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Abstract 
Humans are able to perform an unlimited repertoire of reaching 
movements with high accuracy. The skillfulness with which we 
carry out a giving reaching task suggests that there are 
fundamental control policies that allow us to move our body. In 
the current paper we examine how an adaptive reach policy can 
be established, using biologically inspired techniques. The 
developed model, after an initial imitation phase, can replicate 
any given trajectory with very good performance. 

Introduction 
Reaching is a demanding task, due to the difficulty that lies in 
the coordination and control of the high-dimensional 
kinematics of the arm. Despite this fact, primates are able to 
perform it quite effortlessly. To interface between the 
symbolic level, that everyday tasks are described, and the low 
level of motor coordination, the brain uses several 
intermediate stages of processing (Atkeson, 1989). The 
richness of human motor abilities suggests that these stages 
allow the adaptive control of our body, by generalizing motor 
knowledge to other tasks and directions of movement. Much 
of this ability to reach is acquired during the early 
developmental stages of imitation (Piaget, 1962), where 
infants learn to regulate and control their complex 
musculoskeletal system.  
Reaching motions have widely been studied in order to 
understand the brain structures that facilitate motor control. 
Research has revealed that the cerebral cortex uses several 
different cognitive processes to accomplish this goal, 
including kinematic (Atkeson, 1989) and dynamic (Soechting 
and Flanders, 1992) representations of movement, combined 
with forward and inverse models (Wolpert, 1997). To reduce 
the complexity of regulating all these processes, the brain 
makes use of modular structures (Ballard, 1986). Modularity 
is realized in various levels of the cognitive processing 
hierarchy and serves to hide the low level spinal system from 
the higher control centers of the cortex, allowing proper reuse 
of the motor knowledge. 
At the spinal level, converging evidence suggests that 
modularity is implemented by a pre-coded set of control 
modules known as primitives (Degallier and Ijspeert, 2010). 
This concept has received considerable attention in the field of 
engineering. From a mathematical perspective the method of 
primitives, or basis functions, is an attractive way to solve the 
complex nonlinear dynamic equations that are required for 
motor control. For this reason several models have been 
proposed, including the VITE model that describes a way to 
regulate sets of agonist and antagonist muscles to move the 
limb to a desired state or the FLETE model that consists of a 

fixed parameterized system of differential equations that 
produce basis motor commands (see Degallier and Ijspeert, 
2010 for a review). More recent studies in vertebrates suggest 
a force dependent encoding of motor primitives. For example 
experiments in paralyzed frogs revealed that limb postures are 
stored as convergent force fields (Bizzi et al, 1991). In 
(Gizster et al., 1993) the authors describe how such 
elementary basis fields can be used to replicate the motor 
control patterns of a given trajectory.  
To be able to reach adaptively, the agent must learn to 
manipulate its primitives using control policies that generalize 
across different behaviors. In the cerebral cortex one of the 
dominant themes used for learning is by receiving rewards 
from the environment. This paradigm, known as 
reinforcement learning in engineering, does not require an 
exact learning signal of the error but rather a scalar, 
temporally delayed, reward function (Barto, 1995). It is more 
consistent with the type of feedback provided to humans 
during learning, where exact information on the error is 
usually not available. An agent that learns based on 
reinforcement learning tries to find a policy that will 
maximize the probability of receiving immediate or future 
rewards.  
In the current paper we investigate how a simulated agent can 
learn an adaptive reaching policy using methods inspired from 
biological systems. To accomplish the low level motor control 
we employ the notion of force fields to design higher order 
primitives, i.e. motor programs that facilitate the synergetic 
control of multiple joints. Learning is implemented by 
modeling the circuitry of the dopaminergic neurons that are 
responsible for the perception of rewards in the cerebral 
cortex, and using it to form an adaptive control policy for 
reaching.  
The proposed model consists of several interconnected 
regions. The roles of these regions are derived based on 
evidence from imaging and lesion studies that describe their 
cognitive functions. To implement the modularity at the 
cortical level we break down the whole system into pathways, 
i.e. sets of inter-dependent regions that carry out a specific 
process (Hourdakis and Trahanias, 2009). The computational 
areas in each pathway are modeled using liquid state machines 
(LSMs, Maass et al, 2002). LSMs consist an alternative to the 
traditional finite-state machine methods for brain modeling. 
Their difference lies in that they do not require any 
convergence to attractor states. Moreover, they are consistent 
with the homogenity inherent in the cortical regions where 
different processing functions are carried out by similar 
structures (Mountcastle, 1978). To accomplish this dynamic 
form of processing, LSMs perturb neuronal populations using 
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continuous or discrete input signals. A large variety of 
functions can be learned from this perturbation using readout 
neurons, i.e. neurons implemented with traditionally 
supervised learning methods. Recently it has been shown that 
LSMs can carry out any computation with fading memory, 
provided that the properties of separation and approximation 
are fulfilled (Mass et al 2002; Hourdakis and Trahanias, 
2011).  
In the following sections we describe the development and 
evaluation of a reaching model that is inspired by the 
aforementioned cortical processes. We begin by examining 
the biological evidence that underpins the model, and continue 
to describe the implementation of the model and its 
evaluation. 

