectivity. A unit in a map is a layered structure (see bottom left). Each layer, except the top one, corresponds to the computation of a tuning value. The bottom layer performs a tuning on a perceptive or motor information. It is called thalamic layer. Some other layers (dark ones) compute cortical tunings. Each one performs tuning on input coming from a specific map. Cortical tunings are merged with the thalamic one, to produce global tuning At. From At, a competition result A* (a bubble) is obtained. Connections are not all-to-all between maps, but are modular stripes [Burnod, 1989] with a connection direction. Bottom right frame shows the notation that sums up the maps and the modular stripes directions.

To sum up, maps compute activity bubbles, that are a decision enhancing the most relevant units. This decision depends on external input, the thalamic layer, but also on the state of other maps. This is a multi-criteria decision, that has complex dynamics, since it performs a competition from input, but also from the competition that is performed in the same way in other maps. This dynamics, central in the model, will be discussed further on a simplified example.

2.2.3 Activation and learning rules.

As mentioned before, cortical and thalamic layers of the units in the model have to perform a tuning from the input they receive, so that all tunings are merged to form the global tuning activity At. As illustrated on the bottom left part of Figure 2.4, this merging concerns all cortical and thalamic layers, and is computed from a geometric mean. This geometric mean can be easily changed in the bijama library, since it is not biologically plausible, but is a tricky way to compute some kind of numerical AND operator. Knowing these merging principles, let the very computation of each elementary tunings, and their associated learning rule, be detailed for both thalamic and cortical layers.

The thalamic layer in the model is similar to the formal neurons in Kohonen maps. This is a custom defined point in the model, depending on the actual entry format received by the map. For example, thalamic tuned activation can be a decreasing function of a well suited distance between the input and a prototype. Then learning consists of making the thalamic prototype be closer to the current input. The point for thalamic layer to be coherent with the rest of the model is that this learning process has to be modulated by A* activity. This is also what is done in Kohonen maps, where learning rate depends on a decreasing function of the proximity of a neuron with the winning one. This decreasing function in Kohonen algorithm is analogue to the A* bubble of activity in the model.

Concerning cortical layers, the input is the A* distribution in the remote stripe the layer is connected to (cf. Figure 2.4). Let wj be the weights of the connections in this layer, the cortical tuning activity Ac for this layer is the following:
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Because of the max operator, this rule is independent from the number of remote units j in the stripe, which can differ from one stripe to the other since the maps are round and stripes have a given direction (cf. Figure 2.4). A normalized Hebbian learning is used for learning, but this can be changed in the bijama library.
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2.3 Model behaviour on a simplified example.

2.3.1 Layout

This model has been primarily tested on the PeopleBot for the sensori-motor coordination of the camera following a target (an orange). In this case, the two degrees of freedom of the camera are completely independent one from each other and this somehow simplify the problem: the “tilt” movement to be triggered can be computed and executed completely independently of  the “pan” movement and. The model we implemented has been able to solve this task both in simulation and using the real PeopleBot (see package  on the MirrorBot webpage) as illustrated on figure 2.5 and 2.6.
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Figure 2.5: Visual map before convergence. Each unit of the map is tuned to a random prototype representing the actual vector from the centre of image to the location of the orange. We can observe that these prototypes are not yet organized and are randomly spread all over the map. This can be shown by the distribution of the yellowish activity representing thalamic activation for a given orange location. As a consequence, a bubble of activation does not yet correspond to a consistent vector that could lead to an actual movement.
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Figure 2.6: Visual map after convergence. Each unit has now tuned itself to a preferential prototype and these prototypes are also topologically organized. We can now observe that there exists a match between the thalamic activity and the centred bubble of activation that now corresponds to the correct movement to be made to reach the orange.

Nonetheless and in order to have a more complete study of the different properties of the model, we introduced a new problem with two bound degree of freedom: a robotic arm with two segment that possess 2 degree of freedom [Ménard and Frezza-Buet, 2003]. This task is a coordinated transformation application, that the cortex actually performs in sensori-motor tasks [Burnod, 1989]. The particular task that was tested is the visually guided arm reaching movement. The cortex uses the visual control, given as the relative position of the target from the hand in a visual Cartesian frame reference, and the arm posture, perceived through the angular proprioceptive modality to perform a movement, which is expressed in the arm muscles frame of reference. The combination of visual and proprioceptive reference is necessary to perform this task accurately, as the same visual target position in relation to the hand's position has to give rise to different answers, depending on the current arm
configuration (cf. Figure 2.7). A variation of this task has already been studied with success by using S.O.Ms [Ritter et al., 1992], dealing with absolute visual information and thus implementing the learning of a one-to-one correspondence between visual position and proprioception.
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Figure 2.7: Model of the arm for the reaching task.

