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Abstract

Despite recent successes in control theoretical programs
for limb control, behavior-based cognitive approaches
for control are somewhat lacking behind. Insights in
psychology and neuroscience suggest that the most
important ingredients for a successful developmental
approach to control are anticipatory mechanisms and
hierarchical structures. Anticipatory mechanisms are
beneficial in handling noisy sensors, bridging sensory
delays, and directing attention and action processing
capacities. Moreover, action selection may be imme-
diate using inverse modeling techniques. Hierarchies
enable anticipatory influences on multiple levels of ab-
straction in time and space. This paper provides an
overview over recent insights in anticipatory, hierarchi-
cal, cognitive behavioral mechanisms, reviews previous
modeling approaches, and introduces a novel model
well-suited to study hierarchical anticipatory behav-
ioral control in simulated as well as real robotic control
scenarios.

Introduction

The autonomous control of the own body is an es-
sential challenge for any cognitive system. Although
established behavioral control in animals and humans
seems effortless in every day life, many challenges arise.
Due the complex, dynamic, time lagged, noisy, and of-
ten nonlinear interactions between body and environ-
ment, effective body control in real environments is
hard. Movements of different body parts influence each
other, clothing change the interactions, muscle forces
are state-dependent, etc. Furthermore, sensory infor-
mation may be unavailable, as for example in darkness,
or may be available to the brain only after a significant
time delay. The brain has to learn these complex, of-
ten context-dependent, interactions to be able to induce
effective adaptive body control.

The notion that most actions are goal directed and
that the goal state is represented before the action is
performed is labeled the ideomotor principle and can
be traced back to the 19th century (Herbart 1825;
James 1890)). Although behaviorists later questioned
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this view, it is now widely accepted that behavior is
in most cases goal oriented. Hoffmann (1993) empha-
sized this insight in his theory of anticipatory behavior
control, which theorizes that actions are usually pre-
ceded by an anticipatory image of the sensory effects.
The image triggers that action(s) that is (are) expected
to yield the anticipated effects, considering the current
environmental circumstances. Different sensory modal-
ities and sensory aspects can influence action triggering,
for example, an external effect, like a tone, or also a pro-
prioceptive effect, like the feeling of bending the fingers
or of pressure against the fingertips. To control more
complex behavior, actions may be divided into simpler
parts. For example, if a piano player wishes to play a
tone, the anticipation of the tone causes the anticipa-
tion of the feeling of the correct hand position and then
the finger pressing the key. Thus, to achieve an over-
all goal, several successive goals may trigger successive
actions.

To be able to generate such complex behavior effec-
tively, hierarchical processes are necessary that generate
goals and partition far-reaching goals into suitable sub-
goals. However, even if neuroscience shows that brain
functions are structured hierarchically (e.g. Poggio &
Bizzi 2004), only few computational arguments exist,
why such structures are advantageous.

This paper reviews evidence for anticipatory guided
human processing and derives design suggestions for
cognitive behavior systems. Similarly, we assess evi-
dence for hierarchically structured mechanisms. The
gained insights lead us to the development of a simple
learning system for studying the potential benefits of
hierarchical anticipatory control structures. We intro-
duce the base model and confirm successful behavioral
control of a simple arm. In sum, this paper studies de-
veloping anticipatory hierarchically controlled systems
that learn effective control structures to guide complex
adaptive behavioral patterns.

The remainder of this work is structured as follows.
First, we review anticipatory and hierarchical cognitive
structures. Next, existing cognitive control models are
compared. Finally, we introduce our model revealing
its current capabilities, limitations, and potentials. A
short discussion concludes the paper.



Anticipatory Hierarchical Structures

In this section, we gather evidence for and benefits of
anticipatory and hierarchical structures in learning, be-
havioral control, and cognition in the broader sense.

Anticipatory Behavior Control

Anticipatory behavior refers to behavior in which cur-
rently desired goals precede and trigger the action that
usually results in the desired goals. Psychological ex-
periments underline the concept of anticipatory behav-
ior.