Computational Model 

Cortical model 
The central nervous system performs reaching by 
transforming sequential target locations into muscle 
commands that move the hand to a desired state (Soechting 
and Flanders, 1992). To relate the intrinsic proprioceptive 
state of the agent to extrinsic behavioral goals, such as the 
points in a trajectory, a forward transformation must be 
learned (Wolpert, 1997). Anatomical evidence from imaging 
studies suggest that the cerebral cortex learns such 
transformations using supervised learning (Doya, 1999). The 
forward model is implemented in the connections of the 
primary somatosensory cortex, where the proprioceptive state 
of the arm is encoded (Sergio and Kalaska, 2003), to the 
parietal lobe, which is responsible for state estimation. After 
the behavioral goals have been established, using the forward 
model and perception, reaching can be accomplished by the 
adaptive control of primitives. Data from animal lesions and 
human studies (Sakai et al, 1998) suggest that the basal 
ganglia are one of the main regions involved in learning 
sequential movements. This is accomplished by processing 
the rewards of the environment, which in the brain are evident 
from the secretion of dopamine, in order to gate motor 
programs (Thach et al, 2000). Learning of new motor policies 
is implemented in the projections of the basal ganglia with 
regions of the prefrontal cortex, where segments of motor acts 
are encoded (Jeannerod et al., 1995), and primary motor 
cortex, where the neurons’ activity is strongly correlated to 
the level of activation of individual muscles (Todorov, 2000). 
Finally, lower level control is mediated by the connections of 
the primary motor cortex to the spinal cord (Dum and Strick, 
1991).  
To model the interaction between the sensori and motor 
systems in the cerebral cortex we use the notion of pathways 
(Hourdakis and Trahanias, 2009). Each pathway implements a 
distinct cognitive function and is defined by two factors: (i) 
the regions that participate in its processing and (ii) the 
directionality of the information as it progresses the levels of 
the cognitive hierarchy. This type of abstraction helps to 
identify and describe at a computational level how cognitive 
functions are carried out neuraly. As a result development of 

the model becomes a two stage process; first individual 
cognitive functions are designed, and then integrated together 
in order to achieve the required behavioral tasks. The 
modularity induced by pathways allows us to overcome 
traditional problems with large scale distributed architectures, 
such as cross talk. This type of modular approach provides 
important benefits in computational modeling since it allows 
identifying how the complex processes that exist in biological 
systems can be modeled with computational principles. 
To design a reaching model, we identify three different 
pathways: (i) motor control, (ii) reward assignment and (iii) 
forward model. These are displayed in the following figure, 
where each pathway is marked with a different color. 

 
Fig. 1. The complete layout of our model with the three 
pathways, motor (blue), reward assignment (green) and 
forward model (purple). 

Motor control (marked in blue) is responsible for the encoding 
of the primitive model. It includes regions Sc, where a set of 
basis primitives are hardwired, MI, where the basis modules 
are combined into higher order control modules and F5, where 
the higher order control modules are synthesized based on an 
adaptive reaching control policy. The latter is learned 
implicitly through the reward assignment pathway (marked in 
green). Finally the forward transformation of the body- 
centered state of the agent is accomplished in the forward 
(marked in blue) pathway. In the proposed model there is also 
an additional visual perception pathway that handles the 
perception of the trajectory. However, due to space 
constraints, in the current paper we assume that the trajectory 
is given to the agent as a series of consecutive points. In the 
following sections we describe the mathematical framework 
that underpins our model, as well as the implementation of 
each pathway. 

