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Abstract

Along this paper, we propose to model the learning process of the controller policy of a
humanoid joint using an already known model of cognition. A policy gradient reinforcement
learning method is used as optimization alternative to compute the function that commands the
behavior of a robot’s motor. The objective is to model the trial-by-trial evolution of the learning
and be able to observe its behavior, setting a starting point for the stability analysis of the
learning algorithm. In order to achieve it the problem has been split in two input/output models
related by a basis function. Dynamical system theory is used as alternative to create a cognition
model, instead of the traditional computational hypothesis where cognitive adaptive agents are
represented as a collection of logical instructions; this work focuses on the agent environment
interaction and the bodily and sensorimotor mechanisms underlying cognitive processes. A general
model is presented and a linear implementation of practical use formulated. As a demonstration,
the PID control policy of a simulated humanoid’s joint is learned and their evolution modeled.
The analysis of the results is developed from control system theory and machine learning points
of view.
Keywords : Reinforcement Learning, adaptive system, cognitive model, sensorimotor control.

1 Introduction

Cognitive science has two major approaches. For one side, researchers in this area try to model
cognitive processes of the human mind using mathematical tools, allowing to understand knowledge
internal procedures of the human brain. The second approach uses the study of cognitive systems for
purposes of engineering, seeking to create artificial systems that reliably exhibit some desired level
of cognitive performance or behavior. Here we propose a third alternative: Assume that the current
machine learning algorithms are artificial cognitive process, thus a model of it can be obtained. By
doing this the adaptive systems reveals additional characteristics and therefore a deeper (or at least
different) analysis can be performed.

Despite the success and proliferation of the use of learning algorithms in robotic control, the
adoption of these algorithms has been held back due to its lack of safety [6], stability conditions can
not be established a priori while the controllers are being computed i.e., during learning process.
Many stability proofs have been developed for specific online learning techniques, but restrictions are
immediately imposed to the complexity of the learning method. Here we change that perspective and
show an alternative that fits in the Artificial Intelligence philosophy : The learning algorithms can
be modeled as cognitive process and then stability conditions can be implemented very inside of it,
without modify its principles and original motivations.

Section 2 overviews the type of cognitive models, and points the importance of the dynamic system
as an alternative to handle cognition. Section 3 formulates the cognitive model for learning algorithms
that compute a joint controller, then, section 4 shows the use of the model in a specific Reinforcement
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Figure 1: Dynamic Sensorimotor Learning Model

Learning algorithm. Next, the method is implemented during the learning of the controller of a
simulated humanoid joint. Finally, conclusions are presented in section 6

2 Cognition Models

2.1 Overview

During the 60-70s, cognitive science and specially AI, grew up under the influence of an interpretation
of the computer metaphor for mind. Therefore, traditional approaches to modeling cognitive systems
are computational, using the standard tools and concepts of computation theory. However, recently a
number of researchers have argued that cognition is too ‘subtle’ or ‘complex’ for these tools to handle,
proposing as an alternative, dynamical systems theory. Opposed to the dominant computational
hypothesis claiming that cognitive agents are digital computers, the dynamical hypothesis claims that
cognitive agents are dynamical systems and they can be understood dynamically. Hence, much of
the nowadays work in embodied cognitive science is in some sense returning to its cybernetic roots,
focusing on agent-environment interaction and the bodily and sensorimotor mechanisms underlying
cognitive processes [1].

2.2 Modeling Human learning Process

Sensorimotor learning can be defined as an adaptive change in motor behavior in response to sensory
inputs. The work presented by Cheng and Sabes [2] defends the dynamical hypothesis, by modeling
the learning of a human-sensorimotor task as a linear dynamical system (LDS). They model the
sensorimotor transformation, F (·), as the input-output mapping between sensory signals and motor
outputs , and the sensorimotor learning, L(·), as the algorithm that directs the adaptation of that
mapping. Their idea of represent the output of a movement y, the input-output mapping of the
sensorimotor system F , and the learning process L is summarized by Eq. (1).

vt+1 = L(vt, wt, ηt) (1)
yt = F (vt, ut, γt)

The parameter vector v represents the state of the learning and links both models, as it has been
depicted in Fig.1. They concentrated in the search of the parameters for the linear model used to
represent the functions L and F . Since this model was originally conceived to characterize human-like
motor learning, very few of the parameters in both, sensorimotor system and learning process were
considered known a priori, therefore identification techniques were applied.

