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Abstract
In the MirrorBot project we examine perceptual processes using models of cortical cell assemblies and mirror neurons. The hypothesis under investigation is whether a neural model will produce a life-like robotic perception and action system. In this report we describe an associator neural network to localise a recognised object within the visual field. This is an essential skill for robotic visual-interactive behaviour which we will solve by a purely neuronal approach. The idea extends the use of lateral associator connections within a single cortical area to their use between different areas. Previously, intra-area lateral connections have been implemented within V1 to endow the simple cells with biologically realistic orientation tuning curves as well as to generate complex cell properties. In this paper we extend the lateral connections to also span a “where” area laterally connected to the simulated V1. The lateral weights are trained to associate the V1 representation of the image to the location of an object of interest which is given on the “where” area. The lateral weights are thus object specific associative weights which can complete a representation of an image with the location of the object of interest. Tests display a good performance using weights which have been trained to localise oranges. The associator weights abstract over diverse lighting conditions and backgrounds. The model has recently been implemented on the MIRA robot and used to direct the camera towards the object of interest. The robot is thus able to perform the action “Bot show orange!” which is part of the MirrorBot grammar. In order to include a “show” movement to a variety of objects, the model will be extended. It will then include language input and would then allow to test whether mirror neuron properties emerge.

Introduction

Once that an object of interest appears in the visual field, it is first necessary to localise its position within the visual field. Then, usually the centre of sight is moved towards it, and a grasping movement prototype will be activated which is related to the specific affordance (Rizzolatti and Luppino, 2001). We develop a biologically inspired solution using a recurrent associator network to the visually related part of the task. Such associator networks form the neural basis for multimodal convergence and at the same time can supply a distributed representation across modalities as has been proposed for linguistic structures (Pulvermüller, 1999). Multimodal representations furthermore allow for mirror neuron-like response properties which shall emerge in our application within a bio-mimetic mirror neuron-based robot, MirrorBot. Mirror neurons, described by Rizzolatti and Arbib (1998) in the primarily motor-associated area F5 of primates, are multimodally activated by either the performance of an action or its observation.
Our approach extends the framework of intrinsic lateral (horizontal) connections in the cortex toward object recognition and localisation. Horizontal connections within one cortical area have a strong influence on cortical cell response properties. In the visual area V1, for example, they may be responsible for surround effects and for the non-linear response properties of simple and complex cells (Sirosh et al, 1996). This view is supported by connectionist neuron learning paradigms in which lateral connections statistically de-correlate (Sirosh and Miikkulainen, 1997) or find correlation structure (Dayan, 2000) within the activities of cells in an area. Both paradigms are in accordance with the notion that the lateral connections form an attractor network. The activation patterns which form its attractors correlate nearby cell's activations but de-correlate distant cell's activations. The attractor activation pattern can recover noisy input with maximum likelihood (Deneve et al, 1999). Such a theoretically derived learning paradigm has successfully explained orientation tuning curves of V1 simple cells as well as complex cell's response properties (Weber, 2001). 
Here we apply the learning rule for lateral connections within a cortical area to connections between different, but laterally organised cortical areas. This is justified by the fact that lateral connections between areas - as opposed to hierarchical connections - originate and terminate in the same cortical layers (Felleman and Van Essen, 1991). A different learning rule is applied to the hierarchical connections which form the input to one of our two simulated laterally connected areas (see Fig. 1). This is a rule which leads to feature extraction and can be any rule from the sparse coding / ICA repository. Here we use a sparse coding Helmholtz machine for the bottom-up connections, as previously described (Weber, 2001). 
The two laterally connected areas of our model specialise on object recognition and localisation. As such they shall be regarded as exemplary areas within the lateral “what” and the dorsal ”where” pathway of the visual system. In the actual implementation, however, in a model where every connection is trained and which uses natural images as input, there are no high-level cortical areas. Instead, our “what” area receives direct visual input, reminiscent of V1 while our “where” area receives directly the representation of a location. Such a representation may actually reside in the superior colliculus (Moschovakis et al, 2001). 
The problem of object localisation is intermixed with recognition: several structures in different locations within the image may match to the object of interest and the best matching location has to be found. For this purpose, saliency maps can be produced (Rao et al, 2002) or the data may be generated from Bayesian priors (Sullivan et al, 2001). These approaches, however, are missing a neural description. An approach involving shifter neurons (Rao and Ballard, 1998) takes into consideration the derivative of an object with respect to a shift within the image. It can handle small shifts of complex objects but involves high dimensional neurons which each have an N x N matrix to the N input neurons. Our approach uses standard neurons with order N connections and handles relatively large shifts. However, tests have been done only with a very simple object, and an extension to general objects is discussed. 
Theory and Methods
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Figure 1: Associator model architecture. Left, the pathway of the lower visual system, the retina which receives the image and V1, which we refer to as the “what” area. Feature extracting, hierarchically organised weights are 
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 (green). On the right side, the “where” area displays the location of the object of interest. Lateral association weights are V22, V33, V23 and V32 (red). The small numbers denote simulated area sizes.
The architecture is depicted in Fig. 1 and consists of a “what” pathway on the left, and a “where” pathway on the right. The “what” pathway consists of an input area and a hidden area. The input area consists of three sub-layers to receive the red, green and blue components of colour images. Its size of 24 x 16 pixels which is minimal to demonstrate object localisation reflects the computational demand of training. The hidden area of the “what” pathway consists of two layers which we may loosely identify with the simple (lower layer) and complex (upper layer) cells of V1. The lower layer receives bottom-up connections 
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 from the input. In the following we will assume that these have already been trained such that the lower layer cells resemble the simple cells of V1 (Weber, 2001). Since colour images are used, a few cells have learnt to encode colour, while the majority has become black-and-white edge detectors. The depicted top-down weights 
[image: image6.wmf]td

