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CHANGES TO CONTENTION SCHEDULING
Abstract
Sequential, routine tasks are part of our every day life – putting on clothes,
driving to work, making coffee, making dinner, etc. They are the definition of ordinary
and trivial goals. However, the amount of computation required by the brain to complete
these actions is quite large, and consequently, the ability to simulate these actions on a
computer has been limited up to now. One model, Contention Scheduling, is considered a
successful computational model of routine task implementation, demonstrating ordinary
action selection, as well as errors in implementation we observe in humans. However, the
model has its own deficiencies with regards to learning and action correction. The
purpose of this paper is to explore the use of Hebbian learning and bottom-up
connections in modifying Contention Scheduling to resolve these issues. In order to do
this, we implemented our own version of the original model, as well as versions including
learning and action correction, and compared the results. Our results indicate that
Hebbian learning complements the model well to simulate the cognition of procedural
learning, and that bottom-up connections mitigate a large portion of the observed errors
in the model.
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Learning and Action Correction in Routine Tasks: New Changes to the Contention
Scheduling Model
Everyday, we perform countless amounts of routine tasks as we move through our

lives. We make coffee, take the train to work, cook dinner, work out at the gym… the list
goes on and on. Not only do we perform these routine tasks, but we also integrate all of
these actions together into sequences. Yet our ability to seamlessly go about these
activities is not extraordinary to us – in fact, it is the definition of ordinary.
However, it takes our brains a substantial amount of computation to perform the
actions necessary to complete these goals. In order to do something as simple as brush
your teeth, you have to coordinate fine motor movements involved in brushing, while
moving your hand to different parts of your mouth, all the while keeping track of where
you have brushed, and where you have not. The computational power required to
complete these actions is so large that we have only recently been able to replicate parts
of these actions in non-biological life forms (i.e. robots, computer simulations, etc.).
On the other hand, when looking at the biological bases of these actions, the
research looking into sequential tasks has, up until now, made substantial strides.
Discoveries include the brain bases for sequential learning and implementation of routine
tasks. However, our knowledge of how these ideas relate to the cognition of routine tasks
is limited. Many theories have been proposed, but it has been difficult to prove or
disprove them without computer models. Computer models enable the capacity to
manipulate variables that are otherwise not possible to alter in humans without
manipulating the brain itself.
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Norman and Shallice (1986) were among the first to propose a computational

model for how we store and retrieve sequential information in the brain, introducing a
model called Contention Scheduling. However, their work was theoretical. During the
1990’s, researchers began to explore using computers to simulate human cognition. The
scope of these studies, however, was quite limited by the computational power available
to researchers at the time. In 2000, Cooper and Shallice finally implemented the
theoretical work of Norman and Shallice computationally. They used the Contention
Scheduling model to simulate action selection both in ordinary people and in those
suffering from Action Disorganization Syndrome, yielding results that mirrored the
behavior of humans in both conditions.
Within the young field of Computational Psychology, Contention Scheduling is
considered quite successful. In many ways, its hierarchical structure accurately reflects
what researchers in neuroscience have discovered about the way the brain stores routine
tasks. Further, it models errors in action selection that we see in our lives every day –
forgetting to put the car into drive before pressing down on the gas, or getting distracted
and continuously pouring sugar into the coffee cup accidentally. Intentionally modeling
errors in computer simulations is challenging, which is part of the reason this model is
considered so successful.
While Contention Scheduling has been viewed positively within the field of
Computational Psychology, it still has its limitations. As outlined by Andronache and
Scheutz (2002), it is a learned model – it includes no method for learning a new
sequential task, but rather simulates tasks that have already been learned. On top of that,
it does not have an action correction component. When an error occurs, the model does
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not continue to work to completion, but rather remains in a state of incompletion. Both of
these limitations, learning and action correction, are essential aspects of cognition.
Sequential tasks are not stored in our brains from the time we are born – they are learned
throughout life. If we could not correct ourselves when we made a mistake, that would
put serious limitations on what we could accomplish day-to-day.
The purpose of this paper is to explore solutions to the limitations of Contention
Scheduling outlined above. There are four components to the findings detailed in this
paper. First, we recreated the original model of Contention Scheduling. Second, we
altered the original model to incorporate a learning component. Third, we altered the
model to include action correction components. Finally, we altered the model to include
both learning and action correction.
In order to explore the effects of these components, we measured both the
behavioral patters of the models as well as their time-scales for completion. For
behavioral patterns, our hypothesis was that learning would have no effect on the model,
but that action correction components would lead to fewer registered errors. For timescale, our hypothesis was that action correction components would have no effect,
whereas a learning model would require more time to work to completion. We
hypothesized that there would be no interaction effects between learning and action
correction.
We will start by outlining the original Contention Scheduling model from Cooper
and Shallice (2000). Following that, we will describe the changes that we made to
Contention Scheduling in order to explore action correction and learning. We will then
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look at the findings of our implementation of the model. Finally, we discuss the impact of
those results.

