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Mirror Neurons and the Neural Basis for Action Recognition:
A Computational Model

Principal Investigator: Michael A. Arbib

Project Summary

The monkey brain's mirror system for grasping matches the neural command for an action with the neural code for the recognition of the same action executed by another. Analysis of this system has major implications for the understanding of imitation and language in humans, but the focus of the present proposal is a new theory of the brain mechanisms underlying action recognition in monkeys. We will explore this by the development of a detailed neural model of the mirror system and related brain regions, with special emphasis on development and learning. The model will explain a large body of recent neurophysiological and neuroanatomical data from monkeys and lead to new experiments. 

The modeling environment will include a primatoid hand-arm avatar for generating actions (to provide output in studies of learning to grasp, and input stimuli for studies of action recognition); preprocessing routines for visual input; and tools for modeling adaptive networks of biologically plausible neurons responsive to the constraints of neurophysiological and neuroanatomical data. Within this environment, we will provide and validate models for a range of specific aims: those related to the development of grasping and the mirror system, paying particular attention to the hypothesis that visual feedback on hand configuration during grasping underlies the mirror mechanism; those analyzing the function and plasticity of the mirror system in guiding and recognizing single actions, with new hypotheses on population coding in the mirror system; and finally those which extend recognition to compound actions in context, showing how this extension may bridge the gap from action recognition to understanding.

Our modeling will be enriched by collaboration with experimentalists working on monkey neurophysiology and neuroanatomy at the University of Parma. To facilitate the exchange and comparison of experimental data and modeling results, we will further develop two of our neuroinformatics tools, NeuroBench for analysis of neurophysiological data, and the NeuroHomology Database for analysis of neuroanatomical data.

1. Introduction

1.1 The Interest of the Mirror System

As Vilayanur Ramachandran (2000) has commented:

[I'm] fascinated by the rostral part of the ventral premotor area. Giacomo Rizzolatti at the University of Parma has elegantly explored the properties of neurons in this part of the brain ( the so-called "mirror" neurons (which) will fire when a test monkey performs a single, highly specific action with its hand … [and] in response to [similar actions performed by others]. … With knowledge of these neurons, you have the basis for understanding a host of very enigmatic aspects of the human mind: imitation learning, intentionality, "mind reading," … Rizzolatti and Michael Arbib … suggest that mirror neurons may also be involved in miming lip and tongue movements, … [and] present the crucial missing link between vision and language. 

More specifically, mirror neurons in area F5 of the monkey, one of the motor areas forming the frontal agranular cortex, become active both when the monkey makes a particular action (like grasping an object or holding it) and when it observes another individual (monkey or human) making a similar action. The vast majority of F5 mirror neurons shows a marked similarity between the action effective when observed and the action effective when executed. This congruence is sometimes extremely strict, but broadly congruent neurons are of particular interest because they generalize the goal of the observed action across many instances of it. Typically, mirror neurons do not respond to the sight of a hand mimicking an action in the absence of a target object nor do they respond to the observation of an object alone, even when it is of interest to the monkey (Gallese et al. 1996; Rizzolatti et al.1996).

Ramachandran's account typifies the high level of current interest in the mirror system. Indeed, PET experiments in humans showed that both observation and execution of hand actions activate left Broca's area (Rizzolatti et al., 1996), while fMRI (Iacoboni et al. 1999) and MEG (Nishitani & Hari 2000) recordings showed the involvement of right Broca’s area in imitation. Broca's area is homologous to area F5 of monkey premotor cortex (Rizzolatti and Arbib 1998). Analysis of the human mirror system ( and especially its role in imitation and language ( is a vital topic for our future research. However, the research proposed here will focus on neural mechanisms for the mirror system and action recognition in the monkey, developing a detailed neural model based on monkey neurophysiology and related data. We will use the model to investigate a complete system from sensing to acting by coupling it to a primatoid “avatar”, an extensible biomechanical simulation of the arm and hand of a primate. The avatar will have components adjustable to match the dimensions of monkey and human since we must analyze, among other things, how a monkey can recognize actions whether those of a monkey or a human.

We next outline the specific aims of the proposed research, the collaborations which will provide data to ground and test our models, and the responsibilities of the personnel for whom funding is requested. We then review key data from neuroanatomy and neurophysiology relevant to the mirror system in monkey and provide a sample of our own prior modeling of the monkey nervous system. The proposal concludes with a detailed Research Plan for modeling and validation for each of the specific aims in turn: those related to the development of grasping and the mirror system; those analyzing the function and plasticity of the mirror system in guiding and recognizing single actions; and finally those which extend recognition to compound actions in context, showing how this extension may bridge the gap from action recognition to understanding.

1.2 Specific Aims

The present proposal focuses on modeling the neural mechanisms of action recognition in monkeys, leaving modeling related to brain imaging studies of action recognition and imitation in humans to other proposals. This work builds upon our long-standing and ongoing collaboration with Rizzolatti (Jeannerod et al., 1995; Grafton et al., 1996, 1997; Arbib and Rizzolatti, 1997; Rizzolatti and Arbib, 1998) to study the mirror neuron system in monkeys and humans. Our collaboration has been funded in part by the Human Frontier Science Program (HFSP), which also funded recent collaboration with the UCLA group of Woods and Iacoboni (Modeling: Arbib et al., 2000; fMRI: Iacoboni et al., 1999). Since HFSP funding will expire in 2001, it is timely to seek NSF funding to extend this research effort. We will develop the MNS2 model for the monkey mirror system (Figure 1; see the section "Grasping and the Mirror System in Monkey" for a review of relevant data, including a description of each of the brain regions referred to here) to elucidate how visual recognition of actions rests on neural structures common to all primates, including neurons in STS coding for the tracking of gaze direction and body motions, neurons in the parietal lobe which code hand shapes for different types of grasps; areas involved in movement composition (we focus on SMA and basal ganglia); and the mirror neuron cells which respond to both observation and execution of actions. Our five Specific Aims are grouped under 2 broad headings, "Development of the Mirror System", and "Recognition of Novel and Compound Actions and their Context".
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	Figure 1. Overview of the proposed MNS2 mirror neuron model with brain regions assigned. Current modeling has assessed overall functionality to predict physiological responses of the F5 mirror neurons. The proposed modeling will incorporate and explain a wide range of detailed anatomical and physiological data, and will offer new insights into the development and functionality of the mirror system.


Development of the Mirror System: 

In this proposal, we seek to explain the circuitry that makes mirror neuron activity possible, and then explore a number of hypotheses on the role of mirror neurons in the brain mechanisms for a range of adaptive behaviors related to action recognition. We are concerned with three basic types of F5 neurons: motor neurons, canonical neurons, and mirror neurons. Non-visual motor neurons comprise about 80% of F5 neurons. The other two classes comprise visuomotor neurons. They have motor properties indistinguishable form those of motor neurons, but, in addition, they respond to specific type of visual stimuli – canonical neurons to object observation; mirror neurons to action observation. All F5 neurons are motor neurons. Some of them receive connection from parietal region AIP, other from parietal region PF, others have no connections with the parietal lobe. A major goal of our modeling will be to show how, during development, motor neurons with parietal connections from AIP and PF will acquire visual properties and become respectively canonical or mirror neurons: 

Development of Grasp Specificity in F5 Motor and Canonical Neurons: This project explores the development of the neurons which form the action generation circuitry which is an inseparable partner of the action recognition circuitry of the mirror system. We will demonstrate how somatosensory feedback can play a crucial role in defining the population of F5 motor neurons, and how input from the parietal region AIP shapes up the F5 canonical subpopulation and is shaped up in turn, as the developing. F5 canonical neurons select via re-afferent connections visual neurons describing a variety of surfaces. Only those selected become AIP neurons that code affordances. 