The system represented in (1) looks like a standard canonical input - states - output (w, v, y)
model, implying that the approximation made in [2] assumes that the sensorimotor transformation
F is not a dynamic system by itself. Nevertheless, and from a robotic control point of view, the
original parameterized model must be modified adding the internal dynamics of the mechanisms being
controlled, since the sensorimotor process could be, for instance, a multiple joint robot configuration
during a complex (even simple) task, where it is impossible to depreciate the internal dynamics of it.



3 General Formulation

The value of the model presented in [2] is that the trial-by-trial evolution of the learning can be
supervised. Here we are interested in modeling a mechanical motor system controlled by an adaptive
policy. Therefore, we have split the problem in two input-output models: one for the dynamics of
learning process and the other one for the dynamics of the controlled plant. These models are linked
by a basis function.

3.1 Focusing in the Model of the Learning Process.

Following the ideas of [2], a machine learning process can be modeled using :

vτ+1 = L(vτ , wτ ) (2)
sτ = J(vτ , wτ )

In the above discrete time dynamical system, the parameter vector vτ represent the internal state of
the learning at any step τ . The states evolve through trials, guided by an algorithm L which also
depends on an input vector wτ , that drives the learning. The output of the learning s depends on
the state vτ and the input vector wτ . Usually this late contains information about the motor plant
(x, u) and exogenous data r. The input of the adaptation algorithm is formalized using the following
function,

w = φ(x, u, r) (3)

The purpose of the new defined output variable sτ is to use it as a vector parameter of the basis
function:

hτ (x, t) = h(x, t, sτ ) (4)

This basis function will be used as a control policy for the motor system, therefore, it connects the
learning dynamical process with the motor control task; this also explains why it contains variables
of both.

From the learning process point of view, h is a parametric function, and the output of (2) fills
these parameters. In the other hand, and since the controlled process point of view, h is used as a
controller, i.e, a function that calculates the control action to be applied on it. This signal depends
on the internal states of the plant x and the time process. Note that variables x, t are not part of (2),
they belong to the controlled plant universe, so they do not affect the parameters update process at
all.

3.2 Facing the Motor System.

The system to be controlled is the dynamical continuous process described in (5),

ẋ = f(x, u) (5)
y = g(x, u, ζ)



This standard description includes the states of the plant x, the inputs u and a noise term ζ which
represents the combined effect of sensory, motor and processing variability. As mentioned in the
previous subsection, the system would be controlled by an adaptive policy, letting ,

u(t) = hτ (x, t) (6)

The framework defined by Equations (2) to (6) provides a general cognitive model of a sensorimotor
system controlled by an adaptive structure.

3.3 About the Time-Scale Of the Learning Model.

Parameter τ represents the trial step of the learning algorithm, and it is assumed that L does not ex-
plicitly depend on time. This stationary assumption allows linking its model with the one representing
the controlled plant.

Every sampling time τ , a new function hτ (x, t) will be used as a controller in the motor plant. A
straightforward question is when to take a new step τ + 1?.

Two time-frameworks are considered: Whether to calculate new parameters for the basis function
during the control loop process, either to wait until a final result when the settling or maximum
process time would be reached. The first represents the adaptive control point of view, in which every
single time step of the dynamical process the controller is changed [5],[6], the second one represents
a framework in which a learning algorithm is trying to find a controller for the motor focusing in the
accomplishment of an specific task [3],[4].

Many well known structures can be fitted in (6), like a simple gain , PID, RBFs, MLP, among
others; also many popular search strategies can be fitted in (2). Notice that the structure used to
control the plant is described by (4), and the algorithm that finds the parameters of such structure is
modeled by (2) and (3). An example has been depicted in Fig (??) for illustration purposes.

4 Cognitive Model of an Adaptive PID

The previous description is too general to be of practical use, therefore is necessary to determine the
equations of the motor and the methodology employed to learn the controller.