Background Information

Computational Models of Procedural Tasks to Date
We begin by examining how Computational Psychology has modeled procedural
learning so far. Up until now, the number of computational models looking at procedural
memory and procedural learning has been small. Rumelhart and Norman (1982) were
among the first to look at a computational representation of sequential actions, and
Norman and Shallice (1986) were the first ones to propose the use of schemas (described
below) for action selection. However, as mentioned above, it was not until Cooper and
Shallice implemented Contention Scheduling in 2000 that there was a complete model of
routine action selection.
Contention Scheduling uses the Interactive Activation Competition (IAC)
paradigm of neural network modeling to explore action selection in routine tasks. IAC
models simulate neural activity with abstract “neurons”, which can either activate or
inhibit other neurons to which they are connected (this is what gives rise to the idea of
“competition” within networks). However, the abstract neurons in this network do not
correspond to neurons in the brain in a one-to-one ratio. Instead, each neuron represents a
concept or action that is stored in the brain, and the network explores the interaction
among these concepts. Contention Scheduling is considered one of the most successful
IAC models to date.

6

CHANGES TO CONTENTION SCHEDULING

Yet while it is considered a success, there are those that disagree with the

hierarchical paradigm of the model. Botvinik and Plaut (2003) responded to Cooper and
Shallice (2000) with a few pieces of criticism, mostly regarding Contention Scheduling’s
sequencing mechanism and its hierarchical structure. They instead implemented a
recurrent connectionist approach to routine tasks. Their model, after significant training,
was able to reproduce the behavior of Contention Scheduling using hidden layers as
opposed to hierarchical structures. This model has been highlighted by some researchers
as being more representative of neuropsychological phenomena than Contention
Scheduling (Schwartz 2006).
In reality, the challenges to Contention Scheduling above do not address the
model specifically. Rather, they present a debate about theoretical approaches. This
debate, between IAC and recurrent connectionism, has been continuous since the 1980s
(Cooper & Shallice 2006), and still has no definitive answer within the field of
Computational Psychology. Consequently, the decision regarding whether to work off of
Cooper and Shallice (2000) or Botvinik and Plaut (2003) should not be decided by a
preference for either IAC or recurrent connectionism.
Instead, let us return to looking at the matter of applying learning mechanisms to
a computational model of routine tasks in order to explore sequential learning in the
brain. In this context, both models have deficiencies. The recurrent connectionist model
of Botvinik and Plaut (2003) possesses a method for learning, but it requires a large
number of training cycles. Consequently, this model’s learning procedure does not
accurately simulate a human’s time-scale for learning (Botvinik 2008). On the other
hand, Contention Scheduling does not have a training method specified at all in its
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original form. Rather, it assumes that connections between nodes are already learned, and
focuses more on the weighted inputs to schemas (Andronache & Scheutz 2002).
Because learning had not yet been implemented in Contention Scheduling, and
because the recurrence network model had already explored and encountered trouble with
learning, this paper explores sequential learning through Contention Scheduling. It is a
successful IAC model of routine tasks, and has more flexibility to explore the role of
learning in the brain because it has not been implemented with learning previously.

Background Research on Procedural Learning
We have now established that Contention Scheduling has the most potential for
simulating procedural learning. Now, let us explore what research has been done on
learning within both Cognitive Psychology and Neuroscience, so that we can find the best
way to apply learning to the model.
Contention Scheduling examines an area of procedural knowledge somewhere in
between “motor response schemas” (Schmidt 1975), which are very specific motor
response representations, and “scripts” (Schank & Ableson, 1977), which are higher level
representations, such as chores or errands. This intermediate, distinct form of sequencing
has not been studied as thoroughly in Cognitive Psychology. Many studies in Cognitive
Psychology have made use of the Serial Reaction Task to evaluate sequence learning
(Curran 1995), but this does not measure the sort of task learning explored in Contention
Scheduling. Most of the research done on schema representation has been done in
Computational Psychology (Cooper & Shallice 2006) which, as mentioned earlier, is
lacking in results that examine learning.
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Because of this, we will use research on the brain bases of learning from the

neuroscience community to help implement learning within Contention Scheduling.
Since the 1990s, most of the research that has examined plasticity in the brain has
revealed Hebbian mechanisms for learning (Kolb 2003). However, this is not the only
proposed mechanism for learning in the brain. O’Reilly and Rudy (2000) explore the pros
and cons of Hebbian Learning as well as Error-Driven learning, in which the brain learns
through its attempts to minimize errors. While Error-Driven learning has been thought to
be implausible in the past, O’Reilly (1996) proposed an algorithm that might indeed be
biologically possible. However, Gureckis and Love (2010) demonstrate that simple
associative connections are more representative of the pattern of human learning results.
This supports the use of Hebbian learning as opposed to Error-Driven learning. As a
result, it appears that applying the concepts of Hebbian learning to Contention
Scheduling would be the best way to simulate routine task learning in the brain.

The Contention Scheduling Model

Contention Scheduling is a neural network paradigm whose main purpose is to
explore action selection in routine tasks. Before we address how we made use of the
above ideas to change Contention Scheduling, let us first describe how the model works
in its original form. After discussing the model in depth, we can then go into the changes
that allowed it to account for learning and action correction.