[image: image16.wmf]dq

E

dq

S

q

q

E

S

(A

*

)

Motor Map

Visual Map

Proprioceptive Map

Resonance

Primary Map

Activity bubble

Layers : 1 thalamic, 1 cortical

Associative Map

Layers : 0 thalamic, 3 cortical

xy


Figure 2.8: Model architecture. 2D associative maps can join three other cortical maps, without combinatorial explosion.  This is allowed by inter-map connectivity, which is organized as modular strips. A connection between two maps concerns stripes in both of them, i.e. there is an all-to-all connectivity restricted to corresponding stripes on both sides. This gives raise to resonant activity stabilization. The meaning of symbols of this figure is defined in the frame in Figure 2.4.

The architecture on Figure 2.6 doesn't exactly fit the actual one observed in the biological cortex. Nevertheless, we consider the mechanisms involved in this artificial and simplified architecture as biologically plausible at the level of a functional view. It is formalized as follows: A visual primary map and a proprioceptive primary map handle the sensory inputs to the model. The information flows issued from these two maps intersect in an associative map where units have cortical but no thalamic layer. The associative map itself is connected to the motor map, that outputs to the motor command of the arm (cf. Figure 2.8). Furthermore, a simplified two articulated segments model of the arm is used (cf. Figure 2.7). Arm posture is given by two angles (shoulder and elbow) that are the sensory information given to the proprioceptive map. The motor map commands are given as a variation of these two angles. The visual demand, which represents the position of the target respectively to that of the hand, is given in Cartesian coordinates as sensory input to the visual map. The learning process is performed by giving the model both the actual sensory inputs (visual and proprioceptive) and the motor output (effective arm movement) of the task. During tests, the model is not given the motor command, and is expected to compute it from the sensory inputs to reach the target.

2.3.2 Dynamics and behaviour.

2.3.2.1    Coherent Learning.

The present example has been designed so that the inter-map connectivity produces resonance between the connected maps: Activity patches in connected maps can only stabilize within connected modular stripes. The role of reciprocally connected stripes (see Figure 2.6) is crucial for this resonance. As activity At is the basis for inner-map lateral competition (computation of A*), and as this At depends on some Ac activity(ies), computed from other map cortical inputs, bubbles of A* activities raise in the maps so that the following property is satisfied: The bubble of activity that appears in an associative map is at the intersection of the activity bubbles coming from the maps it is connected to (see Figure 2.8). In our model, this matching of activity can be compared with a phenomenon of resonance, coming from the A.R.T. paradigm by [Grossberg, 1976], that produces stable and coherent states across the different maps. It ensures consistency of the activity bubbles across two cortical maps. Since units learning rate is modulated by their A*, units whose A* are activated simultaneously in the different maps (here, for a given arm posture, target position, and arm movement) learn together. We call this coherent learning. Learning strengthen the connection between these coherent units, so that they will tend to activate together again in the future.

2.3.2.2     Self-organization.

This learning also concerns perceptive prototypes in the three primary maps, and it leads to their topological self-organization, as in S.O.Ms. The very point of our model is that this coherent learning depends on other maps, so that the inter-map connectivity biases the convergence to a particular self-organized state, when self-organization alone would have allowed for many more possible ones. This state is the one actually allowing the bubbles to be set up at intersecting modular strips (see Figure 2.9).  This means that the cortical maps perform an effective compromise between the constraint coming from the architecture for activity bubbles to have strong cortical connections to each other, and the demands coming from the sensory layers, which requires bubbles of activity to raise where the sensory or motor prototypes best match the sensory or motor input. This compromise is poor at first, but it gets better as learning occurs. Learning is performed simultaneously on both the sensory-motor and cortical layers with a learning rate proportional to the global activity, which means that units learn at the same time to recognize a certain sensory or motor pattern, and to strengthen their connection to those units in the distant maps that are active in the same coherent state of the network, representing a particular instance of an effective reaching movement.