4.1 The Control Problem

The task at hands consists in to take the states of a simulated simple-robot system to a desired state
(x∗) without any ‘pre established’ restriction on the path taken by them to achieve it, i.e., tracking a
path is not the task, but reaching a final goal point. A ‘black box’ simulink model of the robot arm
is used as a plant, which lineal equations can be written down :

xp(t + 1) = Apx(t) + Bpu(t)
y = Cpx(t)

The states variables intended to be controlled, position and velocity xp = [θ, θ̇] , are supposed to be
directly readable (Cp = I) and not calculated using the input (Dp = 0), besides Bp ∈ <2 and up ∈ <.
As a controller a conventional discrete PID is employed,

u(t) = u(t− 1) + Kpe(t) + KI

t∑
j=1

e(j) + KD[e(t)− e(t− 1)]



Where e represents the error vector of the state variables, the state space representation of the PID
is given by,

xc(t + 1) = Acxc(t) + Bc∆u(t)
∆u(t) = Ccxc(t) + Dce(t)

The composite closed loop state space system can be written as:[
xp(t + 1)
xc(t + 1)

]
= Ad

[
xp(t)
xc(t)

]
+

[
BcDc

Bc

]
e(t) (7)

Elements of Ad are factor which contain Ap, Bp, Cp and Ac, Bc, Cc, Dc, this last containing the PID
gains κ = [KP KIKD].

4.2 Adaption Law

In order to measure the quality of the set of parameters selected to the controller κ(τ), lets consider
the cost function J to minimized as,

J(τ) =
1
2
[x(∞)∗ − x(∞)]2 =

1
2
e2(∞) (8)

Every time step τ , the algorithm updates the set of gains by the actualization rule,

θ(τ) = θ(τ − 1) + ηg(τ) (9)

where the vector g(τ) represents a search direction and the positive scalar η is the learning rate,
which determines the convergence speed. It is hopped that the cost functional J(τ) decreases at each
iteration,

J(τ + 1) < J(τ) (10)

To ensure this last condition, the update made in (9) should be,

g(τ) = ∇J(θ) (11)

To compute (11) the following chain rule is employed:

∂J

∂θi
=

∑
j

∂J

∂xj
· ∂xj

∂θi
(12)

It means that every learning step τ a new vector of parameters is calculated as a linear combination
of the previous ones plus an input g , which include the change in J respect to x(∞),

∂J

∂x(∞)
= −e(∞) (13)



Figure 2: Evolution of the learning states. & Robot output response to a step input.

4.3 Learning The PID

Once the model of both process have been established, a trial by trial interaction between the simulated
joint is proceed in order to approximate the unknown factors of Eq.(11). The action-perception process
empathize the cognitive motivation of the learning.

About the Time Framework. As described in section 2, the update of the parameters of (7) is
performed at the end of the task, i.e, τ will increase after the controller is tested. Therefore, it can be
easily view that the value of gτ is proportional to the last stationary error of the robot signals. Based
on this fact, the external input ri is interpreted as the desired final state of the position and velocity
for the robot arm. Two types of external input were used for θ, a step and a ramp, in both cases the
desired velocity was zero. i.e, positioning the robot arm.

5 Results.

5.1 Outputs.

Fig 2. shows the position and velocity behavior of the robot link using a fully learned controller. The
task of positioning the link in the desired value (θ = 30◦) with zero final velocity is accomplished.
This figure corresponds to a trial step τ = 100 , in which the parameters of (7) have converged. Fig
2. shows the evolution of the states , v , during the learning procedure. It can be observed how stable
states are reached, i.e., the task has been learned.

A similar simulation has also been performed using a ramp (slope = 1) as a reference. Even when
a ramp is inserted as input, the learning finds a controller that drives the robot to the desire state.
This example shows how the ’task-oriented’ framework differs from the ’path following’ one. The
behavior of the position signal through time is not a 45◦ ramp like the reference, but it accomplished
the ‘task’ imposed to it.

6 Conclusions

Much of the nowadays work in embodied cognitive science is in some sense returning to its cybernetic
roots, focusing on agent-environment interaction and the bodily and sensorimotor mechanisms under-
lying cognitive processes. Here we are interested in modeling a mechanical motor system controlled
by a learning algorithm; therefore the problem has been split in two dual input-output models related
by a basis function. The general formulation presented has been initially constrained to the all linear
case by using a linear learning function (the delta rule). The performed simulation on a one-link arm
robot has allowed relating the observed results with those of the use of a PID control structure. Only
initial results has been obtained on simulation, however the easy learning rule used will allows us to
theorize about learning, adaptation and, in this early stage, study its relation with PID control.



7 Work in Progress

Based on the previous analysis, learning schemes to find controllers that exploit the dynamics of
multiple joint robots are being studied. Humanoids, with multiple degrees of freedom and redundances,
developing coordinated 3-D tasks are the target of our current efforts.
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