Arm control 
To model the effect that the torques have on the joints of the 
robot we use established laws from control theory (Paul, 
1981). The second order kinematics of the robot hand are 
modeled using the following equation: 

𝐷(𝑞, 𝑞̇, 𝑞̈) = 𝐻(𝑞)𝑞̈ + 𝐶(𝑞, 𝑞̇)𝑞̇   (1) 



where 𝐷 is the controller that produces the torques that must 
be applied on the joints of the robot given its state 𝑞, and its 
first and second order derivatives, 𝑞̇ and 𝑞̈ respectively. 𝐻 is 
the joint-space inertia matrix and 𝐶 describes the Coriolis and 
centripetal effects from the joint movement. Eq. 1 can be 
extended with additional terms such as the viscocity of the 
joints or the gravity loading of the plant. In the current paper, 
we applied the model on a simulated frictionless two-link 
plant, and therefore we didn’t include these parameters. 
The aim of the computational model is to derive the 
appropriate local control laws that will allow the plant to 
reach towards any location. In practice we look for a control 
policy that will map the state vector of the robot to a control 
vector from the computational model in a way that minimizes 
the error of reaching. Degallier and Ijspeert (Degallier and 
Ijspeert, 2010), suggested that such a control policy 𝜋 can be 
defined as:  

𝑣 = 𝜋(𝑞, 𝑡,𝑎)   (2) 

where 𝑣 are the joint torques that will be applied to the robot, 
𝑞 is the state space vector, 𝑡 stands for time and 𝑎 is the 
parameterization of the computational model. 
The output of our model is the signal produced by the spinal 
cord circuit. In a biological agent the torques produced would 
be applied to the hand and result in movement. However since 
we use a simulated agent we find the second order kinematics 
of the hand by integrating eq. 1 and solving against the 
acceleration: 

𝑞̈ = 𝐻(𝑞)−1�𝜏𝑝 − 𝐶(𝑞, 𝑞̇)𝑞̇�   (3) 

The next configuration state of the robot is calculated using 
the acceleration 𝑞̈ from the equation above, were 𝐻, 𝐶, 𝑞 and 
𝑞̇ are as in eq. 1. The goal of the computational model is to 
produce the appropriate 𝜏𝑝 vector of joint torques that will 
enable the agent to perform reaching. 
To evaluate the proposed model we use a simulated two-link 
planar arm. Control is accomplished by applying torques to 
the elbow and shoulder joints respectively. Therefore in the 
presented simulations the 𝜏𝑝 vector is two dimensional. 

Forward model pathway 
One of the main transformations that takes place during 
reaching is the cognitive implementation of a forward model 
(Wolpert, 1997). In the current paper, the forward model is 
implemented in the regions of the somatosensory and parietal 
lobe, and allows the agent to approximate the end point 
position of its hand using the proprioceptive input from the 
spinal cord. 
To accomplish this we have designed the SI network to 
encode the proprioceptive state of the agent using population 
codes. This is inspired from the local receptive fields that exist 
in this region and the somatotopic organization of the SI 
(Kaas et al., 1979). Population codes assume a fixed tuning 
profile of the neuron, and therefore can provide a consistent 
representation of the encoded variable. To learn the forward 
transformation we train a feedforward neural network in the 
SPL region that learns to transform the state of the plant to a 
Cartesian x, y coordinate. 

Motor pathway 
Due to the high nonlinearity and dimensionality that is 
inherent in controlling the arm, devising an appropriate policy 
for learning to reach can be quite demanding. In the current 
paper this policy is established upon a few higher order 
primitives, i.e. self-organized spinal circuits that coordinate 
elementary motor behaviors. It turns out that, in the adopted 
planar arm, in order to perform any reaching behavior, only 
four higher order primitives are required namely up, down, 
left and right (Fig. 2). In humans such modules are formed 
during the first stages of the vertebrate motor development. 
In order to make the agent generalize motor knowledge to 
different domains, the primitive model must be consistent 
with two properties: (i) superposition, i.e. the ability to 
combine different basis modules together and (ii) invariance, 
so that it can be scaled appropriately. Primitives based on 
force fields satisfy these properties (Gizster et al, 1993). As a 
result by weighting and summing the four higher order 
primitives shown in Fig. 2 we can produce any motor pattern 
required. 

 
Fig. 2. The higher order primitive model proposed. The four 
plots show the force map of the primitive, i.e. the forces that 
are applied to the end position of the limb when the 
corresponding primitive is active. In the current model we use 
four different modules, namely up, down, left and right. 

