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Abstract

Several theories of action selection assume that the environment both sug-
gests and constrains possible actions at each moment. We present an interactive
activation model (based on an existing model of routine sequential action selec-
tion) in which actions are organised into partially ordered schemas for simple task
elements, and the current state of the environment contributes to selecting actions
and schemas. Previous versions of the model have not accounted for learning. We
show that a simple reinforcement learning paradigm allows environment-action
associations to be acquired through unguided exploration of the environment. The
basic model is limited in the types of environment/action associations that it ac-
quires. We explore ways in which greater diversity of learning (and behaviour)
may be achieved, and suggest that, in order to acquire a broad range of environ-
ment/action associations, mechanisms for boredom avoidance or novelty seeking
are required.

1 Introduction

The task of action selection is commonly argued to be mediated by constraints im-
posed by the environment. Thus, Thorndike (1898) argued that behaviour was struc-
tured into habit families, in which any situation (or stimulus) was associated with a
hierarchically structured set of responses. Thorndike held that the response selected
at any point in time was that at the top of the currently applicable habit family, and
that habit families were modified (i.e., learnt) through the laws of exercise (promote or
strengthen responses that are attempted) and effect (promote or strengthen responses
that are successful but demote or weaken responses that fail or are inappropriate).
More recently, Gibson (1979) proposed that objects and/or situations might “af-
ford” certain responses. Thus, a light switch might afford being flicked on or off,
and a knife might afford cutting. While the mechanisms underlying affordances (not-
ably so-called direct perception) are often portrayed as mysterious and anti-cognitivist,
affordance-like notions have arisen in the cognitive literature. In the theory of auto-
matic and willed action control proposed by Norman & Shallice (1980, 1986), for
example, action schemas (corresponding to abstractions over individual actions or
action sequences) participate in an interactive activation network, with action being
controlled by the most highly active schema nodes. Environmental triggering is held
to be a significant source of excitation within the network. Indeed, such triggering
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is assumed to underly some common forms of action lapse (e.g., capture errors: cf.
Reason, 1984) and behaviours of certain neurological patients (such as utilisation be-
haviour (Lhermitte, 1983), where patients appear to be unable to inhibit environment-
ally appropriate actions).

Similar requirements are apparent in approaches to action selection developed
within Artificial Intelligence. Thus, excitation of nodes within Maes (1989) inter-
active activation network for sequential action control is partially dependent upon the
satisfaction (by the current state of the environment) of action preconditions.

The common elements of the above theories are that, at any pointin time, the envir-
onment is held to make a set of possible actions available, and that behaviour involves
selecting and performing one action from this set. That is, the theories all assume
environment/action associations (affordances, triggering conditions or preconditions).
However, none can provide an account of the acquisition of these associations.

This incompleteness is particularly well illustrated in the case of Norman & Shal-
lice's “Contention Scheduling” account of automatic action control. An implement-
ation of the account has recently been developed (Cooper & Shallice, 2000; see also
Cooperet al., 1995). The model is able to produce complex well-formed action se-
quences, and is also able to account for a range of errors (including those seen in
normals when distracted or fatigued and those characteristic of a number of classes
of neurological patient). An important part of the model is the environmental trig-
gering of schemas: following Norman & Shallice (1980, 1986), each schema has a
triggering function that determines the extent to which it is excited (or inhibited) by
the state of the environment at any pointin time. A significant weakness of the model,
however, is that it is unable to acquire these triggering functions — they must be spe-
cified by hand for all schemas within the model’s repertoire. This raises both practical
difficulties (specifying such triggering functions by hand is time-consuming and error-
prone) and methodological difficulties (countless degrees of freedom are introduced
into the model because the theory fails to specify the degree to which a given state
of the environment triggers each action schema). Although the severity of these diffi-
culties may be reduced by the incorporation of general principles governing the form
of triggering functions, the question of acquisition remains.