Node Networks
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Contention Scheduling uses a feed-forward neural network to represent action

selection. There are three networks that interact with each other in this model – the
resource, object and schema networks (Cooper & Shallice 2000). Each network contains
nodes that receive and give off activation. However, each network has different
specifications for how to weight different types of input to produce the final activation
level for nodes of that network at each cycle of the model.
The Schema network is the central component of the Contention Scheduling.
Each schema node represents some sort of goal that an agent wishes to achieve. The
schema nodes are hierarchically organized, such that high-level, abstract nodes pass
down activation to low-level, object-specific nodes. The connections between these
nodes, as it is with all nodes in this model, are one-directional.
The Object network contains nodes that represent specific actions that an agent
can perform. These actions can be abstract, and interact with high-level schemas, or they
can be concrete, and interact with low-level schemas. Object nodes do not pass activation
on to other object nodes, but rather receive activation from schemas and pass activation
on to schemas. An object cannot both pass on and receive activation from the same
schema – this is part of the feed-forward nature of the model.
The Resource network specifies what an agent has at their disposal to perform
tasks. Resources can be specific objects that exist in the real world, as well as things like
the attention of the agent. Like object nodes, resource nodes receive and pass activation
to schema nodes, but not to each other, and not to objects. See Figure 1 for a visual
representation of the communication across networks.
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CONTENTION SCHEDULING AND THE CONTROL OF ROUTI NE ACTI VITIES

Schema-relatedStructuresandProcesses
Schema-related structures and processes are
defined by 10 core assumptions (CA1–CA10), 7
peripheral assumptions (PA1–PA7), and 5
implementational assumptions(IA1–IA5).
TheOrganisationof SchemasandGoals
It isassumed that thefundamental unit of organised behaviour within the intermediate domain is
the schema. Schemas correspond to abstractions
over goal-directed segments of action, and are
assumed to exist at various levels. Thus schemas
might exist for relatively low-level actions such as
opening jars or higher-level sequences such as
spreading butter/jam on bread/toast or preparing
instant coffee.
Schemasare goal directed: Each schema has a
goal that it achieves. Formally, agoal isacondition
that may or may not besatisfied by theworld. The
Fig. 1. Theprincipal componentsof thecontentionscheduling
goal is satisfied when the condition is true of the
implementation.
world. Schemasareeffectively methodsfor achievFigure 1. The fundamental components of Contention Scheduling, taken from Cooper
ing goals. Thus, a goal might be that a particular
mugof coffeeissweet. A schemafor achievingthis
and Shallice (2000).
goal might comprise: picking up aspoon, dipping
Themodel ishybridinthesensethat it incorpothe spoon into some sugar contained within a
ratesboth
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discretega
ting Scheduling
sugar-bowl,fillingthespoonwithsugar, transport Beyond the three
networkscontinuousva
described
above,
Contention
of activationbysymbolicflags. Continuousvariable
ing it and then tipping it into themug. Thesame
s of operating were
an intrins
partofofthese
the is the
goal might be achieved by any number of other
specifies two other partsmode
of action
selection.
Theicfirst
original informal model (cf. Norman & Shallice,
schemas, such as one involving sugar cubes. The
1980,
1986), and they
more
sily repres
schema
Supervisory System. This
is a higher-level
system
thatea
oversees
theent
completion
of athat is most appropriate in any particular
changes in the weighting of several different
situationwill dependonavarietyof factors, includroutine task. The way itsource
most soften
with
the schema
by objects available in the environment and
of informationinteracts
(as in the
combina
tion ofnetwork
ingisthe
activation from intentional control and environindividual preferences.
passing down activationmenta
to thel triggering,
highest- or inproce
level schema
node
sparks
sseslikela
terathat
l inhibi
Although implicit in Norman and Shallice’s
- the network
tion). On theother hand, some-or-noneeffectsof
(1986)account, previousdescriptionsof contention
to complete a routine task.
The second
part
Environmental
Influence.
refers to have not developed the relationship
selection
on lowe
r levelisschema
s and in pa
rticular This
scheduling
all-or-noneprocesseslikeargument-filling appear
between schemas and goals, and the contention
what is in the real world.
resource
nodes,
which
tools one system has been portrayed simply as a
toUnlike
requiredis
creterepres
entations
. usually specify thescheduling
Theunderlyingexecutionmodel for thesimulahierarchy of schemas. Schwartzet al. (1991),howuses to complete a task,tion
environmental
refer
objects
real aworld
issynchronousandinfluences
cyclic. Thus
, ontoea
ch pro-in theever,
rguethat in order to capturethecomplexity
cessing cycle all activation values (for schemas,
of routine action it is necessary to represent goal
that are part of the task at hand, orientation of objects, capacities of the agent in its
object representations, and resources) areupdated,
informationwithintheschemanetwork,andthisis
schemaselectionsanddeselectionsaremade,and,if
theapproachadoptedhere(seealsoDuncan, 1986).
appropriate, discrete actions are effected. These
12
operationsareeffectivelyperformed
in parallel.
CA1: Schemasaregoal directed.
COGNITIVE NEUROPSYCHOLOGY, 2000, 17 (4)
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environment, etc.

Let us look at how these components interact with each other through an example:
coffee making. This will be the example to which we return throughout this paper, and is
also the simulation through which this model was tested. Cooper and Shallice (2000)
used coffee making to run their original model, and the structure of the model is detailed
in Figure 2. What Figure 2 lays out is the hierarchical structure of schemas, and how the
objects interact with them. All nodes in italics are schemas, and all nodes in bold are
objects. What are not present in the diagram, but are nevertheless important, are resources
and environmental/supervisory influences.
Schemas pass down internal activation to other schema nodes (something that is
also not depicted in Figure 2). However, they only do this if they are selected, which
means they must have the highest activation at their hierarchical level and must be
unachieved. For instance, say that Coffee From Jar is selected. That node will then pass
down activation to all of the schema nodes that are its subgoals. These nodes include hold
and pour, among others. Schemas also pass down activation to object nodes to which
they are connected, but once again, only when they are selected. For documentation on
the mathematical equations governing input activation, see the appendix of Cooper and
Shallice (2000).
Schemas laterally inhibit each other as well. If a schema shares subgoals with
another schema, then it will inhibit that schema. This process of competition allows a
selected schema to pass on more inhibition to other nodes than it receives. Consequently,
if we refer back to Figure 2, as Coffee from Jar becomes more active, it will pass on more
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Fig. 2. Schema/goal organisationinthecoffeepreparationdomain. Schemasareindicatedbyitalictypeandgoalsbyboldtype.