2.3.2.3     Joint-organization.

To conclude on the model behaviour, the combination of self-organization and coherent learning produces what we call joint organization: competition, although locally computed, occurs not only inside any given map, but across all maps. Moreover, the use of modular strips limits the connectivity, which avoids the combinatorial explosion that would occur if the model were to employ full connectivity between the maps. Thus, coherent learning leads to both efficient data representation in each map and coordination

between all connected maps.
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Figure 2.9: Maps of figure 2.6 after learning. On each unit in motor or perceptive map, a picture is drawn, representing the value preferentially detected. This value is a arm posture in the proprioceptive map, a variation of the two articulation angles in the motor map, and a visual motion in the visual map. The patches of A* activity are also represented in the maps.

2.4 Emergence of  semantic

As we stated in previous sections, one important computational property of the presented model is its unique ability to organize representations by solving several constraints coming from and to the different maps present in the model. This modus operandi appears to be quite fundamental in the organization of information within the brain and  is especially relevant in the MirrorBot framework where we want to associate both visual, motor and auditory information streams.

2.4.1 Emergence of representations

Our model fundamentally differs from a classical Kohonen map since this latter one is somehow topologically organizing information against the sole notion of distance between inputs and prototypes. Thus if we were to use a Kohonen map to represent words from our grammar (encoded as a phonetic sequence), a consequence of the Kohonen algorithm and existing lateral interaction between units would be an organization toward similarity relation of word codes only (i.e. two words having similar code would be represented by the same prototype or neighbour prototypes) as illustrated in figure 2.10. This kind of representation is not satisfactory in the sense that it is totally disconnected from other maps and does not take into account any “semantic” of words.  
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Figure 2.10: A Kohonen map has been applied to classify word based on their respective distance between their phonetic representations. As shown here, classification is purely phonetic and words representing eye action (blue), hand action (green) or body action (white) are spread all over the map without paying any attention to the underlying semantic of words.

Furthermore, several brain imaging studies [Pulvermüller, F., 2003] have shown that word encoding within the brain is not only organized around any phonetic “codes” but is rather organized around action. How this is done within the brain has not yet been fully explained but we would like to present how these action based representations naturally emerge in our model by virtue of solving constraints coming from motor maps.

2.4.2 Emergence of action oriented representation

To illustrate our model, let us consider three verbs such as “lick”, “pick” and “kick”. Concerning low level auditory maps, same units may be involved because these verbs are very similar from a phonetic point of view. Nevertheless, in some higher level associative maps linking auditory representation with motor action or body representation, very different representations should be related to these verbs, since they concern different parts of the body. As our model deals with an implicit global coherence (because of the resonant stabilization process), it is able to reflect this higher level of association and to overcome the simpler phonetic organization.

Let’s consider three maps, one for word representation, one for action representation and finally an associative one that links word to action (cf. figure 2.11).
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Figure 2.11: Schematic view of the architecture of the emergent semantic model.

The interesting point to consider here is that action representations (e.g. motor map) are constrained by some topology that mimics to some extent physical properties of effectors, i.e. a motor unit is dedicated to one body effector (e.g. hand) and cannot trigger another one (e.g. head). In order to solve this constraint and to ensure a global coherence, the model must then organize word representation in such a way that any “body” word should be linked to a body action for example.
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Figure 2.12: Representation of words in our model. Word representations are now constrained by the motor map via the associative map.

As illustrated in figure 2.12, we can clearly see that topological organization found by the model meets these criteria. Within the word map,  words are grouped relatively to the body part they represent: body action words are grouped together (white) as well as hand action words (green) and head action words (blue). As we stated before, this organization relative to body parts is quite natural in this model since the only degree of freedom for solving constraint comes from  word representations.

Finally, having this model based on the self-organization of information prototypes leads implicitly to an organization that can be interpreted since it is easy to see what a unit is tuned on. This will be useful for further qualitative comparisons between fMRI activations with the model.

2.5 Challenge for Mirrorbot purpose.

The associative model presented here has still to be used in the overall framework of the Mirrorbot project. This is ongoing work, but the following paragraph discussed what is expected from the model in that perspective.

2.5.1 Toward mirror neurons.

At current level of the model design, the model training is performed in a supervised way. The model is given some coherent perception-action state, that it has to learn in order to retrieve the correct action when only perception is given. This is not suitable for a plausible behaviour. The remark has to be related to the fact that frontal lobe functionalities have not been addressed yet. A more plausible learning process should be related on some reward oriented behaviour, allowing the model to test actions and learn according to the quality of some internal goal satisfaction. This is currently at work. The point in such research is that reward representation is related to the scheduling of motor commands, which is a frontal lobe functionality [Fuster, 1997]. Moreover, according to Fuster, the same kind of processing are involved in language, since scheduling mental contents  leads to reasoning.