Visual Feedback for Grasping: A Possible Precursor of the Mirror Property: We offer a new hypothesis for the generalization from the visual description of action made by the acting individual to that made by other individuals. We propose to demonstrate how neurons which develop to provide feedback for self-generated goal-directed grasping movements, using the association between F5 motor activity and the visual stimuli resulting from this activity, will extract "hand configuration" data concerning the relation of the moving hand to an object that will readily generalize to the movements of others' hands. The model will involve a self-organization process which exploits bidirectional connectivity across F5, PF and STS areas to illuminate the developing role of STS and PF in the functioning of the mirror neuron system 

Recognition of Novel and Compound Actions and their Context:
The modeling of development defined above emphasizes how the infant monkey builds a basic motor repertoire of reach-and-grasp actions and how these come to be integrated with a set of visual processes that, we hypothesize, develops first to provide feedback for the monkey's own actions and then serves to recognize hand-object relations in other monkeys which signal similar actions. Here, each grasp is seen as related to the affordance of a target object. Our task in the present section is to propose models which place the mirror system in a broader perspective. As we have noted, our analysis of the monkey mirror system is to be seen as grounding efforts to understand the brain mechanisms underlying imitation in humans. For imitation, the key issue is the recognition of the structure of novel actions, extending the prior repertoire of actions. For the monkey studies proposed here, we focus on three related issues: (i) How does a variant of a known action come to be recognized? (ii) How can a novel action be recognized a compound of (variants of) known actions. (iii) How are actions "understood"? We argue that understanding will in general involve more than recognition of the action (movement + goal) in isolation, but will also involve recognition of the context in which the action occurs and expectations as to its consequences.

The Pliers Experiment: Extending the Visual Vocabulary: The mirror neurons of the monkey will not fire when a monkey first sees the experimenter grasp a raisin with a pair of pliers, but certain mirror neurons will come to fire after the monkey has been repeatedly exposed to this stimulus. We will model how the system may recognize such novel stimuli, thus extending its "input vocabulary" beyond a prior set of hand configurations. This will lead us to adopt a more subtle approach to the visual input than used in our earlier work, and will involve modeling processes of learning which "work back in time" so that recognition that a raisin is being picked up can draw attention to the way in which earlier movement of the novel gripper can be predictive of the grasp. We will also explore the hypothesis that it is a set of mirror neurons that provides a nuanced representation of an action, rather than the broadly tuned response of a single neuron. This modeling of population coding will be strongly linked with the increasing push of the Parma group to use multi-electrode recording.

The present proposal contains three kinds of model: those strongly driven by available data; those which will be developed in tandem with empirical efforts now planned by our collaborators in Parma; and those which offer conceptual analyses which will set the stage for design of experiments several years in the future. The last two Specific Aims belong more to the third class, but will nonetheless be grounded in empirical data.

Recognition of Compounds of Known Movements: We will extend our analysis of population coding of single actions to model the learning and recognition of compounds. We will first extend our earlier work on the interaction of basal ganglia (BG) and supplementary motor area (SMA) on the generation of sequences of movements to analyze their linkage with the mirror system for recognition of sequences of movements; we will then generalize this approach to handle the recognition of novel actions that are formed as a temporally coordinated superposition, rather than a sequence, of known actions.

From Action Recognition to Understanding: Context and Expectation: Finally, we will analyze "understanding" within the framework created by all the earlier work. Our key idea here is that understanding is not simply the recognition of an action in isolation, but must involve some notion of "meaning", e.g., the context in which the action is appropriate or the expectations that such a behavior evokes. This relates to preliminary findings from Parma which will serve as the basis for further collaboration.
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Figure 2. Left: Data from the Rizzolatti group take the form of records of a cell's firing across a number of trials; a histogram summing such records provides the view of the "expected" behavior that is used to challenge our modeling. In this example, the experimenter grasps a piece of food with his hand, then moves it toward the monkey who, at the end of the trial, grasps it. The neuron discharges during observation of the experimenter's grasp, ceases to fire when the food is given to the monkey and discharges again when the monkey grasps it. The rasters are aligned with the moment when the food is first grasped (vertical line). Each small vertical line in the rasters corresponds to a spike. Right: An example of the output from 2 mirror neurons simulated in the MNS1 model described below. The curves are to approximate or predict the histogram data for physiologically identifiable neurons. This simulation demonstrates resolution by the mirror neurons between a power and precision grasp when the observed avatar makes a precision grasp, grasping a long thin object by its ends. In the initial portion of the trajectory, the hand preshape is mistaken for a power grasp, but the simulated mirror system corrects this misclassification as more of the trajectory is taken into account. This is an example of a novel prediction from our modeling which is readily amenable to testing in the Rizzolatti laboratory.

1.3 Validation: Models, Collaborations, and Datasets

The models proposed here will yield predictions and explanations addressing data from neurophysiological correlates of monkey action recognition and will be linked to the work of the Rizzolatti group. Throughout the research, empirical predictions and tests will accompany our modeling. In many cases, new experiments will support our modeling; in other cases, the data will lead us to revise the models, leading on to further predictions as we extend the scope of the models. The present section summarizes the datasets to be gathered by our collaborators (in addition we will, of course, continue to address many data culled from the literature) and also outlines a collaborative effort on biomechanical simulation. Support letters are appended to this proposal.

Neurophysiology and Behavior

Giacomo Rizzolatti of Parma has focused on the neurophysiology of the premotor cortex of monkeys during visually guided reaching (Figure 2 Left); this has been broadened to include parietal inputs to the mirror system. In addition to collaboration on a variety of papers (with the proposed modeling of the ontogeny of the grasping and mirror system a current target for future joint papers), our modeling will build upon extant data to make predictions for new experiments (Figure 2 Right). An important issue (discussed further below) is that the data published in papers do not always yield sufficient detail for our modeling. We have thus developed new software, NeuroBench, for viewing and analysis of neurophysiological records. The Parma group recently released recordings from 37 mirror neurons to us and these have been entered into NeuroBench. We find these preliminary efforts promising, and thus propose to develop NeuroBench into an advanced knowledge discovery tool and incorporate many more data into the database. We will supply interface routines to enable the modelers (at USC) to transfer the results of a simulation run directly to NeuroBench with annotations, date, and author information, with similar tools to enable neurophysiologists to transfer their recordings with annotations to NeuroBench. NeuroBench will not only serve as a database and visualization tool, but will also perform comparative and data mining computations. Since the Parma group is now planning multi-electrode experiments, we propose to develop routines for temporal analysis including tools to compare simulation-generated data with multi-electrode data. The result will provide the Parma neurophysiologists with new tools for data analysis, as well as stimulating more detailed modeling by our group. The results of data analysis and modeling will feed back into design of new experiments, thus advancing the theory-experiment cycle. 