The higher order primitives are composed from a set of basis 
torque fields, implemented in the Sc module. By deriving the 
force fields using basis torque fields, the primitive model 
creates a direct mapping between the state space of the robot 
(i.e. joint values and torques) and the Cartesian space that the 
trajectory must be planned in (i.e. forces and Cartesian 
positions), resembling the way motions are processed by 
humans. We first define each torque field in the workspace of 
the robot, and then transform it to its corresponding force 
field. Each torque field is described by a Gaussian 
multivariate potential function: 

𝐺�𝑞, 𝑞0𝑖 � = −𝑒
�
�𝑞−𝑞0𝑖 �

𝑇
𝐾𝑖�𝑞−𝑞0𝑖 �
2 �

   (4) 

where 𝑞0𝑖  is the equilibrium configuration of each torque field, 
q is the robot’s angle and 𝐾𝑖  a stiffness matrix. The torque 



applied by the field is derived using the gradient of the 
potential function: 

𝜏𝜄(𝑞) = ∇𝐺�𝑞, 𝑞0𝑖 � = 𝐾𝑖�𝑞 − 𝑞0𝑖 �𝐺�𝑞, 𝑞0𝑖 �   (5) 

Previous research has indicated that in order to achieve 
stability, two types of primitives must be defined: discrete and 
rotational (Degallier and Ijspeert, 2010). The rotational 
primitives are harmonic oscillators associated with a joint. 
The discrete ones apply a force on the hand based on a shaped 
valley with different equilibrium points. To ensure good 
convergence properties we have used 9 discrete and 9 
rotational basis torque fields, spread throughout different 
locations of the robot’s workspace (Fig. 3). These are 
generated from eq. 5 using different stiffness matrices. To 
generate the discrete torque fields (left block in Fig. 3) we use 
a semi-definite skew symmetric matrix  𝐾𝑑𝑖𝑠𝑐, while to 
generate the rotational fields we use a rotation matrix,  𝐾𝑟𝑜𝑡. 

 
Fig. 3. Nine basis discrete (left block) and rotational fields 
(right block) scattered along the –π..π configuration space of 
the robot. On each subplot the x axis represents the elbow 
angle of the robot while the y axis represents the shoulder 
angle. The two stiffness matrices used to generate the fields 
are Kdisc  =  �−0.672 0

0 −0.908� and  Krot  =  � 0 1
−1 0�. 

Each plot in Fig. 3 shows the gradient of each torque field. 
The axes correspond to the   𝑞1,𝑞2 joint values of the robot’s 
hand. Since we want the model of higher order primitives to 
be based on the forces that act on the end point of the limb, we 
need to derive the appropriate torque to force transformation. 
To accomplish this we convert a torque field to its 
corresponding force field using the following equation: 

𝜑 = 𝐽𝑇 ∗ 𝜏   (6) 

In eq. 6, 𝜏 is the torque produced by a torque field while 𝜑 is 
the corresponding force that will be acted to the end point of 
the plant if the torques are applied. 𝐽 is the robot’s Jacobian. 
In the current implementation where the plant is located in a 2 
dimensional workspace, the 6x3 Jacobian matrix can be 
constrained to a 2x2 matrix as: 

𝐽 = �−𝑙1 ∗ sin(𝑞1) + 𝑙2 ∗ sin(𝑞1 + 𝑞2) −𝑙2 ∗ sin(𝑞1 + 𝑞2)
𝑙1 ∗ cos(𝑞1) + 𝑙2 ∗ cos(𝑞1 + 𝑞2) 𝑙2 ∗ cos(𝑞1 + 𝑞2) � (7) 

Each higher order force field from Fig. 2 is composed by 
summing and weighting the basis force fields from eq. 6. To 
find the weight coefficients, we form a system of 𝑁 linear 

equations by sampling 𝑀 vectors 𝑃 from the robot’s 
operational space, for all 𝐵 basis force fields.  

�
𝜑11(𝑥1) ⋯ 𝜑1𝐵(𝑥1)

⋮ ⋱ ⋮
𝜑11(𝑥𝑀) ⋯ 𝜑1𝐵(𝑥𝑀)

� �
𝑎1
⋮
𝑎𝑀
� = �

𝑃11
⋮
𝑃2𝑀

�    (8) 

Each higher order force field is formed by summing and 
scaling the basis order force fields with the weight 
coefficients 𝑎. The vector 𝑎 is obtained from the least squares 
solution to the problem:  

𝛷 ∗ 𝛼 = 𝑃   (9) 
In the results section we show the force fields that are 
produced by solving the system in eq. 9, as well as how the 
plant moves in response to a higher order force field. 