A simple experiment confirms the presence of effect
representations before action execution. Kunde (2001)
paired actions with compatible or incompatible effects,
such as the presentation of a bar on the left or on the
right compatible or incompatible to a left or right key
press. Although the effects were presented only after
the key press, reaction times were significantly faster,
when the location of target button and visual effect cor-
responded. Similar effects were found for the modalities
of intensity and duration (Kunde, Koch, & Hoffmann
2004). Elsner and Hommel (2001) showed that reac-
tion times also increase if an action is accompanied by
a stimulus that does not match with the expected ef-
fect, even if this stimulus could be completely ignored
to choose the correct response key. In all cases, it is con-
cluded that anticipatory effect representations interfere
with an action code or also with an external stimulus.
Thus, goal aspects are represented before action exe-
cution in terms of at least some of the sensory effects.
Interestingly, it has also been shown that humans ac-
quire such action-effect associations much easier than
situation-action relations (Stock & Hoffmann 2002).

However, the advantages of such anticipatory behav-
ior remain somewhat obscured. What are the benefits
of representing effects before or actually for action exe-
cution? Other disciplines provide interesting insights in
this respect. Artificial intelligence shows that anticipa-
tory representations enable higher flexibility in learning
and decision-making. In reinforcement learning (Sutton
& Barto 1998), the DYNA architecture (Sutton 1990)
showed that model-based reinforcement learning mech-
anisms increase flexibility when goals vary or when the
environment is partially dynamic. More recent investi-
gations in relational reinforcement learning have shown
similar advantages when the flexible propagation of re-
inforcement, learning is required (Kersting, Van Otterlo,
& De Raedt 2004).

In control theory, structures capable of predicting fu-
ture states yield more powerful controllers. For exam-
ple, a forward model that predicts the consequences of
actions may be used to correct errors in advance (Miall
et al. 1993). The concept of combining sensory and pre-
dictive information to compensate for unavailable, de-
layed, or highly noisy sensory feedback is made most ex-
plicit in the widely applied Kalman filter (Kalman 1960;
Haykin 2002). Neuroscientific studies indicate that
Kalman filtering-like structures exist in the cerebellum

(Barlow 2002). Additionally, it was shown that inverse
models (IMs) that directly determine the action neces-
sary to obtain a desired goal result in efficient adaptive
controllers (Kawato, Furukawa, & Suzuki 1987).

Thus, cognitive psychology and neuroscience suggest
that anticipations are important for effective adaptive
learning systems. Artificial intelligence and control the-
ory have shown that anticipatory structures improve
learning speed and reliability, behavioral flexibility and
execution, and sensory robustness, resulting in effective
goal-directed systems.

Hierarchies for Learning and Control

Besides the anticipatory indicators, studies and models
suggest that cognitive information is processed hierar-
chically. Powers (1973) already stressed the importance
of hierarchies in behavioral control and consequent com-
putational models of cognitive systems. Just recently,
Poggio and Bizzi (2004) pointed out that hierarchical
structures are very likely the key to not only sensory
processing but also motor control. Available hierar-
chical models in vision (Riesenhuber & Poggio 1999;
Giese & Poggio 2003) are suggested to be extended to
motor control. Hierarchical top-down influences showed
to have advantageous structuring effects (Rao & Ballard
1999).

Computational motor control models showed advan-
tages of hierarchical structures. Considering the hierar-
chy of the musculoskeletal system, the spinal cord, and
a controller in the CNS at the top, Loeb, Brown and
Cheng (1999) demonstrated that the spinal cord is able
to counter most perturbations on its own. However, the
spinal cord also receives task-depending input from the
CNS to adjust its behavior. Thus, the spinal cord makes
the control task easier for the CNS because not every
single muscle has to be addressed. It is sufficient to set
an overall strategy to deal with most perturbations.