Neuroanatomy

Also in Parma, Massimo Matelli and Giuseppe Luppino have focused on neuroanatomy of the monkey, with new findings on the relation between premotor cortex, parietal cortex and other regions. These data have constrained our models as we begin to make functional sense of the connections they have revealed. They will provide further data on connections of the monkey brain to constrain our modeling in the coming years, as well as engaging in further analysis of homologies between the human and monkey brains relevant to the broader research program of which the present effort is part. The analysis of anatomical data will benefit from our work on the NeuroHomology Database (NHDB; Bota, 2001; Bota & Arbib, 2001), an online knowledge management system that handles information about brain structures, neuroanatomical connections and similarities between brain structures. Currently, NHDB comes in two online versions, NHDB-I and NHDB-II (Bota, 2001a,b). It contains modules for Brain Structures, Connections (users can search connection information and also evaluate the confidence level for a given neuroanatomical tract between two brain structures) and Homologies (our homology inference engine uses eight criteria to evaluate the degree of homology between two brain structures). To date, the Homology module of NHDB-I contains more than 50 similarities between different brain structures from rodents, macaques and humans. Clearly, the focus on NHDB for the present proposal will be on systematizing macaque data from Matelli and Luppino with data culled from the literature. The analysis of macaque-human homologies will be a target for other research. 

Simulation of Biomechanics
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	Figure 3: The reach/grasp simulator we have already developed takes the representation of the shape and position of a (virtual) 3D object and the initial position of the (virtual) arm and hand and computes a trajectory that ends with simulated grasping of the object. The system, programmed in Java, simulates a 19 degree of freedom (DOF) arm and hand that can be controlled through a user interface or automatically (e.g. for learning and testing). The 19 DOFs are 3 at the shoulder, 1 for elbow flexion/extension, 3 for wrist rotation, 2 for each finger joint with 2 more for the thumb. The system provides routines to perform realistic grasps. In "inverse model" mode, it solves the inverse kinematics problem by simulated gradient descent with noise added to the gradient


Finally, we mention a collaboration focused on simulation methodology rather than empirical data. Stefan Schaal (Computer Science, USC, and Computational Learning, Kawato Dynamic Brain Project) will share his expertise on developing learning algorithms for both robot control and human motor control (e.g., Schaal 1997). He will make available his simulation software package for use in extending our present reach-and-grasp simulator (Figure 3) to include estimates of contact forces including slip. We expect this collaboration to also yield fruitful interactions with his own NSF-funded research on imitation and rehabilitation for human patients with motor disorders. Schaal's Simulation-Laboratory (SL) software package (http://www-slab.usc.edu/publications/schaal-TRSL) allows rapid development of arbitrary rigid body dynamics systems with complete control and data visualization tools. For studies of learning to grasp and development of the mirror system, we will interface the arm-hand model with our neural models of brain regions. The simulator will also simulate contact force with external objects that will be essential for our work on learning to grasp, where we want to use the slippage of the object in the hand as a negative reinforcement learning signal to the learning system. Future development of the simulator will also allow us to include muscle-based motor control, which we envision to be interesting for our project at an advanced stage. The simulation software is available to us at no expense. The dimensions of the arm and hand will be adjustable to match the dimensions of monkey and human to explore the monkey's recognition of human as well as monkey actions. 

Integration of Databases and Modeling Tools

In addition to the above, we will link NeuroBench and NHDB with our Brain Models on the Web database (BMW; Arbib and Bischoff-Grethe, 2001). BMW currently contains a set of models developed using our NSL Neural Simulation Language, and will be extended to include biomechanical simulations of the kind just described. An important feature of NSL 3.0 is the development of a Schematic Capture System (SCS) to allow hierarchical viewing of model structures (Arbib et al., 2001). We will extend SCS to provide a hierarchical view of biological data as well, enabling the user to compare the structures of the modules and connections in our models with the neurobiological information from NHDB and NeuroBench. We can thus ensure strong integration of empirical data into the design and testing of our models.

1.4 Personnel

The USC investigators will work closely with our collaborators on the analysis of relevant data to both constrain and validate our modeling. Funding is requested only for the modeling effort, plus travel funds to allow members of the USC team to visit the Parma group and vice versa. Michael Arbib has long experience in computational neuroscience, especially in modeling neural mechanisms underlying visually guided behavior in close collaboration with experimentalists. He will continue his work on detailed neural modeling of the monkey nervous system while managing the collaboration with the Parma group. To a first approximation, the responsibilities that the 2 RAs will share with Arbib are to be divided as follows:

RA 1 (currently Erhan Oztop) will be responsible for developing NeuroBench as a repository of neurophysiological data from Parma and elsewhere; for developing the primatoid hand-arm avatar; for the Development of the Mirror System component of the modeling; and for analyzing data and developing predictions related to population coding in the mirror system. RA2 (Salvador Marmol) will be responsible for developing NHDB as a repository of neuroanatomical data from Parma and elsewhere; for linking BMW, NeuroBench and NHDB to facilitate the use of empirical data in the grounding and testing of models; and for the Compound Actions and their Context component of the modeling.

2 Background
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	Figure 4. Monkey brain areas relevant to the proposed modeling: The brain regions involved in the mirror neuron system constitute a large portion of the brain ( parietal cortex, premotor and motor cortex, the superior temporal sulcus and prefrontal cortex. In the macaque brain, posterior parietal cortex and the cortex of caudal superior temporal sulcus (STS) have been subdivided into numerous areas mainly involved in spatial analysis of the visual environment and in the control of spatially oriented behavior (Maioli et al. 1998). F1: motor cortex; F3: SMA-proper; F4: proximal ventral premotor area; F5: distal ventral premotor area; F6: pre-SMA; LIP: lateral intraparietal sulcus; MIP & VIP: medial and ventral intraparietal sulcus; AIP: anterior intraparietal sulcus; 7b: parietal area PF; 7a: parietal area PG. 


2.1 Grasping and the Mirror System in Monkey

The rostral (F5) and caudal (F4) inferior premotor cortex of monkey (Figure 4) are involved in reaching and grasping movements, while F1 is primary motor cortex. Neurons in F4 appear to be primarily involved in the control of proximal movements (Gentilucci et al., 1988), whereas the neurons of F5 are involved in distal control (Rizzolatti, et al., 1988). Neurons located in area F5 of the monkey discharge during specific goal-directed hand and/or mouth movements. Our interest centers on a subclass of F5 neurons that become active not only during the monkey's own movements, but also when the monkey observes the experimenter or another monkey make an action similar to the one that, when actively performed, triggers the neuron. Neurons endowed with these properties are referred to as mirror neurons (di Pellegrino et al. 1992; Gallese et al., 1996). In monkeys trained to grasp objects requiring different types of grip, about half the neurons in the anterior intraparietal sulcus (AIP) related to hand movements(Murata et al., 1997; Sakata & Kusunoki, 1992; Taira et al., 1990). In addition, this region has very significant recurrent cortico-cortical projections with area F5 (Matelli 1994, Sakata, 1997a). Some AIP cells demonstrate specificity toward the size of the object to be grasped, while showing a certain degree of independence from the type of object; other cells demonstrate independence from the size of the object. The fact that there are cells that are both size-selective and size-independent indicates that within a population of cells that code for a particular object, a sub-population of these cells are responsible for capturing size of the object. Finally, a small number of cells shows modulation based upon the object's position and/or orientation in space. 
 fired almost exclusively during one type of grip, with precision grip being the most represented grip type 
Based on cytoarchitectonic and connectional criteria, Brodmann’s area 7 (inferior parietal lobule) includes areas 7a, 7b/PF and 7ip. Brodmann's area 7 reaches its highest development in primates (Cavada and Goldman-Rakic, 1989). Damage to this area can cause impairments in spatial perception, neglect of sensory stimuli contralateral to damage, and defects in visually guided reaching and oculomotor control (Stein 1991). Complementing AIP, PF receives an important input from the cortex of the superior temporal sulcus (STS) and sends its output to F5. Many neurons in PF respond to the observation of biological actions and some of them show mirror properties. This area appears to represent the link between STS, where biological actions are heavily represented, and the F5 mirror system, where an observed biological action is matched to the internal motor representation of the same action. As noted earlier, all F5 neurons are motor neurons. Some of them receive connections from AIP, others from parietal region PF, while some have no parietal input. Motor neurons with parietal connections from AIP and PF will acquire visual properties and become canonical or mirror neurons, respectively. 