Reward assignment pathway 
One of the main methods of primate learning is by obtaining 
rewards from the environment. In the cerebral cortex, reward 
is associated with the secretion of dopamine, where 
approximately 80% of the dopaminergic neurons exist in the 
basal ganglia. One of the properties of these neurons is that 
they start firing when a reward is first presented to the 
primate, but suppress their response with repeated 
presentations of the same reward stimulus. At this convergent 
phase, the neurons start responding to stimuli that predicts a 
reinforcement, i.e. events in the near past that have occurred 
before the presentation of the reward. 
In the early nineties, Barto (Barto, 1995) suggested an actor-
critic architecture that was able to facilitate learning based on 
the properties of the basal ganglia. This architecture gave 
inspiration to several models that focused on replicating the 
properties of the dopamine neurons (see Joel et al., 2002 for a 
review). In the current paper we propose an implementation 
based on liquid state machines, and demonstrate how the 
interactions of this region with other neural networks of the 
brain can be modeled. The proposed implementation follows 
the actor-critic architecture and is shown in Fig. 4. 

 
Fig. 4. The liquid state machine implementation of the actor-
critic architecture. Each liquid column is implemented using a 
liquid state machine with feedforward delayed synapses. The 
critics are linear neurons, while the readouts are implemented 
using linear regression. On the top right of the figure (colored 
with green), we show how the actor-critic architecture is 
mapped on the model of Fig. 1. 



The Critic neurons (𝑃1,𝑃2,𝑃3) model the dopamine neurons 
in the basal ganglia. Their role is to learn to predict the reward 
that will be delivered to the agent in the near future. The 
𝐴1,𝐴2,𝐴3 neurons learn based on the signal emitted by the 
Critic neurons. To model them in the current implementation 
we use a set of linear neurons. The liquid columns in Fig. 4 
encode the input to the basal ganglia circuit. 
To implement the neurons in each liquid column we use the 
leaky integrate and fire neuron model: 

𝜏𝑚
𝑑𝑉𝑚
𝑑𝑡

= −(𝑉𝑚 − 𝑉𝑟𝑒𝑠𝑡) + 𝑅𝑚 ∗ �𝐼𝑠𝑦𝑛(𝑡) + 𝐼𝑖𝑛𝑗𝑒𝑐𝑡 + 𝐼𝑛𝑜𝑖𝑠𝑒�  (10) 

where 𝑉𝑚 is the membrane voltage, 𝜏𝑚 = 𝐶𝑚 ∗ 𝑅𝑚 is the 
membrane time constant, 𝑅𝑚 is the membrane resistance, 𝐶𝑚 
is the resistor capacitance, 𝐼𝑖𝑛𝑗𝑒𝑐𝑡  is a constant current injected 
to the neuron and 𝐼𝑛𝑜𝑖𝑠𝑒 a Gaussian random variable with zero 
mean and a small variance noise. After the emission of a 
spike, the membrane potential is reset to its resting 
value 𝑉𝑟𝑒𝑠𝑡. 𝐼𝑠𝑦𝑛(𝑡) is the incoming current from the 
presynaptic neurons.  
The connections between the neurons in the liquid are 
implemented using a model of dynamic synapses (Markram et 
al., 1998). The post-synaptic potential (𝑃𝑆𝑃) of each neuron 
is transferred to its efferent based on the following equations: 

𝑃𝑆𝑃𝑛 = 𝐿 ∗ 𝑅𝑛 ∗ 𝑢𝑛   (11) 

𝑢𝑛+1 = 𝑢𝑛 ∗ 𝑒
�− 𝛥𝑡

𝜏𝑓𝑎𝑐𝑖𝑙
�

+ 𝑈 ∗ �1 − 𝑢𝑛 ∗ 𝑒
�− 𝛥𝑡

𝜏𝑓𝑎𝑐𝑖𝑙
�
�    (12) 

𝑅𝑛+1 = 𝑅𝑛(1 − 𝑢𝑛+1) ∗ 𝑒�−
𝛥𝑡
𝜏𝑟𝑒𝑐

� + 1 − 𝑒�−
𝛥𝑡
𝜏𝑟𝑒𝑐

�   (13) 