V

were only used to train 
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, but are not used further on. The upper layer of the V1 cells receives a copy of the output of the lower layer cells. After it receives this initial input, it functions as an attractor network which solely updates its activations based on its previous activations. Each cell receives its input from all other neurons via recurrent weights V22. In addition, input arrives from the laterally connected area of the "where" pathway via weights V23. 
The “where” pathway on the right of Fig. 1 consists of just one area. Its size of 24 x 16 neurons matches the size of the image input area of the “what” path, because an interesting object within the image should have a representation as an activation at the corresponding location on the “where” area. The “where” neurons are fully connected via recurrent weights V33 and in addition receive input from the highest “what” layer via V32. In the following, we will refer to all connections V22, V33, V23 and V32 collectively as 
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, because they always receive the same treatment, during training as well as during activation update. 
Activation Dynamics and Learning rule: 
The activation update of the “where” and highest level “what” neurons is governed by the following equation: 

	
[image: image9.wmf]��

=

1

+

l

l

lat

il

i

))

t

(

u

v

f(

 

 

)

t

(

u


	(1)


Activation ui of neuron 
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 develops through discrete time 
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 using the input via lateral weights villat from the other [image: image12.png]


(“what” and “where”) neurons. The lateral weights are not forced to be symmetric, i.e. villat  ≠ vlilat  in general. 
The lateral weights are trained from the bottom-up input. Their purpose is to memorise the incoming activities ui(t=0) as activation patterns which they maintain. Since they will not be capable of holding every pattern, they will rather classify these into discrete attractors. In the original top-down generative model (Weber, 2001) these patterns were recalled in a separate mode of operation (“sleep phase”) in order to generate statistically correct input data. 
Learning maximises the log-likelihood to generate the incoming data distribution by the internal activations ui(t) if Eq. 1 is applied repeatedly: 
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Transfer Function and Parameters: 
The transfer function of our continuous rate-coding neurons is: 
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The function ranges from 0 to 1 and can be interpreted as the probability pi(1) of a binary stochastic neuron 
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to be in active state 1. Parameters  β=2 scales the slope of the function and 
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 is the degeneracy of the 0-state. Large 
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 reduces the probability of the 1-state and accounts for a sparse representation of the patterns which are learned. The introduction of this sparse coding scheme was found to be more robust than the alternative use of variable thresholds. The weights 
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 were initialized randomly, self-connections were constrained to viilat = 0. 
Training Procedure: 
First, the weight matrices 
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 and 
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 were trained on small patches randomly cut out from 14 natural images, as in (Weber, 2001), but with a 3-fold enlarged input to separate the red, green and blue components of each image patch. 200000 training steps had been done. Lateral weights 
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were then trained in another 200000 training steps with 
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 fixed. Herefore, within each data point (an image patch), an artificially generated orange fruit was placed to a randomly chosen position. An orange consisted of a disc of 5 pixels in diameter which had a color randomly chosen from a range of orange fruit photos. The mean of the pixel values was subtracted and the values normalised to variance 1. The “where” area received a Gaussian hill of activity on the location which corresponds to the one in the input where the orange is presented. The standard deviation of the Gaussian hill was 
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 pixels, the height was 1. 
The representation of the image with an orange obtained through 
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on the lower V1 cells was copied to the upper V1 cells. This together with the Gaussian hill on the “where” area was used as initial activation ui(t=0) to start the relaxation procedure described in Eq. 1. It is also used as target training value. Relaxtions were done for 0 ≤ t < 4 time steps. 
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Figure 2: a) The receptive fields (rows of 
[image: image27.wmf]bu
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) of 16 adjacent lower V1 (“simple”) cells. Bright are positive, dark negative connection strengths to the red, green and blue visual input. Receptive fields of color selective neurons appear colored, because the three color components differ. b)-e) Samples of lateral weights 
[image: image28.wmf]lat
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. Positive connections are green, negative are red. b) Within-area lateral connections among the upper V1 (“complex”) cells. c) Lateral cross-area connections from the “where” area to upper V1 to the same 16 neurons (same indices) as depicted in a) and b). Connections V22 and V23 together form the total input to an upper V1 cell. d) Cross-area lateral connections from upper V1 to the “where” area. e) Within-area lateral connections on the “where” area to the same 16 neurons as depicted in d). Connections V33 and V32 together form the total input to a “where”-area cell. Within-area connections are in general center-excitatory and surround-inhibitory and they are small in the long range. Connections V33 establish a Gaussian-shaped hill of activations. Cross-area connections V32 influence the position of the activation hill. Self-connections in V22 and V33 are set to zero. 
Results