Figure 2. Hierarchical organization of schemas and objects, taken from Cooper and
(i.e. itsnet(2000).
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2000,
activation no matter what – there is no dependency on selection or achievement, because
they are not goals one must achieve. If two objects are used for the same function, they
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will also laterally inhibit each other. For instance, when the Prepare Instant Coffee
schema is activated, it will activate Grinds into Coffee as well as Milk into Coffee.
However, both of these objects are used to fulfill one goal, and so they will inhibit each
other. Object’s self-influence is always positive, because there is no concept of
achievement involved.
Resource nodes are even simpler than objects. They only give off activation to
schemas, and only receive it from them. They do not have self-influence or lateral
inhibition (i.e. they are not in competition with each other). As mentioned before, the
only two resource nodes for coffee making are one’s hands. Looking at hands as an
example, they only pass/receive activation from the lowest level schemas, since they are
only used for very basic goals. Even though the resources within coffee making are only
one’s hands, resources can be more diverse in nature within other tasks. For instance,
attention could be considered a resource. Perhaps it could keep an overarching goal in
mind (i.e. Prepare Instant Coffee), passing on a small amount of activation to that
schema, while most of its activation is devoted to more specific schemas (such as Pour).
Environmental influences within the context of coffee making are relatively
straightforward. If I am making coffee, and I have a jar of coffee grinds in my house, as
opposed to a packet of coffee grinds, then environmental influences will pass activation
on to the Coffee from Jar node, making it more likely to be selected than Coffee from
Packet.

Parameters
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While the core structure of the model is detailed above, the source of incorrect

action selection within Contention Scheduling generally comes from its parameters. As
described above, the type of activation passed between/within networks differs depending
on the network in question. For instance, the calculations involved in determining the
activation passed from schema to schema differs from those involved in determining the
activation passed from objects to schemas. Consequently, adding these together requires
parameters to determine the weight that each type of activation gets in determining the
total activation into a given node. By adjusting these parameters, one is able to adjust
how nodes influence each other, and consequently observe errors in the model’s
performance.
The first parameter is the Self:Lateral parameter. This adds together selfactivation and lateral inhibition, which together yield the total “competitive” input to a
node. Depending on the value of the parameter, a node might be more influenced by selfactivation, or lateral inhibition. A value of 0.5 yields an even combination of the two
types of input. However, the parameter can range anywhere from 0.5-0.65 and still lead
to stable results (Cooper & Shallice, 1997).
Next is the Internal:External parameter. This adds together internal activation
(from schema to schema) and external activation (from one network to another), giving
the total “noncompetitive” input to a node. The parameter’s value differs between objects
and schemas – a stable range for objects is between 0.06 and 0.14, heavily favoring
external activation, because there is no top-down internal activation of objects. Schemas,
on the other hand, have a stable range between 0.94 and 0.96, heavily favoring schema
activation over external influences (Cooper & Shallice, 1997). However, the parameter
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can be lowered in value within the realm of schemas to simulate the errors observed in
patients with Action Disorganization Syndrome (Cooper & Shallice, 2000).
Once the total competitive and noncompetitive activations have been determined,
they can be combined to give the total novel input to a node using the
Competitive:Noncompetitive parameter. A stable range for this value is between 0.5 and
0.65. This activation value is then used in the node’s update function, which determines
the activation of the node at time t+1, given its activation at time t and total new input.
This function, rather than weighted addition like the previous parameters, uses a sigmoid
approximation to make sure that the total activation of a node is between 1 and -1.
There are two parameters that are part of the equation for total activation. The
first one is Persistence, which influences the decay of the node’s activation over time. A
stable range for Persistence is between 0.79 and 0.81. The second value is noise. Noise is
used to make sure that nodes receiving similar input still have at least slightly different
activations, which is more representative of how activation is passed in the brain. Most of
the time, noise randomly affects activation to the degree of 0.001, but increasing noise
creates more incorrect action selection.
The parameters mentioned above determine the total activation of a given node
after each cycle of the model. However, there are two more parameters that are necessary
for the model to function. First is the selection threshold – a schema is deemed selected
by the model if its activation exceeds the selection threshold and it is the highest
activated schema at its level (i.e. two nodes may be activated enough, but only one can be
selected). The threshold is usually set to 0.6, but can stably exist between 0.5 and 0.95
(Cooper & Shallice, 1997). The second parameter is the resting activation of nodes. This
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value is meant to simulate neural activity – neurons at rest are still slightly active.
Consequently, when nodes in the model have not received input, they will return to a
resting activation level. This model sets that level at 0.10 for the most part, but the model
can exist stably anywhere in between 0.09-0.11.
Lastly, Cooper and Shallice (2000) discussed in detail the different types of errors
that would occur based on manipulating the parameters of the model. The three most
prevalent ones, and the ones that we will examine closely in this model, are omission,
sequence and capture. Omission errors occur when one forgets a step in performing an
action, sequence errors occur when one performs the steps of a task out of order, and
capture errors occur when one does the wrong action in the place of the correct one (i.e.
getting coffee from a packet when one only has a jar from which to retrieve coffee). For
further information on these errors, see Cooper and Shallice (2000).