Perrett et al. (1990a,b) report neurons in the superior temporal sulcus (STS) responsive to goal directed hand motion; while Barnes and Pandya (1992) argue that neurons of multimodal areas of the STS could be concerned with analyzing the position of the organism relative to the environment. We posit that STS codes, in addition to biological motion, some physical aspect of it such as velocity and direction. While there is evidence for direction coding, there are no studies that we are aware of where the effect of stimulus speed was analyzed in STS. Note however that MT and MST project to STS, thus suggesting that some of the STS neurons may code some parametric aspects of hand movements. We assume also that STS can code the distance between hand and object. There is evidence that a specific set of neurons discharge selectively during the observation of the hand approaching and coming in contact with the object. This suggests that some distance aspects may be encoded in STS neurons. Again no firm evidence on this point is available at the moment. 

We briefly introduce key data on other regions of the brain relevant to the design and validation of the proposed model: 

Sakata et al. (1997a,b) discovered binocular visual neurons in the lateral bank of the caudal intraparietal sulcus (cIPS) and the neighboring area V3a. These neurons respond preferentially to an object in a particular orientation in space. They also found neurons selective for a particular axis and orientation of surfaces. Intraparietal regions MIP/LIP/VIP encode the space around the animal (Colby and Goldberg 1999). Although it is hard to assign a single type of encoding for these regions, a rough separation is that VIP is concerned with ultra-near space (less than 5cm from the face), MIP with stimuli within reaching distance while LIP represents the space that we explore best with our eyes. Area PG of parietal cortex plays an important role in representing space (e.g., Stein 1991; Siegel and Read 1997; Andersen et al. 1999). The recent findings from Parma on mirror-like neurons in area PF of parietal cortex (Fogassi et al., 1998) and the connection of this area with the mirror neuron region of area F5 (Matelli 1994) indicates an intimate relation between PF and F5 mirror neurons. 

The supplementary motor area (SMA) is formed by two cytoarchitectonically distinct areas, SMA-proper (F3) and pre-SMA (F6) (Luppino et al. 1991). F3 contains a complete somatotopic representation of body movements (Luppino et al. 1991). Most F3 neurons discharge in association with active movements whereas area F6 requires more complex movements to be activated (Matelli et al., 1993) in the human. F3 is connected strongly with F1 and F4. The F5 connection to F6 is rather modest (Luppino et.al.,1993). F6 on the other hand has strong connections to F5 and a strong input originates from prefrontal cortex (area 46). F6, unlike F3, is not connected to F1. The data suggest that F6 is responsible for higher-level motor functions, whereas F3 is more closely related to execution (Luppino et al., 1993). 

In non-human primates, the ventrolateral prefrontal cortex (PFC) has a role in response inhibition, whereas the dorsolateral PFC is implicated in spatial processes, working memory and sequencing of behavior (Pandya and Yeterian 1998; Barone and Joseph, 1989; Jenkins et al. 1994). In monkey the dorsolateral prefrontal convexity above the principal sulcus is strongly connected with area PG, whereas the ventrolateral convexity is mainly connected with PF and 7ip (Cavada and Goldman-Rakic, 1989). In addition, both the dorsal and ventral prefrontal areas receive input from STS and SMA. PFC projects to pre-SMA. SMA-proper contains neurons representing an overall task sequence and the subsequences within the task (Tanji and Shima 1994; Tanji et al., 1996). Since pre-SMA is responsible for preparing a movement sequence, particularly if visually guided, PFC may be a source for the sequences that pre-SMA “knows.” We see pre-SMA and the basal ganglia as together crucial for action-sequence parsing.

2.2 Prior Modeling of the Monkey Nervous System

Our group has a long history of models for visually directed grasping and grasp recognition (e.g., Arbib 1981; Iberall and Arbib, 1990; Hoff and Arbib, 1992, 1993; and Jeannerod et al., 1995). Here, after a review of our modeling methodology, we present a brief summary of recent models of direct relevance to this proposal: the FARS model of monkey grasping, our first Mirror Neuron System model, and our models of the role of basal ganglia and SMA in control of compound behaviors.

Modeling Methodology

We seek where possible to provide a detailed structural description of the biological neural works of brain regions relevant to our research. However, in some cases we "schematize" a brain region, such as the way cIPS can recognize surface orientation from visual input. This frees resources for detailed neural modeling of those regions most central to action recognition. This does not imply that we think that neural details of regions such as cIPS are irrelevant. Rather, their analysis is a topic whose scope requires separate funding. In any case, most of the regions here are modeled as neural networks, whether "connectionist" or "neurophysiological". Connectionist modeling replaces the schema by an adaptive artificial neural network, using "training" rather than explicit programming either to achieve context for other more detailed analyses or to ensure that the overall schema network meets behavioral criteria. To the extent that "training" yields output neurons whose response is similar to that of neurophysiologically observed neurons, the network may yield novel predictions concerning the behavior of real neurons in new conditions exercised in the modeling (see Figure 2).

Indeed, our main concern is with models which are grounded in, and can be tested by, neurophysiological data. Here, a survey of the neurophysiological and neuroanatomical data on a brain region calls attention to its basic cell types. As modelers we then create one array of cells for each such type. The data tell us what the activity of the cells should be in a variety of situations, but in many cases experimenters do not know the action of, e.g., their synapses in any quantitative detail. Thus, the modeler has to make a number of hypotheses about weights, time constants and so on, to get the model to run. The modeler may even have to postulate cell types that experimenters have not yet looked for, and show by simulation that the resulting network will indeed perform in the observed way when known experiments are simulated, in which case it must match the external behavior and, for those populations that were based on cell populations with measured physiological responses, it must match those responses at some level of detail. What raises the ante is that the modeler's hypotheses suggest new experiments on neural dynamics and connectivity, and the model can be used to simulate experiments that have never been conducted with real nervous systems. 

While much work on artificial neural networks focuses on networks of simple discrete-time neurons whose connections obey various learning rules, most work in brain theory now uses continuous-time models that represent either the variation in average firing rate of each neuron or the time course of membrane potentials. The study of a variety of connected "compartments" of membrane in dendrite, soma, and axon can help us understand the detailed properties of individual neurons (see, e.g., Bower and Beeman, 1998; Hines & Carnevale, 1997; Hodgkin and Huxley, 1952), but much can still be learned about the large-scale properties of interconnected regions of the brain by modeling each region as a set of subpopulations ("arrays") using the leaky integrator model for each neuron. In this case the internal state of the neuron is described by a single variable, the membrane potential m(t) at the spike initiation zone. The time evolution of m(t) is given by the differential equation  EQ \F(dm(t),dt) = - m(t) + (i wi Xi(t) + h, with resting level h, time constant , Xi(t) the firing rate at the ith input, and wi the corresponding synaptic weight. This model does not compute spikes on an individual basis – firing when the membrane potential reaches threshold – but rather defines the firing rate as a continuously varying measure of the cell's activity, approximated by a simple, sigmoid function of the membrane potential, M(t) = (m(t)). Such models can then be tested by careful comparison of histograms of firing of a cell across repeated trials against the average firing rate computed by the model for cells of this type (Figure 2). This is the level for much of the modeling proposed here, and we have developed a range of tools for simulating networks of such neurons in our Neural Simulation Language NSL (Arbib et al., 2001). 