Hierarchical processing models were proposed by
Kawato, Furukawa and Suzuki (1987), who applied a
hierarchical controller to a robot arm. The lowest level
contains a simple PD-controller that can in principle
handle any task. The controller is not very efficient,
because the delayed feedback results in a slow control
process. A second layer improves performance. As soon
as a direct model of the plant is learned, it updates
the control signal using the expected feedback, which
is available much faster. However, it is still necessary
to adjust the signal iteratively. A third level consists
of an inverse model (IM) that calculates a control sig-
nal for any given goal. When the IM is accurate, the
controller selects a feasible control signal instantly. In
case of a failure, the lower levels induce the (slower and
less effective) control. The more accurate the models
in the higher levels, the more they influence the control
signals.

Despite the ubiquitous hints on the importance of hi-
erarchical processing and the first model from Kawato
and colleagues, it remains somewhat unclear why hier-
archies are advantageous. One advantage may be the



general decomposability of our environment due to time
and space constrains (Simon 1969; Gibson 1979) Com-
putational advantages can be found in artificial intelli-
gence studies.

Re-considering reinforcement learning, it has be-
come clear that hierarchical processing mechanisms are
mandatory for effective reward propagation and flexi-
ble learning (Barto & Mahadevan 2003). Hierarchical
structures are formed that can trigger options, that is,
abstract action representations including goals. Most
recent publications have shown that such hierarchi-
cal representations may be learned by using simple
statistics of the environment searching for decompos-
able sub-structures (Butz, Swarup, & Goldberg 2004;
Simsek & Barto 2004).

Thus, hierarchical control enables the discovery and
representation of more distant and abstract dependen-
cies as well as increases flexibility in behavioral learning
and decision making, as well as in sensory processing at
different levels of abstraction in time and space.

Merging Both

As we have seen, cognitive processing is guided by an-
ticipations that improve sensory processing and behav-
ioral control. Hierarchies yield more flexible represen-
tations for anticipatory learning and behavior. The re-
view suggests that the combination of anticipatory and
hierarchical structures may be a promising approach to
understand and model human motor learning and con-
trol.

The review suggests several requirements for a cog-
nitive controller. First, the controller must represent
a goal in terms of desired sensory inputs. Partial, un-
derspecified, and even contradicting goals may be rep-
resented in different sensory modalities. Second, goal
representations should not only be modular but also
hierarchical. Higher level goal representations are usu-
ally more abstract in time and space and trigger lower
level, more concrete, sensory dependent goal represen-
tations. Third, the representations should be learned
by interacting with the environment. Learning archi-
tecture and learning biases, however, are provided in
advance.

Biological Plausiblity

To model motor learning and control, not only func-
tional constraints have to be taken into account. Ad-
ditionally, the structure of the motor control system
and the mechanisms that modify the structure during
learning should be biologically plausible.

Neural networks are considered realistic models of
knowledge representation in the brain (Georgopoulus
1995). In the case of multilayer neural networks, this
plausibility holds only for an already learned network
not for the training mechanisms. For single layer net-
works, the Hebbian learning rule (Hebb 1949) provides
an biologically plausible learning algorithm. It states
that connections between neurons are strengthened, if

both neurons are excited at the same time and weak-
ened otherwise. Thus, it forms a basis for associative
learning. Unfortunately, Hebbian learning only works
for single layer neural networks that can only compute
linear separable functions that are too simple for mo-
tor control. However, to overcome this problem actions
and goals can be represented in a form, that divides the
learning space in small parts, thus that non linear goal
- action mappings can be stored.

Before we introduce our model, which can satisfy
these constraints, we review other related systems.

Cognitive Movement Controllers

Numerous computational models for motor learning
and control have been proposed. Most of them address
specific stages of movement generation, for example
trajectory formation (Cruse, Steinkiihler, & Burkamp
1998; Hirayama, Kawoto, & Jordan 1993) or coordi-
nate transformation (Salinas & Abbott 1995). Others
are tracking reference signals, relying on IMs and feed-
back controllers (Kalveram 2004; Kalveram et al. 2005;
Kawato, Furukawa, & Suzuki 1987), which might be
combined in a single control structure (Stroeve 1996;
1997). Some approaches gate a number of single con-
trol structures to be able to quickly adapt to chang-
ing limb properties (Wolpert & Kawato 1998; Haruno,
Wolpert, & Kawato 2001) or to combine motor primi-
tives (Berthier et al. 1992).