Changes to the Model

How Hebbian Learning Applies to Contention Scheduling
As mentioned earlier, one of the biggest problems with Contention Scheduling is
that it does not have a proper learning mechanism (Andronache & Scheutz 2002).
Instead, it explores the nature of how nodes pass activation to each other, and assumes
that the weights of the connections between different nodes are fully learned. This
version of the model does not adjust the nature of the input/output mappings described by
Contention Scheduling. Instead, it adds weights to them, such that the amount of
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previously determined activation that one node passes to another is affected by the
strength of the connection between those two nodes.
Let us consider a more concrete example of this by revisiting the description of
Contention Scheduling above, looking specifically at the effects of the Prepare Instant
Coffee schema on the Coffee from Jar schema. In the original model of Contention
Scheduling, the connection between these two nodes was fully developed, and therefore
Prepare Instant Coffee passed down all of its activation to Coffee from Jar. But how
would this sequence of actions be different if this was the first time that someone was
learning to make instant coffee? We can suppose that, because this is the first time
someone is learning to make coffee, Prepare Instant Coffee and Coffee from Jar are not
well-associated with each other, such that little of the activation from one affects the
other. However, we assume that each individual schema/object is something that the
learner already has a representation of, as concluded by Dixon (1982) is necessary for
learning new procedures.
Within this model, Hebbian connections among weights are dynamic. During
each cycle through the simulation, Hebbian connections are updated by coinciding
activation between nodes for all connections within the model. The type of Hebbian
update used here is based on an online learning paradigm utilized by Eberhard, Scheutz
and Heilman (2005), which prevents connections from ever growing beyond a full weight
of 1.0, which, for the purposes of this paper, is the weight of a completely learned
connection. The equation for this paradigm is

Δact/Δt = netin – act • (netin + decay).
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Additional Changes to the Original Model
In their 2002 paper, Andronache & Scheutz outlined some other issues with the
original Contention Scheduling model. Besides a lack of learning, they showed that while
the model does exhibit errors in action selection seen in Action Disorganization
Syndrome, it does not address mistakes after they are made. Botvinik and Plaut’s (2003)
model does not address this problem either. For instance, say that the Coffee from Jar
node is selected within the model - when it passes down activation to its subschemas, the
Close schema becomes selected before the Open schema, and the Open schema is simply
skipped by the model, leading to an Omission error. In the original model, this error
would stay in place, and the model would continue working for as long as it could, but
never would complete the Coffee from Jar goal because of the omission error. This
problem, the problem of action correction, is another aspect of the model explored in this
paper.
Action Correction is addressed here through the use of bottom-up connections
within the hierarchy of Contention Scheduling. The goal was to use bottom-up
connections to implicitly communicate the completion/incompletion of certain lower
level goals to higher-level schemas. The idea that bottom-up and top-down connections
work together to balance each other has been supported in a number of experiments,
particularly those that look at vision (Reviewed by Wolfe, Butcher, Lee & Hyle 2003).
While vision is a different type of cognitive process than that explored here, such a
strategy is nevertheless cognitively supported, and worth investigating.
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For this model, bottom-up connections were implemented in schema nodes only.

Each schema node connects to the object nodes that externally activate it, as well as to
the higher-level schema nodes that internally activate it. Schemas use bottom-up
connections by passing external activation on to their respective higher-level schemas
and objects as described in the Parameters section above. External activation was used as
opposed to internal in order to have the bottom-up connections balance out with the
internal connections from higher-level schemas to lower level schemas (because all topdown connections are internal). We decided to stay within the framework of the model,
instead of introducing a new “action correction” network, in order to measure the ability
of the model to implicitly correct itself.
Based on the information reviewed here, the most efficient and cognitively
supported method for exploring learning in Contention Scheduling is through creating
Hebbian connections among nodes. As well, adding bottom-up connections to the model
is a way to introduce error recovery to the model implicitly, and without changing its
structure greatly. With these two changes, the model maintains its hierarchical structure,
while exploring more cognitive phenomena.

Methods

Implementation Methodology
We returned to the paradigm used by Cooper & Shallice (2000) to explore the
roles of learning and action correction within Contention Scheduling – Coffee making.
This simulation environment consisted of 25 schema and object nodes, as well as two
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resources nodes (one for each of left and right hands). To get a sense of how activation
flows between nodes, refer to the background section above on Contention Scheduling.
The platform used for implementing the model was Matlab. Each type of
activation/inhibition for a given node was represented in an array – for instance, there
was one array that stored the lateral inhibition for each node, and another that stored the
external activation for each node, etc. These arrays were then added cell-wise to each
other according to the parameters of the model. The weighted connections between the
nodes were stored in a 25-by-25 matrix, and were included in all activation calculations.
This is different from the original model, in which all connections were assumed to be
valued at 1. Each cycle through the model simulation included an update function for the
weights, using the Online Learning Paradigm (Eberhard, Scheutz and Heilman 2005)
from equation 1.
The model simulation took the form of a Matlab function script. One run through
the script reflected the performance of an entire procedure. The function would run for as
long as was necessary to complete the task, but would stop at 550 cycles if the model had
not yet been completed. Completion of the task was measured by assessing whether the
highest-level schema, Prepare Instant Coffee, was completed. The model would stop
running when an error was detected (i.e. omission, addition or sequence), except in action
correction simulations.