Anatomy: Fig. 2 a) shows a sample of weights 
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 of our lower V1 cells. Many have developed localized, Gabor function shaped, non color selective receptive fields to the input. A few neurons have developed broader, color selective receptive fields. Similar results have been obtained (Hoyer and Hyvärinen, 2000). 
Fig. 2 b)-e) shows samples of the lateral connections 
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. Inner-area connections are usually center-excitatory and surround inhibitory in the space of their functional features (Weber, 2001). Cross-area connections are sparse and less topographic. Strong connections are between the “where” cells and color selective “what” cells, because for orange fruits, color is a salient identification feature. 
Physiology: Figs. 3 and 4 show the relaxation of the network activities after initialization with sample stimuli. In all cases, the “where” area neuron's activations were initialised to zero at time 
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. The relaxation procedure therefore completes a pattern which spans both, the “what” and the “where” area, but which is incomplete at time 
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, as can be seen in Fig. 3. 
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Figure 3: Each row shows the network response to a color image which contains an artificially generated orange fruit. From left to right: the image, the reconstruction of the image using feedback weights 
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, the representation on the “what” area, the initial zero activities on the “where” area at time 
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. Then the activations on the “what” and “where” areas at time 
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, then on both at time 
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 which is the relaxation time used for training, and then after a longer relaxation of 
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 time steps. The estimated position of the orange on the “where” area is correct in the upper 3 rows. In the difficult example below, at time 
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 activity on the "where" area is distributed across many locations and later focuses on a wrong location. 
The activation on the "where" area may resemble a Gaussian already at time 
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, even though at this time, no effective input from the lateral weights V33 has arrived. A clearer Gaussian hill of activity evolves at later steps, but since no new information is coming in, the competition may draw a wrong location as a winner, if the representation is very fuzzy initially (Fig. 3, lowest row). Since the attractor shares the "what" and the "where" area, the Gaussian on the "where" area may remain distorted for quite a while. 
All weights in the model have been trained on the basis of real images and are therefore irregular. Localisation quality may vary at slightly different object locations within the image. The 5th frame in Fig. 4, for example, leads to an unclean "where" representation. If information from the 4th frame would be taken into account, this may be cleaned up. However, for simplicity and consistency with the training procedure, the algorithm processes only one frame at a time. 
Fig. 5 shows how the network creates images, if there is no information but the location of the orange fruit. The projection of the corresponding internal representation onto the input creates images with predominantly blue background and a large patch of orange/red color near the location of the imaginated orange. 
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Figure 4: Localisation on real images taken from the robot camera. The lower two rows show the response on the "what" and the "where" area at iteration time 
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 to the image in the upper row. 
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Figure 5: Each row shows the network response purely from a Gaussian hill of activation on the "where" area. At time 