From a biological point of view, experiments that have been made by Parma partners allow to consider mirror neurons as planning neurons, since they are rather related to some planning stage (get a peanut) and not to the way action is performed (with a tool, with the hand).

For all these reasons, investigating planning neurons with this interpretable model may lead to a better understanding of mirror neurons found during motor behaviour of the monkey, but also the speech neurons that can be thought, from Fuster's point of view, to play a similar role.

	3. Conclusion


As presented in this paper, our work is clearly oriented toward structural brain modelling and we are trying to understand and capture the essence of several structures of the brain (like posterior cortex or hippocampus for example). Our claim is that taking inspiration from these structures (together with their inner mechanisms) helps us in designing models that are able to emulate to some extents the functions realized by these same structures. This is particularly important in the framework of the MirrorBot project where biological inspiration is mandatory to be able to understand and capture some of the mirror neurons aspects.

Consequently, most of our recent work aimed at understanding the different aspects of multi-modal integration that seems to be tightly linked to both posterior cortex and hippocampus structures. While these structures are quite big, with certainly hundreds of millions of neurons, some of their functional properties can nonetheless be captured through simplified models as we explained above. Hippocampus for example is commonly held responsible for episodic memory. That is, a memory system that store episodes from the past and in our current robotic scenario, those episodes will be, for example, where the apple has been seen for the last time and what was the context surrounding it. In the same time, we also need a procedural memory system able to store and generalize procedures like the one allowing to grasp an apple from different positions. This is one of the roles of the posterior cortex together with the proposed self-organizing architecture and mechanism. 

As stated in the introductory part, our main goal this year was to propose models for implementation on the robotic platform, i.e. realistic as far as the computational cost is considered and useful to simply and directly merge perceptive flows. That is the reason why we have mainly insisted here on the model related to procedural learning which appears as the most urgent to integrate on real robots. The model of episodic memory has been judged satisfactory for immediate use. It is currently refined and adapted to more realistic data within the Mirrorbot project but also in cooperation with the E. Reynaud’s team within a French project.

Nonetheless, coming back to procedural learning, while current results are very encouraging toward our understanding of multi-modal integration and its implementation on a real robot endowed with vision, motor and speech, those same results also underline the need to organize behaviour through time. This is particularly true when one think of a situation where the robot is told a command that has to remain active until the command is completed or the goal is reached. Some structure in action and perception is then fundamental for the robot to be able to establish a plan in order to reach a specific distant goal (both in space and time) while not being distracted by non relevant cues. This is commonly one of the roles attributed to frontal lobes and will constitute major part of our work during the third year.

Finally, it is important in the concluding part to discuss about the emergence of semantic that has been observed throughout the experiments reported here. Concerning episodic learning, the interest of the multiple BAM (as opposed to the classical BAM by Kosko) is to propose an association layer, as a substratum where monomodal information are merged together. Nevertheless, it is quite difficult to interpret activities in the association layer differently from a simple “code” linking modal elements of a specific episode. More generally, it has to be reminded that the direct goal of episodic memory is to learn “by heart” and certainly not to generalize. That is the reason why it is hard to imagine how an elaborated semantic could emerge from there. But, from a more general point of view, it has to be underlined that what is called “semantic memory” (general knowledge about the world like “the sky is blue”, independently from the recall of a specific episode), generally reported in inferotemporal regions, could emerge from a generalization of several episodes stored in episodic memory (in the hippocampus, closely linked to IT regions). It could then be imagined that a feedback mechanism between those regions could give rise to such a memory, but this is probably out of the scope of the Mirrorbot project.

Concerning procedural learning, we have explained that the idea to try to map various modalities while integrating at the same time constraints coming from other modalities through limited connectivity yields a very interesting representation of information in both monomodal and multimodal maps where preferred associations are enhanced. The interpretation of the result of such learning goes clearly toward the extraction of knowledge related to implicit functional relationships hidden in the data, as extracted from the external world. Nevertheless, at the moment, this kind of interpretation remains limited, as far as the cognitive and neurobiological scopes are concerned, and we have explained above why it was important to integrate motivational and temporal constraints from the frontal lobe, to obtain a more realistic picture to interpret. This is also perhaps a way to insist that mirror neurons are fundamental elements to consider in this framework.
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