Simulating the Original Model Using Matlab
Matlab was not the original interface for simulating Contention Scheduling.
Consequently, it was important to make sure that, even with a different simulation tool,
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the model would still function as it did originally for Cooper and Shallice. In order to
make sure it ran properly, we first simulated the original model, without Hebbian
Learning, to make sure it replicated earlier findings.
There were a few details of the implementation that caused differences in exact
replication of the data, but these were a consequence of the Matlab platform, rather than
of incorrect implementation. The model still accurately simulated Contention Scheduling
with regards to activation and error production. One difference between the two is in the
amount of cycles needed to complete the task: for Contention Scheduling, originally the
necessary amount of cycles was ~600, whereas for the Matlab implementation, the
necessary amount of cycles was around one tenth of that (i.e. 60 cycles). The reason for
this was because of the inherent differences in the program – resource allocation and
environmental influence – had to be implemented differently. Yet the model still
produced the same outcomes. Figures 3 and 4 show simulated activation levels for
schemas in the original model as well as in the Matlab implementation. Though there are
a few slight differences, the overall activation flow is the same for both.
For larger values of the Internal:External parameter, the model implemented here
produced little to no errors. Similarly, as the value of the parameter was decreased, it
produced increasing amounts of omission and sequence errors, which mirrors the patterns
produced by Cooper & Shallice. Consequently, the Matlab implementation of Contention
Scheduling can be manipulated here, and we can assume that the manipulations are valid
with respect to the original model.

Trial Simulations With Model Variations
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Figures 3 & 4. (Above) Activation levels for schema nodes by cycle within the Matlab
simulation of Contention Scheduling. (Below) Activation levels for schema nodes by
cycle within the original model, taken from Cooper and Shallice (2000).
CONTENTION SCHEDULING AND THE CONTROL OF ROUTI NE ACTI VITIES

Fig. 5. Schemaactivationprofilesinthecoffeepreparationdomain.

that in Fig. 5. It can beseenthat object representationscluster intothreegroupsbasedontheir activations. Theleast active representationscorrespond
24
to those objects that are present throughout the
duration of thetask but that areentirelyirrelevant.
These include a salt packet, a cereal bowl, and a
glass of orange juice. Of particular interest is the
fact that theactivationsof theserepresentationsare
below the rest activation of .10. Representations
withintermediatelevelsof activation correspondto
objectsthat arerelevant to thetask but not in use.

Thislevel includesthevarioussourcesof sugar, coffee, and milk that might beused in preparing the
coffee. Themost activerepresentationscorrespond
toobjectsthat areselectedasarguments. Thethree
peaksinthegraphcorrespond(fromleft toright) to
therepresentationsof acoffeepacket, asugar bowl,
and amilk carton. Activation of theserepresentationsbeginsat theintermediatelevel, peakswhen
theobject isbeingused,anddropsbacktotheintermediate level when the schema involving that
object is completed (or to the lowest level if the
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Using this basic function script, we ran multiple trials, each time modifying certain
aspects of the model. The first type of trial was one in which the model learned how to
make coffee as if it had never done so before – all of the weighted connections between
nodes were equal to 0. In order to simulate how a person learns a new procedure such as
coffee making, the internal activation function was altered such that it relied more heavily
on the supervisory system. Instead of having internal activation come from the higher
level nodes only, the supervisory system would pass direct internal activation down to
higher-level and lower-level nodes simultaneously, both binding them together and
completing the task in the correct order. This was meant to simulate how a person might
follow explicit directions in what John R. Anderson (1982) calls the “Declarative Stage”,
or the first stage in procedural learning. It also reflects the difference between one’s
explicit and implicit knowledge of a procedure, which was demonstrated by Doya et al.
(1999) in their study on neural networks in learning sequential procedures.
The second type of trial simulated incorporating a new aspect of coffee making
into an already learned model. For example, let us examine a person who has always
learned to make coffee using Coffee from Jar, and has never been faced with using Coffee
from Packet before. In this trial, we assume that the model already has a fully developed
concept of making coffee, but that it was asked to change its usual implementation in
order to take coffee from a packet, instead of a jar. Consequently, whereas all other
connections are ~1, the connections to and from the Coffee from Packet node would be 0.
In order to simulate combining explicit learning with an implicit, learned task, a
combination of supervisory activation and regular internal activation was used. The new
schema was learned using supervisory activation, and following the completion of that
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new schema, the model reverted back to implicitly passing internal activation from one
node to the next. The implicit form of activation that comes from a learned model can be
compared to John R. Anderson’s (1982) “Procedural Stage”, in which the learner has a
conceptualization of the procedure to perform.
Within all trials, the Internal:External parameter was manipulated to compare to
the results found by Cooper and Shallice (2000) when they inspected Action
Disorganization Syndrome through Contention Scheduling. As well, in order to
differentiate observed changes in each individually, all trials were repeated twice – once
with action correction, and once without.

Results

The models were analyzed using two different types of data – the amount of
cycles needed for completion, as well as the amount of errors observed over a large
amount of simulations. Within the data on errors, we differentiated between three
different types of errors: omission, sequence and capture. These were the three errors
most linked to Action Disorganization Syndrome in the Cooper and Shallice (2000)
study, and they were also the most frequently observed errors within that study.