There is thus a need for a fully explicit computational account of the acquisition
of environment/action associations. Thorndike’s laws of exercise and effect provide a
starting point for such an account. The remainder of this paper presents a model that
uses reinforcement learning (effectively implementing Thorndike’s law of effect) to
acquire environment/action associations within the context of the Cooper & Shallice
model of routine action selection. The basic premise of the model is that environ-
ment/action associations are learnt through trial and error with feedback, with the
conditions under which successful actions are performed being reinforced beyond the
conditions under which unsuccessful actions are performed. The basic model is only
able to acquire a small set of environment/action associations. We therefore explore
some simple modifications and extensions to the basic model. These explorations
suggest that, in order to acquire appropriate associations relating to a broad range of
actions, mechanisms for “boredom avoidance” or “novelty seeking” are required. We
conclude by relating our findings to more general problems in learning to act, espe-
cially those concerning the learning of action sequences.



2 TheBasic Modd

An essential feature of this account of the acquisition of environment/action associ-
ations is that the shape of such associations is moulded by what is possible within the
environment. Actions should only be associated with, or triggered by, states of the
environment in which they may be successfully realised. It is therefore essential to
develop a sufficiently realistic model of the environment in tandem with the model
of the agent. The COGENT modelling environment (Cooper & Fox, 1998) was used
to implement and evaluate such a system, with the agent model and the environment
model encapsulated in separate, communicating, functional modules.

2.1 TheModd of the Environment

The environment model is based on the coffee preparation domain used by @oper
al. (1995) and Cooper & Shallice (2000). It consists of a set of objects, two hands,
and a set of functions for manipulating objects with the hands. Each object has a set of
features including size, shape, position, and relevant aspects of state. Thus, the world
includes several containers and implements (an empty mug, a jug of water, a closed
bowl of sugar, a teaspoon and a coffee stirrer). The manipulation functions corres-
pond to basic actions (pickup, discard, open, close, pour, dip spoon, empty spoon and
stir). Each includes a set of preconditions that specify the physical conditions under
which the action may be successfully performed. The functions are called at various
times by the agent, as described below. If a manipulation function’s preconditions
are satisfied by the state of the world when the function is called, then the world is
modified according to that function and positive feedback is returned to the agent. If
the preconditions are not satisfied, the world is not modified and negative feedback is
returned.

2.2 TheMode of the Agent

We assume that the agent is capable of a variety of basic actions, corresponding to (a
subset of) the manipulation functions available within the environment. The agent’s
task is to learn to select actions through time that are compatible with the changing
state of the environment. Essentially the agent must internalise action preconditions.
Minimally, the agent comprises three processes: perceptual processes that transduce
the state of the environment into internal representations; selection processes that se-
lect one action from those available to the agent on the basis of its internal represent-
ation of the environment, and a learning process that uses feedback from the environ-
ment to shape the selection process.

The perceptual processes are finessed by a set of rules that map each object in the
environment to a feature vector (of width eight in the implementation reported here).
Essentially the environment is modelled in symbolic terms, and the perceptual pro-
cesses re-represent each object as a vector of features. The internal representation of
the complete environment is therefore a set of such vectors. For present purposes such
vectors include both perceptual and functional features, although the functional fea-
tures employed (e.gmplement) may be taken as short-hand for simple combinations
of perceptual features (e.gne primary axis and between 150 mm and 300 mm in
length). The approach is similar in spirit to that of Plaut & Shallice (1993).



Following Norman & Shallice (1980, 1986; see also Coogeal., 1995 and
Cooper & Shallice, 2000), we use an interactive activation network to mediate the
selection process. There is one node in this network for each action. Processes of
lateral inhibition and self activation operate over the nodes to ensure that at most one
node is highly active at any time. Nodes may also receive excitation (or inhibition)
from the representation of the environment (as described below). Selection occurs
when a node’s activation exceeds a threshold.