The FARS Model

In our approach to reaching and grasping, we first modeled the AIP-F5canonical circuitry (the FARS model described in this section) and then proceeded therefrom to develop MNS1, our first mirror neuron system model, described in the next section. The FARS model (Fagg and Arbib 1998) analyzed the data of Sakata and Rizzolatti to show how F5 and AIP may act as part of a visuo-motor transformation circuit. The FARS model is based on the physiological properties of the circuits for transforming object intrinsic properties into grasping movements. The main components of this circuit are the AIP neurons and the F5 canonical and motor neurons. Gibson (1966) observed that the pattern of optic flow, or the movement of features across the retina from moment to moment, contained valuable information that could be used to guide navigation through the environment without prior recognition of objects. We thus adopted Gibson's term affordances to mean parameters for motor interaction that are signaled by sensory cues without invocation of high-level object recognition processes. The FARS model developed two hypotheses: (1) The anterior intra-parietal area AIP serves a dual role of computing a set of affordances appropriate for the object being attended and then maintaining an active memory of the single affordance as the corresponding grasp is executed. (2) Premotor area F5 integrates many constraints to decide on the single grasp that is to be executed. The model gave the first causal account of the firing patterns observed in AIP and F5, made novel predictions for response to situations involving multiple affordances, and led to Synthetic PET predictions (Arbib et al., 1995; Arbib et al., 2002) and related PET studies of humans (Grafton et al., 1998). 

An important feature of the work leading to the development of the FARS model was that it involved analysis of an extensive set of unpublished records of F5 and AIP cell activity made available to us by Rizzolatti and Sakata. Whereas published work showed very few records and emphasized only the correlation of cell activity with a specific type of grasp, our data analysis revealed that neurons also showed a variety of temporal relationships with different phases of the monkey's behavior. This led us both to a population model of F5 that provided both the first exploration of this rich data set, and to a convincing explanation of the data. This collaboration with experimentalists to integrate extensive data analysis with the development of new models is paradigmatic of the effort proposed here. Having offered this paradigm, we trust to the reader's powers of generalization to infer related details for each Specific Aim below.

MNS1: The First Mirror Neuron System Model

The first Mirror Neuron System model (MNS1; Oztop and Arbib to appear) analyzes the role of F5 and related brain regions in the recognition of single actions. MNS1 analyzes pathways directed toward F5 mirror neurons which match arm-hand trajectories to the affordances and location of a potential target object. The crucial notion here was the extraction of the hand state which relates the hand to an object. In our MNS1 simulations the feature vector that serves as the hand state input is given by trajectories F(t) with 7 components ( d(t): distance to target at time t; v(t): tangential velocity of the wrist ; a(t): aperture of the virtual fingers involved in grasping at time t; o1(t): angle between the object axis and the (index finger tip – thumb tip) vector; o2(t): angle between the object axis and the (index finger knuckle – thumb tip) vector; and o3(t), o4(t): angles defining how close the thumb is to the hand as measured relative to the side of the hand and the inner surface of the palm. The choice of the ok's was based on our earlier work on opposition spaces (Iberall et al., 1986).

MNS1 combines three "grand schemas"  Visual Analysis of Hand State, Reach and Grasp, and the Core Mirror Circuit  for each of which we presented a detailed implementation. With this implementation we showed how the mirror system may learn to recognize actions already in the repertoire of the F5 canonical neurons, and then studied the performance of the model under conditions of spatial perturbation, altered kinematics, and grasp object mismatch. Despite the use of artificial neural networks, our MNS1 model yielded solid empirical predictions for the temporal firing patterns of mirror neurons, showing that neurophysiologists should analyze them in a more quantitative way with respect to observed actions. For just one example from many (Figure 2 Right), we created a scene where the observed action consisted of grasping an unusually wide object with a precision pinch. MNS1 first recognized the action (in its early stages) as a power grasp, but as the action progressed the modeled mirror neurons representing precision pinch became active while the power grasp activity started to decline. Thus we specifically predict that in such a grasp observation experiment performed with monkeys, power-grasp related cells will fire actively but only initially, while precision-pinch cells will start firing as the power grasp activity declines. This particular prediction, like the others already developed for MNS1, is clearly testable using experimental setups such as those in the Rizzolatti lab. Our new modeling will yield further predictions.

Modeling Sequential Behavior

Patients with diseases of the BG, particularly Huntington’s disease and Parkinson’s disease, do not have significant motor control difficulties when visual input is available (Bronstein and Kennard, 1985), but do have problems with specific forms of internally driven sequences of movements (Curra et al. 1997). This implies that the basal ganglia (BG) may be involved in assisting cortical planning centers in some fashion as well as providing sequencing information for cross-modal movements, e.g., simultaneous arm reach, hand grasp, head movement and eye movement. Dominey and Arbib (1992) explicated the interaction between cerebral cortex and basal ganglia in saccade control. They showed how thalamocortical loops could implement target memory, while remapping of retinotopic targets during saccades was conducted by circuitry intrinsic to the region LIP of posterior parietal cortex. We (Bischoff, 1998; Bischoff-Grethe and Arbib, in preparation) built on this effort to model the interactions between BG, prefrontal cortex (PFC) and supplementary motor area (pre-SMA and SMA-proper) in the control of sequences of skeletomotor actions. We modeled PFC as responsible for working memory and as a source for the sequences that pre-SMA “knows.” Pre-SMA projects sequential information both to SMA-proper and to the basal ganglia’s indirect pathway. SMA-proper is involved in the internal generation of sequences and repetitive movements. SMA-proper neurons contain information on the overall sequence to be performed; they keep track of which movement is next and which movement is currently being performed; they project the current movement to be performed to MC and to the direct pathway of the basal ganglia; and they project the preparations of the next movement of the sequence to another population of premovement neurons within motor cortex (F1) and to the indirect (inhibitory) pathway of basal ganglia. The motor cortex, then, carries out the motor command and handles the fine tuning of the movement (e.g., target position, amplitude, force) partly based upon information provided by the basal ganglia. The motor cortex projects the motor parameters to both the brainstem and the basal ganglia’s direct pathway. We postulate that the basal ganglia’s two pathways perform two different roles: the indirect pathway inhibits upcoming motor commands from being performed while the current movement is in progress, while the direct pathway projects the next sensory state back to cortex. This informs SMA-proper and F1 of the expected next state and allows these regions to switch to the next movement of the sequence. 

3 Research Plan

The five modeling efforts which together define MNS2, our new mirror neuron system model, will be described under two headings, "Development of the Mirror System" and "Recognition of Novel and Compound Actions and their Context".

3.1 Development of the Mirror System

In Section 4.2, we will model the "mature" mirror system, making contact with a growing body of data on the role of areas like STS and PF in providing necessary input concerning hand movements and their relation to objects. However, there is immense importance in analyzing how a system develops in addition to exploring and understanding its adult structure. This topic was the focus of discussion when Arbib and Oztop visited Parma in May 2001, and the present section offers a plan of research based on this phase of our collaborative effort with Parma. To illuminate the development of so apparently complicated a system will be no small achievement. Indeed, the idea that complex cognitive functions, like action understanding and imitation learning, can be based on simple motor schemas and a system that recognizes the actions they generate offers exciting new ideas for the research on human imitation that will complement the research proposed here. 