Learning vs. Control
In order to observe the effects of learning, we compared the data on cycles and
errors between learning trials and the control run of the original model. Our hypothesis
was that implementing Hebbian Learning within the model would allow for the model to
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successfully complete, while demonstrating behavior reminiscent of a person learning a
new task. What was most important in this comparison was that, when the learning
models worked to completion, they would do so at a slower rate (i.e. over more cycles)
than the original model.
Data for learning simulations came in two forms: the first form was for coffee
making as a completely unlearned task. The second was for coffee making in which all
parts of the model had been learned, except for one (i.e. it was learning to do Coffee from
Packet but had already learned to integrate Milk from Carton and Sugar from Bowl into
the model).
The first piece of data recorded was error patterns. The original hypothesis was
that there would not be a large difference in error patterns between learned and unlearned
simulations, since neither type of simulation had a way to correct or measure errors
within the simulation run. In general, this hypothesis held – however, as is evident in
Figure 6, there were lower levels of overall error for completely unlearned simulations,
whereas partially learned simulations exhibited somewhat similar behavior to control
simulations. While this effect was not expected, explanations as to why it occurred will
be discussed later. We will also explain the brief separation between Partially Learned
and Learned simulations seen for Internal:External = 0.75-0.85 observed in Figure 5.
If we isolate the different types of errors, and instead view the effects of learning
individually, the results are a little bit different. Here, data for omission, sequence and
capture errors were recorded individually. For omission, one of the most prevalent errors
within the model, there was no significant effect between learned and partially learned
models. However, for completely unlearned models, there was a slight difference in the
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Figure 5. Percentage of simulations reporting errors for Learned, Partially Learned
and Unlearned simulations. Simulations were conducted for each group by
manipulating the Internal:External variable.

percentage of errors observed as compared to learned simulations (F = 37.13, p = .00).
Figure 6 gives a visual account of these findings. Looking at sequence errors, there was
no significant effect of learning on the amount registered. However, for capture errors,
there was a significant increase in the amount registered for a partially learned sequence
compared to a completely unlearned one or a learned one (p < .05).Another important
aspect of measuring learning models was the amount of cycles needed for completion.
The original hypothesis was that it would take more cycles to complete a learning
simulation than a learned simulation. This hypothesis was also supported by the results of
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Figure 6. Percentage of omission errors detected in learned, partially learned and
completely unlearned simulations. None of the simulations included action correction.

the study. Accounting for errors that caused the models to not complete at all, the amount
of cycles necessary to complete a learned model were fewer than for a completely
unlearned model (p = .01), supporting the original hypothesis. The average amount of
cycles for completion for a learned model was 77.94 (SD = 11.46), whereas the average
amount of cycles necessary for completion for a completely unlearned simulation was
122.52 (SD = 1.27). However, there was no effect on cycles found between learned and
partially learned simulations.
Lastly, the learning algorithm allowed the model to learn the task within a
reasonable time-scale. After two consecutive simulations of the model with a learning
rate of 0.04 (Eberhard, Scheutz & Heilman 2005), the average weights between nodes

29

CHANGES TO CONTENTION SCHEDULING

was 0.74 (SD = 0.16), which was a large enough value for the model to then make coffee
without the help of the supervisory system. This supports the hypothesis that Hebbian
learning is an effective tool for developing connections within the model.
Overall, most of the hypotheses regarding learning were supported. The error
percentage between groups was, for the most part, similar, and the amount of cycles
needed to complete a completely unlearned task was significantly larger than for a
learned task. In general, the completely unlearned models exhibited behavior more
closely tied to our hypotheses than partially learned models.

Action Correction vs. Control
For action correction, the hypotheses differed in many ways from learning. First,
we predicted that there would be fewer errors in corrected models. Second, we predicted
that there would be no significant effect of action correction on the amount of cycles
needed for completion.
To assess the effects of action correction, let us once again look at errors
individually, instead of errors as a whole. First, for omission errors, there was a
significant main effect for action correction on the percentage of omission errors detected
(F = 56.69, p = .00). Figure 7 demonstrates the difference between the original model and
the corrected model with regards to omission errors.
On the other hand, the measurements of sequence errors used here increased as a
consequence of action correction. Even though these measurements registered more
sequence errors, there was not, most likely, an increase in actual sequence errors as a
result of adding in action correction. This event is further explained in the discussion
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Figure 7. Percentage of omission errors detected for corrected and uncorrected
simulations of the model. Both types of simulation were learned.

section. As for capture errors, there was no significant effect of action correction on the
percentage recorded, which supports the null hypothesis.

Interaction of Action Correction and Learning
As mentioned earlier, we predicted no interaction effects for learning and action
correction. In general, there were no interaction effects, even though there were main
effects for both variables. However, there was one interaction tendency observed, though
it was not statistically significant (p = .12). As Figure 8 demonstrates, it appeared that, for
Internal:External values between close to 0.90 (i.e. 0.85-0.95), the interaction between
learning and action correction caused an increase in the average amount of cycles needed
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Figure 8. Interaction effects observed over cycles needed for completion for Learned
and Partially Learned simulations. This interaction was not significant (p > .05).

for completion for Partially Learned simulations, whereas it caused a decrease in the
average amount of cycles needed to complete Learned models. This finding was not a
part of the original hypothesis. It is worth noting as well that no interaction effect was
observed between Learned and Completely Unlearned models.