While each model has interesting properties on its
own, none match all the suggested cognitive systems
requirements. The described hierarchical model of
Kawato, Furukawa and Suzuki (1987) contains three
different levels but does not accept goals in arbitrary
modalities. Other controllers (Cruse, Steink"uhler &
Burkamp (1998)) accept underspecified goals but do
not include hierarchical layers. Many models contain
neural networks that learn by cognitively implausible
mechanism like back-propagation. Our model intends
to bridge the respective drawbacks effectively creating
a hierarchical, anticipatory cognitive model that is suit-
able to process any goal representation flexibly and hi-
erarchically.

A Hierarchically Anticipatory Model of
Motor Control

We devise a new computational model for motor learn-
ing and control. The central part of the model is the
controller that can transform any goal, represented in
any sensor modalities, into action signals that move the
body to or at least towards a position, in which the de-
sired sensory effects are perceived. This goal action
mapping has to be learned by the controller by inter-
acting with the environment.

Inverse Models and Sensory Representation

A structure that transforms goals into actions has usu-
ally to represent a complex non linear function. To
do this with a single layer neural network, the learning



space can be divided into small parts using Radial Basis
Functions (RBF). A sensory signal is not represented by
a single neuron with an activation that correlates with
a variable of the body configuration, but is represented
by an array of single neurons that represent a specific
range of the possible values of a variable. For exam-
ple, a joint angle is not encoded by a neuron that has
a growing firing rate with growing limb extension nut
by many different neurons. Each of this neurons is only
activated, if the joint angle is in a specific range. The
range of values for which a neuron is activated is called
receptive field. This kind of representation fits well to
electro-physiological data obtained from measuring the
correspondence of single cell activity in the motor cor-
tex and movement patterns.

Actions are represented in the same fashion if ob-
served by the controller. However, this representation
is not very likely to exist in the periphery (motoneu-
rons, proprioceptions, etc). Thus, two transformations
have to be done. To encode a perception like an joint
angle into an array of neurons the activation of every
neuron has to be determined. The receptive field of a
neuron is characterized by the center of the receptive
field. In the model, the activation of a neuron is calcu-
lated by applying a Gaussian distribution function to
the distance between the center of the receptive field
and the measured value (using half the distance to the
next center of an receptive field as standard deviation).

To reverse this transformations, a winner-takes-all
mechanism converts the activity of many neurons into
a single signal. Thereby, the activation of the output
signal is set to the center of the receptive field of the
neuron with the highest activation.!

To learn the neural network, actions have to be asso-
ciated to their effects, according to the situation. This
is done by strengthening the connections between neu-
rons, that encode a situation and the effect of an action
and the neurons that encode actions, if both are acti-
vated at the same time. After learning, the network can
choose an action that will produce the desired sensory
effect in a specific situation. Thus, an inverse model can
be learned in a biologically plausible way by interacting
with the environment.

Generalization

The neural network presented above raises several ques-
tions. At a first glance, the controller seems incapable of
generalization, that means performing actions or reach-
ing goals that were not presented to it before. This
shortcoming is partially solved by the representation of
the information. If the receptive fields of the neurons
are wide, they are even activated, if the sensory signal
is not in the close vicinity of the center of the recep-
tive field. Hence, the network will contain information

'To enable more fine grained output signals, the neigh-
bors of the winner-neuron are also taken into account, ac-
cording to their activation level. If there a several winner-
neurons, one neuron is chosen randomly.

about what to do if a specific desired sensory state has
not been reached during learning. This spatial gener-
alization capability does not interfere with knowledge
over experienced movements, because the activations
that are due to generalization is comparatively low.