The maximum output of the synapse is governed by the 
absolute synaptic efficacy 𝐿. The change of the efficacy is 
determined using the variables 𝑢𝑛 and 𝑅𝑛, which are 
calculated according to eqs. 12 and 13. 𝑢𝑛 defines the 
utilization of the synaptic efficacy which decays exponentially 
based on the 𝜏𝑓𝑎𝑐𝑖𝑙  parameter to its resting value 𝑈. 𝑅𝑛 is the 
fraction of available synaptic efficacy and defines the strength 
of the 𝑃𝑆𝑃𝑛 at a given spike. It reduces due to the arrival of 
new spikes and recovers exponentially according to the 𝜏𝑟𝑒𝑐 
parameter.  
The actors, i.e. the cortical region that learns based on the 
predicted rewards of the critics is implemented using a set of 
linear regression readouts that are trained to output a firing 
rate proportional to the sum of firing rates of each liquid 
column. Input from different sources is modeled as a set of 
rate code neurons that each projects to a separate liquid 
column using linear synapses with zero delay. 
To implement the synapses between the liquid columns and 
the 𝑃, 𝐴 neurons, we use the imminence weighting scheme 
(Barto, 1995). In this setup, the critic must learn to predict the 
reward of the environment using the weighted sum of past 
rewards: 

𝑃𝑡 = 𝑟𝑡+1 + 𝛾𝑟𝑡+2 + 𝛾2𝑟𝑡+3 + ⋯+ 𝛾𝑡𝑟1   (14) 

where the factor 𝛾 represents the weight importance of 
predictions in the past and 𝑟𝑡  is the reward received from the 
environment at time t. To teach the critics to output the 

prediction of eq. 14 we update their weights using gradient 
learning, by incorporating the prediction from the previous 
step: 

𝑣𝑡𝑐 = 𝑣𝑡−1𝑐 + 𝑛[𝑟𝑡 + 𝛾𝑃𝑡 − 𝑃𝑡−1]𝑥𝑡−1𝑐    (15) 

where 𝑣𝑡𝑐 is the weight of the Critic at time 𝑡, n is the learning 
rate and 𝑥𝑡𝑐 is the activation of the critic at time t. The 
parameters 𝛾, 𝑃 and 𝑟 are as in eq. 14. The weights of the 
actor are updated according to prediction signal emitted by the 
critic: 

𝑣𝑡𝑎 = 𝑣𝑡−1𝑎 + 𝑛[𝑟𝑡 − 𝑃𝑡−1]𝑥𝑡−1𝑎    (16) 

where 𝑣𝑡𝑎 is the weight of the Actor at time 𝑡, n is the learning 
rate and 𝑥𝑡−1𝑎  is the activation of the actor at time t-1.  In the 
results section we demonstrate how the output of the Critic 
neurons approximates the response properties of the dopamine 
cells discussed above, as well as how the actor neurons learn 
to control the higher order primitive model. 

Policy learning 
Based on the higher order primitives and reward subsystems 
described above, the problem of reaching can be solved by 
searching for a policy that will produce the appropriate joint 
torques to reduce the error: 

𝑞𝑒 = 𝑞� − 𝑞   (17) 

where 𝑞� is the desired state of the plant and 𝑞 is its current 
state. In practice we do not know the exact value of this error 
since the agent has only information regarding the end point 
position of its hand and the trajectory that it must follow in 
Cartesian coordinates. However because our higher order 
primitive model is defined in Cartesian space, minimizing this 
error is equivalent to minimizing the distance of the plant’s 
end point location with the nearest point in the trajectory: 

𝑑𝑒 = |𝑙 − 𝑡|   (18) 

where 𝑙 and 𝑡 are the Cartesian coordinates of the hand and 
point in the trajectory, respectively. The transformation from 
eq. 17 to eq. 18 is inherently encoded in the higher order 
primitives discussed before. 
From the output of the forward model we obtain the end point 
Cartesian location of the hand, while from the demonstrator 
we obtain the point in the trajectory that must be reached. 
These are injected as rate codes into a liquid state machine, 
where a readout neuron is taught to estimate the subtraction of 
the two input rates using a feedforward neural network.  
The policy is learned based on two elements: (i) decide which 
higher order primitive force fields will be activated, and (ii) 
determine each one’s weight. The output of the actor neurons 
described in the previous section implement the activation of 
the canonical neurons in the F5 premotor cortex which are 
responsible for gating the higher order primitives. Due to the 
binary output of the actor neurons, when a certain actor is not 
firing then its corresponding force field will not be activated. 
In contrast when an actor is firing, its associated force field is 
scaled using the output of the subtraction readouts, mentioned 
above, and added to compose the final movement. 