We will model three interwoven stages for mirror neuron development: a) the formation of F5 motor neurons on the basis of random grasping and the haptic feedback generated by successful grips; b) the formation of F5 canonical neurons on the basis of random grasping and visual input via AIP concerning object properties; and c) the formation of F5 mirror neurons on the basis of self-generated goal-directed grasping movements using the association between F5 motor activity and the visual stimuli from STS and PF concerning hand movements in relation to the grasped object. This work will involve collaboration with the Schaal group on the biomechanical model of the arm-hand system and its interactions with objects. 
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	Figure 5. The diagonal hatching marks the regions involved in the grasp learning task. F5canonical ( F1 ( Hand ( SII + AIP ( F5 is the loop that we model in this study. The horizontal-lined rectangle marks the main regions involved in the full visuo-motor transformation for grasping. These were previously "hard-wired" in the FARS model; the challenge now is to show how the circuitry could "self-organize" via the grasp learning circuit, with which it overlaps. F4 supplies the egocentric position of the object. The vertical-lined rectangle marks the main regions involved in mirror neuron function​ing. 


Where research to date has assumed that the mirror system arose to facilitate social understanding, it has not enquired into the possible biological roots of this function. MNS1 showed how the observation of self-action may serve as the learning stimulus for shaping the mirror system but did not address the issue of why the brain might contain such learning hardware in the first place. We here offer a dramatically new hypothesis: that it was the need for precise visual feedback for delicate hand actions that led to the appearance of mechanisms for extracting "hand configuration", and that it is this that was readily exapted to form the bias for recognition of hand movements made by others.

Development of Grasp Specificity in F5 Motor and Canonical Neurons

 In modeling to date (and in the experiments), the tendency was to pair mirror neurons with an externally defined set of grasps. In the proposed modeling, we would hope to show how a basic set of grasps emerges from a repertoire of basic movements (e.g. reaching and enclosing) through learning. To model the development of the F5 motor neurons and canonical neurons, we will demonstrate how somatosensory feedback can play a crucial role in defining the population of F5 motor neurons, and how AIP input shapes up the F5 canonical subpopulation and is shaped up in turn, as the developing. F5 canonical neurons select visual neurons describing a variety of surfaces via re-afferent connections. Only those selected become AIP neurons that code affordances. The model will take visual input from a non-neural schema for cIPS which will encode surface orientation in a fashion which captures the data of Sakata et al. (1997a,b), as well as somatosensory information computed using the proposed extension of the hand-arm avatar to determine contact forces and slip when the hand encounters an object. The output will initially associate a random pattern of grasping with F5 activity but will, through learning, create a repertoire of grasp actions (precision grip, power grip etc.) that are appropriate for the objects to which the model is exposed. In particular, we expect to see the emergence of a population code in F5 for grasping actions. Our predictions on grasp population coding may lead to experiments that will complement the reach-related findings (e.g., Georgopoulos et al., 1988 for data; Lukashin et al., 1996 for modeling). The modeling will be constrained by available data on the development of reaching and grasping; the performance of the "adult" neurons of the model will be tested against data from Parma.
Based on the assumption that development of reaching and grasping involve similar processes in human and monkey, we will use studies of human infants to set behavioral goals for our grasp-learning model. Human infants are able to reach an object by around 12 weeks of age, which precedes by 3 to 4 weeks the time when the infant starts to grasp objects (Clifton et al. 1993). The fractionated control of finger movements is not possible at this stage of reflex grasping and early voluntary grasping since this requires the cortico-motoneuronal system, which has not been developed by this stage (Lantz et al, 1996). Therefore, it is unlikely that the premotor specialisation for the different types of grasp (e.g., precision grasp, side grasp) has been formed at this age. During these 3 to 4 weeks, the motor primitives for grasping are developed, but are not properly triggered by visual stimuli. However, when the infant's hand touches the object, grasping will often triggered by somatosensory stimuli. This is due either to the innate reflex grasp or to the joy of grasping the object. The reflex grasp stays with the infant until six months of age and it takes 4 more weeks to stabilize the grasp (Clifton et al., 1993). 

The first components of our MNS2 model are aimed at capturing the discovery of grasp configurations (i.e. the premotor specializations) starting from a reach capable (model) stage. The learning procedure which yields the basic population of F5 mirror neurons will adjust the connectivity of the circuits within and between F5 and F1 based on somatosensory inputs, so to encode different grasp actions, assuming that the mechanism for producing a reach to a given target in peripersonal space already exists. Through learning, the reaches directed to objects will be shaped into grasp actions via the enclosure (palmar reflex) triggered by the touch of the object to the hand. Then the haptic feedback from the fingers will be used to determine a successful grasp. The model postulates that this information will be available in the somatosensory cortex after a grasp attempt. This area encodes information about slip and force feedback during prehension of objects (Salimi et al., 1999a,b) and is involved in sensory monitoring of hand-object interactions (Debowy et al., 2001). In the model, somatosensory cortex will supply the training or reinforcing signal generated by our expanded hand simulator's estimate of contact force and slippage to adjust the grasp planning circuit (F5-F1) connection strengths. 

A perfect, adult-like grasp requires considerable visual analysis of the object (affordance extraction). We postulate that the visual information to the grasp learning circuit is very limited at the early phases of grasping (4-9 months) as suggested by Rosenbaum (1991): “what is most likely is that infants younger than nine months have not yet learned to pre-program grip size on the basis of visual information, just as infants younger than nine months have not yet learned to pre-program hand orientation based on vision.” Thus, augmenting the development of F5 motor neurons in general will be the development of F5 canonical neurons on the basis of AIP's recoding of the surface orientation data provided by cIPS. We will attempt to understand how the reciprocal connections between AIP and F5 canonical neurons enable each to shape the other so that, as the F5 canonical neurons develop, so too do AIP neurons become better adapted to convert cIPS input into affordance-encoding output. At the early stages of learning, the affordance representation covers only egocentric object location (this information must be present because the reach task can be performed). Based on currently available information about affordances, F5 specifies to F1, and the motor plant executes, a specific grasp action. If it turns out that the plan was successful, that is if somatosensory cortex signals a success, then the connections (cIPS ( AIP, AIP ( F5, F5 ( AIP) contributing to that decision are enhanced. If it was a failure then the connections contributing to the decision are decreased. Thus the learning we use can be called supervised anti-Hebbian or simple reinforcement learning. A minor problem is that the grasp plan for a given input need not be unique. For example, given an apple to grasp we can approach the target from any. In some sense then the circuit learns the conditional probabilities of grasp parameters given the affordance input (and other contextual biasing) using reinforcement learning.

Visual Feedback for Grasping: A Possible Precursor of the Mirror Property

We will explore here the novel hypothesis that the F5 mirror neurons develop by selecting, via re-afferent connections, patterns of visual input describing those relations of hand shapes and motions to objects that prove effective in visual guidance of a successful grasp. Such a hypothesis will let us tap data on error correction to refine our developing model of action recognition. The validation here is computational: if the hypothesis is correct, we will be able to show that such a hand control system indeed exhibits most of the properties needed for a mirror system for grasping. For a reaching task, the simplest visual feedback is some form of signal of the distance between object and hand. This may suffice for grabbing bananas, but for peeling a banana, feedback on the shape of the hand relative to the banana, as well as force feedback become crucial. We predict that the parameters needed for such visual feedback for grasp will look very much like those we specified explicitly for our MNS1 hand state.