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 the "what" area does not contain any activations and the reconstructed image is empty. Later, the areas maintain stable activations. 

Discussion
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Figure 6: The model with a) a laterally and b) a vertically (hierarchically) connected language area. If two trained fruit, like a red orange and a green apple, appear in the visual input, below, then at both corresponding locations in the "where" area a Gaussian may emerge, both competing. Input from another area, like the word "orange" from a language area may then strengthen the corresponding representation on "V1". 
The current model has been trained on one object type, orange fruits. The cross-area lateral connections V32 originate predominantly at color selective V1 neurons, taking advantage of a feature specific to our chosen kind of object. For general object localisation, the cross-area lateral connections V32 need to be unspecific to object features. Then the object to localise would have to show up on V1 as a region of increased activation (attention). Fig. 6 shows two conceptual architectures which could achieve this. In both cases a third area, e.g. a language area, connects to V1. If it currently represents a specific object (as an orange in the figure) then it shall give an activation bias to those neurons on V1 which represent that object. Then, the lateral connections V32 transfer the biased representation to the "where" area, where intra-area connections V33 confine the activations to a Gaussian hill on the corresponding position. Note that direct connections between the language area and the "where" area would not make any sense, because an object does not have a preferred position a priori. Training would automatically lead to near-zero connections. 
The question remains whether the language area should be connected laterally to the V1 area as in Fig. 6 a) or hierarchically as in Fig. 6 b). The weight structure is the same, but their usage and training differs. In the lateral version a full representation on all three upper areas has to be present during training. In the hierarchical version the orange/apple features on the now highest level may be extracted by unsupervised training. The latter version is more appealing, because we expect a more abstract object representation to be hierarchically higher than a representation which still contains information on the object location. 
Both paradigms, however, are not necessarily contradicting: in the visual system, hierarchical and lateral connection patterns coexist if the vertical hierarchical level difference is small (Felleman and Van Essen, 1991). . A model for a data driven arrangement of areas in parallel or hierarchically has been presented (Weber and Obermayer, 2001). Two hierarchically arranged areas (with asymmetric connectivity) may therefore use their mutual lateral connections (which are symmetric) for a "top-down" reconstruction. In addition, recent evidence suggests that object representations are distributed across different areas (Pulvermüller, 2002), potentially on different hierarchical levels 
Application on a Mirror Neuron-Based Robot
With the results presented, we are able to localise an object from camera images using a fully neuronal approach. This model is thus a centerpiece of a larger model which can on the one hand perform actions like grasping and on the other hand is connected to neurally implemented language areas.
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Figure 7: The PeopleBot tracking an orange with its pan-tilt camera.
We have made initial experiments connecting the “where” area to motor neuron's output which control the robot camera's pan-tilt motors. Fig. 7 shows the camera pointing toward an orange which is moved across its “visual field”. This implements the MIRA robot's reaction to the command “Bot show orange” which is just a small part of the MirrorBot grammar. Additionally, using reinforcement learning, we have very recently implemented the robot "docking" at a table so that it can grasp an object which lies at the border of the table with its short grippers. It can perform these two actions, interacting with the environment. The data delivered during these actions will be used for the training and verification of mirror meurons.