Naturally, it takes some time until an action has a no-
ticeable effect in the environment. To account for this,
the neural network relates actions to the sensory state
that is perceived a few moments later. This yields the
problem, that the inverse model can only store actions,
that produce a desired effect in a short time interval.
Consider the movement of an arm that needs 300ms to
move from a relaxed to a fully extended position. If
the neural networks encodes only the effects that an
action has after 100ms it will not contain informations
about what to do to extend the relaxed arm because
it was never observed how this was done in 100ms.
This problem can be reduced by introducing another
kind of (temporal) generalization that not only relates
more distant points in sensory space to certain action,
but also sensory effects that occur after a longer time
interval. Again, to reduce interference with actually
observed movements, the connections between sensory
effects that are produced later in time are weaker.

These two kinds of generalization allow the network
to control an arm effective and stable.

Model Evaluation

To test the feasibility of our approach, we evaluate the
performance of a single IM on a simple 1-dof-arm model.
The arm is dampened and a restoring force pulls it to
its initial position. To move the arm, a motor signal is
proportionally transformed into a torque that is applied
to the joint. Thus, applying a constant torque signal
moves the arm to a certain equilibrium position after
some oscillations.

The IM is capable of applying a torque to produce a
specific desired effect that comprises the joint angle and
its velocity. Receptive fields of sensory states (desired
or actual) are distant 0.1rad (1rad = 5.7 deg) for joint
angle and on average 1% with a higher resolution for
small velocities. For the encoding of the action (torque)
receptive fields are distant 10%‘1. A change of torque
of about 1 moves the arm to a new equilibrium position
about 0.067rad.

The network is trained by applying a new random
torque between —150%”1 and 150%{1 for 50ms, 100ms,
150ms or 200ms. This causes the arm to move randomly
in the range of —1rad to 1rad. To test the controller,
the arm has to move from 5 different starting angles
(—0.66rad, —.33rad, 0.0rad, .33rad, .66rad) to 21 differ-
ent targets(—1.0rad,—0.9rad,...,1rad). In all cases,
the desired velocity is set to 0. During a reaching move-
ment, the controller sets a new torque every 50ms. A
movement is considered finished, if the joint angle does
not move more than 0.02rad within 250ms.

To test whether the IM benefits from generaliza-
tion capabilities, both spatial and temporal generaliza-
tion were varied in a 2x2-design with 20 independently
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Figure 1: Spatial and temporal generalization yields
advantages for accuracy (A) and movement speed (B).

trained IMs in each of the four groups. Spatial gener-
alization was manipulated by altering the width of the
receptive fields of the neurons. The high spatial gener-
alization condition had receptive fields that measured 3
times the distance to the next center of an receptive field
in diameter. The diameter was reduced by a third in
the low spatial generalization condition. Temporal gen-
eralization was manipulated by allowing the controller
to relate actions to effects that occurred up to 100ms
(low) or up to 150ms (high) after the action had been
performed. In both cases, effects that occurred later
had an activation level of about 1% of the initial activa-
tion level. Figure 1 shows that both spatial and tempo-
ral generalization capabilities allow increased accuracy
(A) and faster movements (B). Split-plot ANOVAs re-
vealed significant main effects between the groups for
movement time and accuracy (both p > .01). The in-
teraction between the groups did not reach significance.

A feature of the RBF-like representation is, that not
only precise goal coordinate can be desired, but also
ranges of acceptable goal positions . To test if it is
advantageous to give a wider goal (see discussion) if
absolute precision is not necessary, reaching to an exact
position was compared to reaching to position anywhere
within a range of 0.8rad. Each group consists of 20 IMs
that learned independently. Figure 2 A and B show,
that movements to exact positions (black squares) are
slower (A) and less exact (B) than movements to wide
goal ranges (white squares). Note, that the error in
the goal-range-condition is calculated as the distance
to the nearest joint angle within the range. Split-plot
ANOVAs confirmed both results (p > .01). This also
holds, when the movement to a goal range is compared
to a movement to the exact point within the range that
is closest to the initial position. In average, movements
to any points in the goal range are faster (C) and more
yield fewer errors (D) than movements to the nearest
point in the goal range. ANCOVAS that controlled for
the distance to the nearest possible goal confirmed both
(p > .01).
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Figure 2: A range of acceptable end positions (white
squares) can be reached faster (A) and with less error
(B) than an exactly specified goal angle (squares). This
also holds, if movement time (C) and accurary (D) of
movements to goal ranges are compared to movement
that try to reach the nearest point of a given goal range.