We will model superior temporal sulcus (STS) and PF as providing crucial inputs for the premotor mirror system. The result will be a neural representation of the observed scene to be processed by other regions. The modeling will address available data, but also feed into the design of new experiments. For example, Jellema et al. (2000) found cells in anterior STS (STSa) which respond selectively to the sight of reaching but only when the agent performing the action is seen to be attending to the target position of the reaching. One cell population responds selectively to faces, eye gaze, and body posture, and they argue that subsets of these cells code for the direction of attention of others. A second cell population is selectively responsive to limb movement in certain directions. The responses of a subset of cells sensitive to limb movement are modulated by the direction of attention (indicated by head and body posture of the agent performing the action). The Parma group plans to record from monkey STS with multiple electrodes to understand better its organization (somatotopy, motor properties, movement vs. action).
 The recent findings from Parma on mirror-like neurons in area PF of parietal cortex (Fogassi et al., 1998) and the connection of this area with the mirror neuron region of area F5 (Matelli 1994) indicates an intimate relation between PF and F5 mirror neurons. We propose that PF mirror neurons provide crucial input for F5 mirror neurons. The similarity of STS and PF responses to active hands, combined with the connectivity pattern of superior temporal sulcus and area 7 makes the STS-PF circuit a plausible approximation to the primate hand shape-motion recognition circuit. Fogassi is studying the mouth field and will continue his PF studies.
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	Figure 6. The paired forward-inverse model view of the F5 grasp control circuit of Arbib and Rizzolatti (1997). The vertical path at right is the execution system from "view of object" via AIP and F5 to "grasp of object" ( it provides mechanisms for grasping a seen object. The loop on the left of the figure provides mechanisms for imitating observed gestures in such a way as to create expectations which enable the visual feedback loop to serve both for "social learning" (i.e., learning an action through imitation of the actions of others) and also for (delayed) error correction during, e.g., reaching towards a target. It combines the observation matching system (inverse model) from "view of gesture" via gesture description (STS) and gesture recognition (PF) to a representation of the "command" for such a gesture, and the expectation system (direct model) from an F5 command via the expectation neural network ENN to MP, the motor program for generating a given gesture. The latter path may mediate a comparison between "expected gesture" and "observed gesture" for the monkey’s self-generated movements.


Arbib and Rizzolatti (1997) gave an informal view of how the mirror system might be viewed as pairing a forward and inverse model (Figure 6). This approach was inspired by the work of Jordan and Rumelhart (1992) who proposed a "distal learning" scheme wherein the forward model (a neural circuit predicting the outcome of a given motor command) is trained first, and then the inverse model (a neural circuit computing the command required to achieve a desired outcome) is trained using the error that is propagated backward through the forward model. Leaving aside Arbib and Rizzolatti's interest in imitation for the present proposal, we now propose formal neural modeling to focus on the role of error correction in the development of the mirror system. This effort will take into account recent findings (Wolpert and Kawato, 1998; Haruno et al. 2001) suggesting the utility of multiple paired forward and inverse models in motor control ( it may be easier to combine controllers specialized for specific subtasks to meet the needs of a wide variety of tasks rather than to have a single super-complex controller which can handle every task directly. 

Our earlier model of the mirror neuron system, MNS1 actually modeled the forward model of Figure 6 where the output of visual processing trained the mirror neurons. For MNS1 we did not model the low level motor control and learning of the inverse model but used the Grasp Simulator to perform the desired grasp (the lower row of the figure). Now we propose to implement full learning in the forward model and inverse model with the sole goal of accomplishing grasp control. Then what we predict is that output units of the forward model will be armed with mirror property while the output units of the inverse model will attain the F5 canonical property. The muscimol study of Fogassi et al. (2001) strongly supports our proposal. The inactivation of mirror neurons does not abolish grasping but only slows down the actions. However, the inactivation of canonical neurons heavily degrades the grasping performance in terms of preshaping and orienting the hand. As can be seen in Figure 6, in the proposed model the inverse model generates motor programs, thus the destruction of this structure will abolish the motor output of the model while the destruction of the forward model will not have an effect in the short term. In the long term, assuming learning still continues, it will disrupt the inverse model by channeling wrong error signals. Just as we propose to analyze plasticity of the connections cIPS ( AIP, AIP ( F5, and F5 ( AIP in understanding the tuning of AIP to more accurately encode affordances for F5 canonical neurons, so too will we use the present study to better understand the tuning of STS and PF in providing input to the F5 mirror neurons. Implementation of the model will enable us to make more detailed predictions on the relation between F5 canonical and mirror neurons.

3.2 Recognition of Novel and Compound Actions and their Context

The modeling of development defined above emphasizes how the infant monkey builds a basic motor repertoire of reach-and-grasp actions and how the infant comes to recognize hand-object relations in other monkeys which signal similar actions. In the present section we propose models for the recognition of novel actions, presenting hypotheses for: (i) How a variant of a known action comes to be recognized. (ii) How a novel action may be recognized as a compound of (variants of) known actions. (iii) How actions are "understood". We argue that this will in general involve more than recognition of the action (movement + goal) in isolation, but will also involve recognition of the context in which the action occurs and expectations as to the consequences of that action.

The Pliers Experiment: Extending the Visual Vocabulary

When a monkey first watched the experimenter grasping a raisin with a pair of pliers, no mirror neurons discharged, but after several demonstrations, some of the previously silent neurons started to fire when the pliers were approaching the raisin (G. Rizzolatti, personal communication). We will analyze this as part of a more general study of how an action comes to be recognized when it is a variant of a known action. Experimental studies to date have emphasized the actions (both observed and executed) that are encoded by a single mirror neuron. However, many neurons are active for each type of grasp, and we thus argue that it is more appropriate to see a set of neurons providing a nuanced representation of a grasp rather than focusing on the very broadly tuned response of a single neuron. A key aspect of this modeling will thus be a focus on population coding which will be strongly linked with the increasing push of the Parma group to use multi-electrode recording. We expect to show that population coding is an emergent property from our modeling of development and learning in the mirror system ( that once one has a variety of grasps, cells will be more or less correlated with distinctive subsets of mirror neurons. We further predict that learning a variation on a movement can be done more efficiently by building on the population code for the original movement and others that have already been learned than by training dedicated "grandmother" cells, and we will model this phenomenon to provide explicit predictions. Building upon the pliers study, we will explore the hypothesis that the mirror system can (a) recognize an action as similar to a known action while (b) delivering a crude analysis of the difference between the observed motion and this approximation as the means for recognizing a new class of actions. Such capabilities should be facilitated by population coding in the mirror neuron system. The activity of the population will either indicate a confident recognition of an action or a representation of how different the action is from the ones in the action repertoire (i.e., departure from the projection onto the basis vectors formed by recognizable actions). The representation of this difference could lead to extension of the basis to accommodate novel features of the new action. In either case, we have to study what is a good representation, computationally and biologically, to give the system the flexibility that we observe in monkey mirror neurons. 
We have already noted in our discussion of the FARS model that our analysis of unpublished data "revealed that neurons … showed a variety of temporal relationships with different phases of the monkey's behavior." Our modeling will thus make predictions to be tested by timing studies in answer to questions such as: How soon after a movement has begun will a mirror neuron become active? Such temporal relations will be tested using proposed new features of NeuroBench to analyze Parma multi-electrode data for temporal patterns and for population coding across neurons. 