To teach the actors the local control law, we use a square 
trajectory shown in Fig. 5, which consists of eight consecutive 
points 𝑝1. . 𝑝8. The agent is taught the trajectory backwards, 
i.e. starting from the final location (𝑝8) in four blocks. Each 
block contains the whole repertoire of movements up to that 
point. Therefore in the first block the actor learns to perform 
the left motion. Whenever it finishes a trial successfully, the 
actor is delivered a binary reward, and moves to the next 
phase which includes the movement it just learned and a new 
behavior. 

 
Fig. 5. The initial trajectory used to train the robot. It consists 
of 8 points that form 4 perpendicular vectors in four different 
directions (up, right, down, left).  

Reward is delivered only when all movements in a block have 
been executed successfully. Therefore, the agent learns to 
activate the correct force field primitives using the prediction 
signal from the Critic neurons in Fig. 4. The final torque that 
is applied on each joint is the linear summation of the scaled 
higher order primitives: 

𝜏𝑝 
=    �𝑥𝑒,1 ∗ (𝐽−1)𝑇 ∗ 𝜑𝑢𝑝�𝑎𝑐𝑡1            
+    �𝑥𝑒,2 ∗ (𝐽−1)𝑇 ∗ 𝜑𝑑𝑜𝑤𝑛�𝑎𝑐𝑡2      
+    � 𝑥𝑒,3 ∗ (𝐽−1)𝑇 ∗ 𝜑𝑟𝑖𝑔ℎ𝑡�𝑎𝑐𝑡3
+    �𝑥𝑒,4 ∗ (𝐽−1)𝑇 ∗ 𝜑𝑙𝑒𝑓𝑡�𝑎𝑐𝑡4      (19) 

where 𝑥𝑒,𝑖 is the output from the neural network distance 
readout, while [ ]𝑎𝑐𝑡 is an operator that includes each force 
field in eq. 19 only if the corresponding actor from the basal 
ganglia module is active. 𝜑 is obtained from eq. 6 for each 
higher order force field, and 𝐽 from eq. 7. 

Results 
In the current section we present the results of the proposed 
model. We focus on the training of each pathway, as well as 
the model’s ability to follow various different trajectories.  
The first result we consider is the convergence of the least 
squares solution for the system of linear equations in eq. 9. 
Figure 6 presents the solution for the “up” higher order 
primitive, where it is evident that the least squares algorithm 
has converged to a good result. The three subplots at the 
bottom illustrate how the hand moves towards the “up” 
direction when this force field is active. Similar solutions 
were obtained for the other three primitives, where the least 
squares solution converged to 7 (left), 2 (right) and 5 (down) 

errors (the error represents the average deviation of the 
vectors in a field from the correct direction of the force).  

 
Fig. 6. The force field (upper left subplot) and torque field 
(upper right subplot) as converged by the least squares 
solution for the “up” primitive. The three subplots at the 
bottom show how the hand moves when the primitive is 
active. 

The policy for reaching was learned during the initial 
imitation phase described previously. During this phase the 
robot performed the training trajectory, and was delivered a 
binary reinforcement signal upon successful completion of a 
whole trial. 
Since the reward signal was only delivered at the end of the 
trial, the agent relied on the prediction of the reward signal 
elicited by the critic. In the following we look more 
thoroughly on the response properties of the simulated 
dopaminergic critic neurons and how the actors learned to 
activate each force field accordingly based on this signal. 
Figure 7 illustrates how the critic neurons of the model 
learned to predict the forthcoming of a reward during training. 
In the first subplot (first successful trial) when reward is 
delivered at t=4, the prediction of the 1st critic is high, to 
indicate the presence of the reward at that time step. After the 
first 10 successful trials (Fig. 7, subplot 2), events that precede 
the presentation of the reward (t=3) start eliciting some small 
prediction signal. This effect is more evident in the third and 
fourth subplots where the prediction signal is even higher at 
t=3 and starts responding at t=2 as well. 

 
Fig. 7. The prediction signal emitted by the critic component 
of the model during the initial stages of the training (subplot 
1), after 10 trials (subplot 2), after 20 trials (subplot 3) and 
after 30 trials (subplot 4). 

The effects of this association are more evident in Fig. 8, 
where it is shown that, after training, even though rewards are 
not available in the environment, the neurons start firing 
because they predict the presence of a reward in the 
subsequent steps. Using the output of this prediction signal, 



the actor, i.e. in the case of the model the F5 premotor neurons 
that activate the force fields in the MI, forms its weights in 
order to perform the required reaching actions. 

 
Fig. 8. The actual reward signal given to the robot at the end 
of a successful trial (upper subplot), and the reward predicted 
by the critic component after training (bottom subplot). The x-
axis represents the 100ms time blocks of the simulation while 
the y-axis the values of the reward and prediction signals 
respectively. 