The other side of integrating this model into a MirrorBot robot is the language side, as discussed above. The prominent properties of mirror neurons in the cortex is the multi-modality of their responses: they combine visual, acoustic (Rizzollatti, to be published), language and action input. The associative model described in this paper is based on vision input with a perspect of extention to language, as discussed. Neural coding in such an associator model is naturally distributed across the different areas which are implemented. This feature is supported by the neurocognitive evidence of Pulvermüller (1999, 2002 and 2003) who found that cell assemblies are activated in different regions of the brain simultaneoulsy when an object or an action are presented. On the other hand, these regions vary for varying stimuli (e.g. object vs. action) which implies that the activation states of a large, distributed cortical attractor can be biased toward the most involved areas. This is also the case in the implemented attractor model since each neuron becomes specialised to a certain task during training. In addition, the neurons with similar properties are grouped together (topographic arrangement) as in the cortex.

As the next steps therefore the model needs to be extended to incorporate more complex motor tasks. This is not only desirable from a robotic application point of view, but also from the fact that mirror neurons are action-related, as they reside in motor associated cortical areas such as F5 and respond to performance, description and observation of actions (Rizzolatti and Arbib, 1998). The model of Elshaw and Wermter (2002) handles an organisation of a variety of actions on a self-organising layer of neurons as an avenue to include a larger number of motor tasks. A model to handle the grammatical structure of verbal input is also in progress based on Knoblauch and Palm (2001). As an attractor network it has favorable biologally realistic properties which can lead to mirror neuron response properties and it already shares many principles of information processing which have been applied in the “orange localisation” example presented here. The following figure shows the plan of a proposed network.
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The envisaged mirror neuron network. Mirror neuron properties are expected to evolve among some of the neurons in the top layer. They carry an internal representation r of all of the inputs, below. The inputs are from multiple modalities including higher level representations.
The vector l contains language input information. This can include internal representations from language areas or the goal area of the cell assembly model for Broca/Wernicke areas (MirrorBot Report 5, WP 5.1). pv contains the visual percetion which includes the identity and perceived location of a target to be grasped. m are the motor unit activations including wheels, gripper and pan-tilt camera. ms denotes motor sensory unit activations and may also include available idiothetic information such as the rotation angle of the robot. i are other internal states such as the value function of the critic used in reinforcement learning.

Thick lines with arrow heads denote the weights. The vertical connections are trained with a sparse coding unsupervised learning scheme similar to the Helmholtz machine described earlier in this paper. The inputs are collected from real robotic actions (after exercising with simulated data) which are performed interactively in the environment. The data contain only instantaneous information, i.e. the whole action sequence is not known. Therefore, neurons do not necessarily fire over a sustained period in time as do mirror neurons. However, since r is a distributed code, some of the units may specialize to code for longer sequences. The horizontal recurrent connections (depicted as open circle) are trained as an autoassociator neural network. They are used in a neural activation relaxation procedure which de-noises the representation r and may also encourage prolonged firing. As a possible extension, associator recurrent connections may also feed back to the input. This would be particularly interesting for the cortical feed back to the motor units, because of implications for motor control.
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