Towards an Hierarchical Controller

The data presented above shows, that it is possible
to train a single layer neural network in a biologically
plausible manner to control a simple arm model. As
outlined above, some generalization mechanisms can be
used to make the IM reach targets that have not been
reached before or would be out of scope because the dis-
tance between the initial sensory state and the desired
sensory state is to large.

We claimed, that a controller should be able to pro-
cess many different modalities. A single IM that relates
all kinds of sensory inputs (from proprioceptions to dis-
tal effects) would require a huge neural network struc-
ture and challenge its temporal generalization capabil-
ities, because it would have to relate complex muscle
activation patterns with events that happen not very
often and that can be produced in many different ways.
Additionally, the network would have to learn any ac-
tions by rote learning. Consider the switching on a
lamp. To change the sensory input that encodes bright-
ness by pushing the switch, a long sequence of muscle
activations has to be carried out. To learn this sequence
by random movements may take a very long time. The
problem would be easier to solve, if many different IMs
were involved. An IM that relates brightness to hand
position might well learn, that the light goes on if the
hand reaches the position where the switch is. A sec-
ond IM that stores which muscle activation patterns are
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Figure 3: The left side of the drawing shows how the
desired effects are transformed into motor signals using
a hierarchy of inverse models (IM). The motor signals
cause changes in the arm. The changes are fed back
to the controller (right side). Perceptions can be used
directly or after processing.

needed to reach a specific hand position could then be
used to move the hand there. Additionally, other tasks
that need the hand to reach a specific position can be
easily learned. Thus, a complex goal like switching on
the light can be transformed into a more concrete de-
sired effect like a hand position that can be more easily
transformed into actual muscle activations.

The scheme of such a structure is outlined in figure 3.
More complex or abstract goals like producing a tone
with a piano or switching on a lamp are converted by
IMs into subgoals of a different modality. The subgoals
are then considered as desired effect by IMs on a lower
layer of the hierarchy and are thus transformed to sub-
subgoals and so on. The IMs lowest layer then calcu-
late signals that are send to lower motor centers or the
spinal cord, where they are transformed into muscle ac-
tivations after some processing. The muscle activation
may cause the body to move and thus evoke new pro-
prioceptions or exteroceptions that are available to the
controller directly (like muscle tension measured by the
Golgi tendon organs) or after computing some abstract
representations like the hand coordinate from visual in-
formation.

Thus, some IMs can be used to represent what will
happen shortly after a command signal is changed while
others store longer term dependencies. IMs that bridge
longer term intervals can produce control signals for

subsequent shorter term IMs.

Model Capabilities, Potentials, and
Challenges

The data showed, that the single IMs can learn to con-
trol a single arm by mere associative learning. Thereby,
the controller uses efficient activation sequences to
reach a target.

A major point of critique on the current model may
be the method used for learning the IM. Since the
method is not goal-directed, the mapping is nowhere
guaranteed to converge to the optimum (Jordan &
Rumelhart 1992) However, we believe that it is not
necessary to obtain an optimally accurate mapping be-
tween action and effects in the general sense. Action
execution is usually noisy and easily perturbed so that
sensory feedback control is expected to be generally nec-
essary to reach a precise goal. The IMs presented inhere
can also be used for closed loop control (Herbort, Butz,
& Hoffmann 2005).