Discussion

Overall, the changes made here to Contention Scheduling have addressed many of
the issues raised with the model. The addition of Hebbian Learning reflects learning in
humans and has been integrated into the model in a way that does not affect action
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selection, as originally hypothesized by Cooper and Shallice (2000). Not only is the
model able to learn a task as if it had no knowledge of how to perform it before, but it is
also able to incorporate a new task into a learned network. On top of that, the
incorporation of our action correction component, while not perfect, made significant
progress towards establishing a fully self-corrective model.
Let us explore some of the unexpected results observed in the simulations. First of
all, there was a higher percentage of capture errors observed in partially learned models
that were not corrected. This seems plausible if we are to consider a human who is
learning to incorporate a new action into a learned sequence. If a person stops paying
close attention to the sequential procedure, and there is a higher implicit tendency to
perform a previously learned action (because of the higher weight values), then it is likely
that those strong connections will dominate, even in the face of environmental influences.
Because this tendency was observed in high values of Internal:External, we know that
internal activation was a much stronger presence than external activation. Consequently,
the fact that incorporating a new action into a learned sequence leads to more capture
errors is a likely consequence of the situation.
The second finding that was not predicted was the increase in sequence errors
observed in corrected simulations. This event highlights a limitation of the current
implementation of the model. For this model, if an omission error was detected, the
model would correct itself by going back and performing the omitted action. However,
because there is no way to “undo” a previously completed action, the model would still
emit a sequence error, because the omitted action was still performed after the completion
of a sequentially later action. If the model incorporated a way to look at “undoing” wrong
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actions, it would have solved this issue.

The third finding demonstrates another limitation within this model – the inability
of the model to account for capture and sequence errors. As mentioned above, the action
correction implementation was not perfect. It successfully dealt with repetition errors,
because it always worked to completion. It also successfully dealt with omission errors.
However, even though capture errors had a low prevalence in general, and had a lower
prevalence in corrected models than in uncorrected ones, they were not successfully
eliminated when they occurred. Including the “undo” aspect of the model could
potentially solve this problem, but it would also require the model to have an awareness
of the fact that the resources for one schema are present when the resources for another
are not.
Finally, though the interaction effect of action correction with partially learned
models was not significant, it is still worth considering, especially for future simulations.
One possible explanation for the increase in cycles needed for Partially Learned models
is the fact that, for observed omission errors, the model had to go back and complete
previously omitted tasks, requiring it to take more time to finish. On the other hand,
action correction would have caused Learned models to complete more quickly because
they were receiving bottom-up activation in addition to top-down activation, causing
them to reach threshold much more quickly.
Though there were some limitations to this study, as demonstrated by a few of the
unexpected results, there were also strengths. First of all, Hebbian learning seems to be
both the easiest and most efficient learning method for the model. It successfully
simulated many observed human tendencies (with regard to cycles necessary for
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completion, for instance), and taught the model in a reasonable amount of time.
Second, while the action correction implementation has a lot of room left for
future exploration, the way in which it was implemented reflected cognitive research
well. The interaction of top-down and bottom-up connections has been observed, as
mentioned earlier, in many cognitive processes, and there is thorough evidence for it in
the brain. Consequently, the fact that this form of action correction was successful
suggests that this version of the model reflects cognitive performance.
Lastly, having learning be driven by activation from the supervisory system was
both effective and supported the neuroscience. As Hikosaka et al. (1999) demonstrate, the
structure of a routine task in the brain when it is first learned is different from its structure
when it is recalled once it has been learned – there is more influence from the executive
in a novel task.
The limitations of this study do not highlight issues with the new concepts
presented in this paper. Rather, they point out future areas in which to explore Contention
Scheduling more closely. As well, the strengths of this model show that, even though it is
still not complete, incorporating Hebbian weights and bottom-up connections move the
model in towards a more full and thorough computer model of cognitive functioning.

Future Directions

There are further improvements that can be made to this model to make it even
more reminiscent cognitive functioning. As mentioned in the discussion section, there is
more that can be explored within the domain of action correction. Bottom-up connections
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seem to mediate errors well, but they are not the final solution to the problem of action
correction. One important aspect of action correction that needs to be explored further is
undoing errors. One potential way to approach this issue is to create an “undo” action that
could interact with the system in much the same way as the supervisory system.
With a model like this that closely represents cognitive function, there are further
applications within cognitive science. Using this model as a tool, we could subject it to
parameter changes that would simulate situations that are not easily controlled within a
lab setting, and see how they behave. This could further our understanding of sequential
learning in the brain.
Finally, this model can be applied outside of cognitive science to the area of
behavior-based robotics. It could become a tool for robots to store procedures
hierarchically, and to learn new ones dynamically, without having to be programmed to
do so. This would be a powerful tool for allowing robots to operate automatically,
without much human oversight.

Conclusion

Subject to the new additions of learning and action correction, Contention
Scheduling maintains its connections to cognitive phenomena. The addition of action
correction significantly affected the amount of errors recorded by the model for some
types of errors, but not all. The addition of learning affected the time-scale of the model,
and took a reasonable amount of time to train the connections between nodes. The model
exhibited some interesting and unexpected behaviors as a consequence of the changes
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made to it, but those results did not contradict its demonstrated applications to cognition
– instead, they pointed out future changes that can be made to the model to increase its
ability to realistically simulate human behavior while maintaining its fundamental
structure. Consequently, the addition of action correction and learning discussed here
furthers our ability to model routine tasks in humans more thoroughly. With further
development, Contention Scheduling has the potential to be one of the first computational
models to identically replicate human behavior, as well as act as a paradigm for learning
within behavior-based robotics.
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