Grammont (Parma) has trained monkeys to grasp with tools. One of his tools (“escargot device”) grasps an object when the monkey opens the hand. The issue is whether the action is coded by F5 neurons in abstract terms (grasp) or in terms of movements when action and movements are in opposite directions. He will also examine the mirror properties of the tool-using monkey after tool learning. To model this, we must show how the brain develops an extended hand configuration representation which includes such extensions as a hand holding a tool. In particular, we must update visual input processing in our models. Although we had completed encouraging studies of the recognition of hand state from photographs of human hands (with colored patches to aid segmentation), our MNS1 work used a quasi-neural encoding of the positions of arms and hands relative to objects based on the hand state from the reach-grasp simulator as input. But this will not work for modeling the pliers experiment. Thus a subgoal of this work will be to develop a more generic vision system to recognize a hand holding a tool, and then combine this with affordance data to recognize extensions of hand configuration. It would be very useful to have a vision system that can work on real video data and extract the information required for the circuits we model, but modeling the actual biological circuitry (e.g., that of inferotemporal cortex) is in itself a major research project beyond the scope of the present proposal.. Nevertheless there are successful vision studies from which we can benefit and which can be adapted for useful integration with our models to obtain structurally complete systems. We plan to accomplish such a task using Arbib's collaboration with Dr. E.J. Holden and Professor Robyn Owens of the University of Western Australia who have worked on vision algorithms for the recognition of hand, head and lip movements (Holden et al., 1996, 2000; Holden and Owens, 2000, 2001). 

Recognition of Compounds of Known Movements

Our prior modeling of "compound actions" (see "Modeling Sequential Behavior") has focused on sequences of known actions, whether saccades or arm movements. Indeed, Byrne (in press) suggests that a novel action can be imitated (and so, a fortiori, recognized) by dissecting it into a string of simpler sequential parts that are already in the observer’s repertoire. Rizzolatti et al. (to appear) comment that Byrne's analysis "opens new empirical possibilities and may clarify why only humans and some species of primates appear to be able to imitate in the proper sense." However, Arbib (2000) has already observed that imitation is far more subtle than Byrne suggests. Figure 7 offers a stripped-down example of an alternative view of the recognition of novel actions. This open up even more "new empirical possibilities."
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	Figure 7. This diagram makes the point that the recognition of an action need not reduce to recognition of a sequence of familiar actions but may instead involve increasing success in approximation as details are attended to. In this case, the movement at top is first recognized as a linear movement from start to finish, then as a movement with a "bump" in the middle, and it is only after this second approximation has been learned that the loop can be properly attended to and recognized. The action is then recognized as a temporally coordinated superposition of movements, rather than a sequence of known actions.


We will extend our analysis of population coding of single actions to model learning and recognition of compounds. We will first extend our earlier work on the interaction of basal ganglia (BG) and supplementary motor area (SMA) working memory and sequences of movement (e.g., Dominey and Arbib, 1992; Bischoff-Grethe and Arbib, in preparation) to develop hypotheses on how BG and SMA interact with the mirror system so that temporal sequences ("the Byrne case") can be extracted, stored and learned. We will then generalize this approach to handle the recognition of novel actions that are formed as temporally coordinated superpositions, rather than sequences, of known actions. This modeling effort will provide a conceptual analysis that sets the stage for design of experiments several years in the future. "To see which is the best (or possible) solution in terms of modeling can help a lot in terms of future experiments" (Rizzolatti, personal communication). However, the model will contain components that will be richly constrained by available neurophysiological data (e.g., Tanji and Shima 1994; Tanji et al., 1996). We also note that our USC colleague Aude Billard has developed a learning mechanism for the recognition of variants and compounds of known movements in robots and humans (Billard, 2000a, b; Billard and Hayes, 1999; Billard and Mataric, 2000) so that comparison of our work on the monkey mirror system with her work on mechanisms of human imitation will enrich the research proposed here.

From Action Recognition to Understanding: Context and Expectation

In one Parma study of PF, 61 cells were responsive when the monkey observed biological actions, and 2/3 of these were also active during the monkey's own actions. However, about a quarter of these “PF mirror neurons” do not match observed actions to congruent executed actions. For example, a cell active for observation of downward motion of the hand when grasping an object may also be active during execution of grasping by mouth. At first this may seem counter to the notion of a mirror neuron but for us it sets the stage for a deeper analysis. It has often been said that mirror neurons are involved in "understanding" of actions, but for the present effort we stress that understanding will in general involve more than the recognition of an action in isolation, and may also involve some notion of "meaning", e.g., the context in which the action is appropriate and the expectations that such a behavior evokes. This relates to our earlier work on Schema-Based Learning (Corbacho, 1997). Thus where the previous Aim focused on the recognition of compound actions, the present Aim emphasizes the recognition of context and expectations, where, for example, recognition of one action may be seen as a preliminary for either doing something or predicting what the observed primate will do next (e.g., bringing food to the mouth to eat). The context and expectations set the stage for action recognition, action recognition modifies the context and expectations, and so on. This will let us explore the notion that mirror neurons can act as the basis for "understanding" if a given action can be placed in the context of its observed (in self and/or others) consequences.

The modeling here will build on recent work (Suri, Bargas and Arbib, 2001; Suri and Schultz 1999, 2001) to extend the Temporal Difference (TD) Model (Sutton and Barto 1998; Doya 1996, 1999) of reinforcement learning. It will also build on our earlier efforts relating the basal ganglia to various types of learning (Dominey, Arbib and Joseph, 1995). The TD Model reproduces reward-predictive aspects of dopaminergic activity (Apicella et al., 1992, Montague et al. 1996, Schultz et al. 1993, 1997) but, in contrast to the proposed modeling, cannot reproduce predictive neural activity discriminating between events. Such neural activity was reported in several studies (Hikosaka et al. 1989, Duhamel 1992, Kermadi and Joseph 1995, Watanabe 1996) relevant to the work proposed here. We also note the finding of Mauritz and Wise (1986) of neuronal activity in rhesus premotor cortex anticipating predictable environmental events, and of Romo and Schultz (1992) of the relation between basal ganglia and supplementary motor area in the internal generation of movements. Suri et al. (2001) showed that the capability for planning is improved by influences of dopamine on the durations of membrane potential fluctuations and by manipulations that prolong the reaction time of the model, suggesting that responses of dopamine neurons to conditioned stimuli contribute to sensorimotor reward learning, that novelty responses of dopamine neurons stimulate exploration, and that transient dopamine membrane effects are important for planning – all factors of relevance in explicating the role of basal ganglia in recognition of novel compound actions. In Model Predictive Control (Garcia et al., 1989), predictions for future sequences of control actions are computed and then the actions are selected which optimize the outcome. Showing how neural activity might reflect variables of such control algorithms will help to bridge the gap between these brain processes and well-known control algorithms.
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� The Parma group will also study imitation learning in humans, with the idea that the efferent copy of a movement activates STS (as shown by preliminary data with our HFSP colleague Iacoboni at UCLA), and that STS (and/or PF) compares the observed action with the efferent copy of the action, thus allowing the matching necessary to learn new actions. We will explore similar ideas in our analysis of the monkey data as a basis for work on human imitation under other funding.
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