The second part of the policy is for the model to learn to 
derive the distance of the end effector location from the 
current point in the trajectory. This is accomplished by 
projecting the output from the forward model and perception 
pathways in an LSM and using a readout neuron to calculate 
their subtraction. Having run several different simulations we 
found that to shape the liquid dynamics and learn this 
transformation the dynamic synapses must have delays of 
approximately 10ms. Since our model resolution was set to 
100ms, we averaged the output of the readout neuron over the 
10 steps of the simulation. In Fig. 9, we illustrate two sample 
signals as input to the liquid (top subplot), the output of the 
readout neuron in the 10ms resolution (middle subplot) and 
the averaged over the 100ms of simulation time output of the 
readout neuron (bottom subplot).  

 
Fig. 9. The output of the distance LSM after training. The top 
plot illustrates two sample input signals of 5.5 seconds 
duration. The bottom two plots show the output of the neural 
network readout used to learn the subtraction function from 
the liquid (middle plot), and how this output is averaged using 
a 100ms window (bottom plot).  
 
The whole simulation trial lasted 5.5 seconds. As the results 
show the liquid was able to extract the distance information 
with a good accuracy. Due to the local control laws used to 
implement the reaching policy, any small errors in the 
computation of distance are actually compensated in later 
steps.  

Having established that the individual pathways/components 
of the proposed model operate successfully, we now turn our 
attention to the performance of the model in various reaching 
tasks. We note here that the model wasn’t trained to perform 
any of the given reaching tasks, apart from the initial 
training/imitation period at the beginning of the experiments, 
shown in Fig. 5. After this stage the model was only given a 
set of points in a trajectory and followed them with very good 
performance. The first three trajectories we tested were 
variations of a straight line motion. 

 
Fig. 10. Three trajectories shown to the robot (red points) and 
the trajectory produced by the robot (blue points). Numbers 
mark the sequence with which the points were presented. 

As Fig. 10 shows the agent was able to follow all three 
trajectories quite precisely. The average normalized deviation 
of the agent’s position from the points of the trajectory was 
0.03 which shows that the resulting performance was 
satisfactory.  
In order to evaluate further the performance of the model we 
used two more complex trajectories. The first required the 
robot to reach towards various random locations spread in the 
robot’s workspace (Fig. 11, Trajectory 1) while the second 
complex trajectory required the robot to perform a circular 
motion in a cone shaped trajectory (Fig. 11, Trajectory 2). 
Figure 11 illustrates how the aforementioned trajectories were 
followed by the robot. 

 
Fig. 11. Two complex trajectories shown to the robot (red 
points) and the trajectories produced by the robot (blue 
points). Numbers mark the sequence with which the points 
were presented.  

To evaluate the performance of the model on any given path 
we created 100 random trajectories and tested whether the 
agent was able to follow them. Each of these random 
movements was generated by first creating a straight line 
trajectory (Fig. 12, left plot) and then randomizing the 
location of 2, 3 or 4 of its points; an example is illustrated in 
Fig. 12, right plot. The error was calculated by summing the 
overall deviation of the agent’s movement from the points in 
the trajectory for all the entries in the dataset. The results 
indicate that the agent was able to follow all trajectories with 
an average error of 2%. This suggests that the selected model 
can confront with high accuracy any reaching task. 



 
Fig. 12. The template used to generate the random test set of 
100 trajectories (left plot) and a random trajectory generated 
from this template (right plot). 

Conclusion 
One of the important aspects of human skills is the ability to 
generalize knowledge to different domains and tasks. Using 
modularity and principles from neuroscience, in the current 
paper we investigated how adaptive learning skills can be 
acquired in a simulated agent that performs reaching tasks. 
One of the extensions that we plan for the presented model is 
to investigate how the primitive model can be designed to be 
adaptive, i.e. allow the agent to match the control of 
primitives to the properties of its body. In addition we will 
extend the current 2D plant model to its 3D equivalent by 
adjusting the equations of the Jacobian and primitive model. 
Moreover, we plan to investigate the role of the cerebellum in 
reaching movements, and its involvement in providing 
corrective feedback in respect to the global error of 
movement. Finally one of the important additions that we plan 
to investigate is how the agent developed in the current paper 
can be used during observational learning, i.e. improve its 
performance in reaching tasks without using its body. This 
extended model will be used to evaluate certain hypotheses 
regarding whether learning can be implemented in primates 
during observation.  
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