Another concern is that the chosen RBF encoding is
not very suitable for generalization. Using different lay-
ers of RBFs with a combination of larger and smaller
receptive fields may solve this problem. However, the
encoding also has advantages. The representation facil-
itates dealing with uncertainty (Knill & Pouget 2004)
and allows very flexible goal representations. A goal
does not need to be exactly specified but a range of ac-
ceptable goal states or goal features can be presented
to the network. This feature increases flexibility, which
is advantageous for control (Todorov & Jordan 2002).
Additionally, the representation allows the encoding of
many-to-many relationships. A final RBF-related con-
cern may be the curse of dimensionality and the conse-
quently exploding number of RBF neurons. However,
techniques exist that can reduce the number of neurons
by adapting RBF sizes to the demands of the action-
effect function (see Butz (in press) for one potential
mechanism ). Additionally, separating comparatively
independent parts of the sensory space in different net-
works can reduce the amount of required neurons (Ur-
ban, Bruessler, & Gresser 1998).

A big challenge arises considering the need to learn
and execute motor programs. Currently the system
state only changes, if the desired effects or sensory in-
puts change. Thus, very fast or complex movements
are not possible. Two ways exist to integrate motor
programs. First, it has been shown that neural circuits
exist in the spinal cord of animals that generate spe-
cific motor signals to coordinate simple rhythmic behav-
ior, like walking or swimming (Dietz 2003). Thus, the
model of the spinal cord could be extended to include
such rhythmic pattern generators. Additional represen-
tations would be necessary to code the behavior caused
by the pattern generators, such as representations of
walking or moving forward, to be able to address the
behavior with anticipations. A second way to include
motor programs would be to delegate this task to higher



structures that send continuously changing desired ef-
fects to the controller. The combination of both fea-
tures may be able to learn rhythmic behavior combined
with consecutive behavioral pattern changes, as appro-
priate.

In this paper we only presented results for one sin-
gle controller. Experiments are in progress combining
multiple controllers as outlined above. Two approaches
need to be distinguished: parallel, modular combina-
tions and hierarchical, abstracting combinations. Shad-
mer and Brasher-Krug (1997) showed that human sub-
jects are able to store many different controllers for dif-
ferent situations. For example, one controller could be
trained for moving light objects and another for heavy
objects. The weighted combination of both controllers
then enables fast adaptation to specific situations. This
feature can be added by using an array of controllers
that are experts for a specific situation and are weighted
accordingly (Haruno, Wolpert, & Kawato 2001). Hi-
erarchically connected IMs might prove advantageous
when different objects need to be moved. Although dif-
ferent weighting of lower level IMs is necessary to cal-
culate descending commands from the desired joint an-
gles, the relationship between external coordinates and
joint angles stay constant. Thus, only parts need to be
adapted to the current situation. Additionally, longer
time delays in higher layers may be compensated for
by lower level control structures. On the other hand,
the different times integrated by different models may
be used to facilitate more complex, longer term move-
ments.

Besides the combination and extension of IMs,
strongly noisy signals will require more elaborate pro-
cesses. Forward models can be included in the process-
ing of the sensory inputs to bridge temporary misper-
ceptions, sensory failure, or noisy sensory inputs akin
to Kalman filtering.

Summary and Conclusion

This paper has reviewed indications and benefits of an-
ticipatory mechanisms and hierarchical structures in
control processes. Both mechanisms are involved in hu-
man motor learning and control. While anticipatory
mechanisms lead to direct action selections in inverse
models and effective filtering mechanisms in forward
models, the modular and hierarchical combination of
such models promises to yield a more effective environ-
mental representation increasing behavioral flexibility,
adaptivity, and decision making.

The gathered potentials of combining both mecha-
nisms into artificial cognitive systems promise fruitful
future research. The proposed model provides a novel,
integrative approach for studying such combinations.
The generality of the proposed associative structures
enables direct modular and hierarchical combinations.
Future research will investigate the suitability and ex-
tendibility of our approach for the simulation of effi-
cient cognitive learning systems in simulated and real
robotic environments. Moreover, future research will

further study the benefits of hierarchical, anticipatory
behavior control, learning, behavior, and cognition in
general using and extending the proposed model.
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