Performance of an action entails selecting objects on which to act (and effectors
with which to act). Thus, once a basic action such as pickup has been selected, it
is necessary also to select an object to pick up and an effector to do the picking up.
Not all actions require one object and one effector, and different actions have different
argument requirements (e.g., pickup requires an effector that is not full, but discard
requires an effector that is holding an object). Each action must therefore have an
associated set of argument selection criteria.

In the model of Cooper & Shallice (2000), selection criteria were functions that
mapped object representations to numeric values. The numeric value essentially in-
dicated the appropriateness of an object or effector for the given argument role. In
the current model these selection criteria must be learnt. We thus associate with each
action a list of argument roles. The number and type of arguments for an action (e.g.,
two objects and one effector) is assumed to be intrinsic to the action (and hence hard-
wired), but the mapping of objects and effectors to these argument roles is assumed
to be subject to learning. Each argument role is therefore assumed to correspond to
a vector of weights, with the appropriateness of an object for an argument role being
determined by the dot product of the object’s featural representation and the argu-
ment role’s weight vector. Learning alters weight vectors, leading to more accurate
measures of appropriateness.

While the specification of argument roles in terms of weight vectors addresses the
issue of argument selection, the issue of action triggering by the representation of the
environment remains. Separate triggering functions were employed in the model of
Cooper & Shallice (2000), but such functions introduce additional degrees of freedom
and are not required. The current model assumes that action nodes are triggered to the
extent that their argument selection criteria are met by objects in the model’s repres-
entation of the environment. Thus, selection criteria do double duty: once an action
has been selected they work to select object representations to fill the action’s argu-
ment roles, but prior to selection of an action they mediate excitation and inhibition of
the action’s node within the interactive activation network.

After the agent model selects and attempts an action, it receives feedback from the
environmentmodel. If the action succeeds the feedback is positive, and each argument
and effector weight vector of the action is adjusted through delta rule learning so that
its dot product with the representation of the actual object or effector used is nearer
+1. Ifthe action fails the feedback is negative, and each argument and effector weight
vector of the action is adjusted through delta rule learning so that its dot product with
the representation of the actual object or effector used is nedrein all cases the
node within the interactive activation network corresponding to the attempted action is
subsequently inhibited, allowing other nodes to become active and hence other actions
to be performed.



2.3 Functioning of the Model

In order to establish that appropriate selection restrictions would yield a model cap-
able of generating random sequences of appropriate actions, the model’s behaviour
was first assessed with hand-coded selection restrictions. The selection restrictions
in this “expert” model embodied all action preconditions. For example, the featural
encoding of objects included several features indicating an object’s position. One of
these features was set (by perceptual processeas) for objects that were held and

—1 for objects that were not held. In the hand-coded selection restriction for the object
argument role of pickup the corresponding feature was setitoConsequently, ob-

jects that were not held would tend to match the selection restrictions of pickup better
than objects that were held. This matching would also lead to greater excitation of the
pickup action by objects that were not held than by objects that were held.

This assessment was successful in that, with appropriate parameter settings (per-
sistence = 0.85; self activation = 0.50; lateral inhibition = 0.50; environmental trig-
gering = 0.20; selection threshold = 0.60; noise variance = 0.001), the hand-coded se-
lection restrictions yielded well-formed, but somewhat aimless, sequences of actions.
Figure 1 (left) shows one such sequence, and figure 1 (right) shows the activation
profiles of node throughout this sequence.

To investigate learning, selection restrictions for all actions were initialised to ran-
dom vectors near zero. (Specifically, the components of each vector were initialised to
random values normally distributed around 0 with variance 0.01.) The same paramet-
ers were used in the learning model as in the expert model, with the exception of self
activation and lateral inhibition, which were both increased to 0.60, and the addition
of the learning rate parameter, which was set to 0.05. The increase in self activation
and lateral inhibition was necessary to ensure robust functioning of the learning model
during the early stages of learning. Prior to learning, little excitation is provided by
the environment. Additional excitation within the action node network is needed to
ensure that action nodes (including those corresponding to inappropriate actions) may
become sufficiently active to allow action selection.

38: pickup stirrer with left hand 0.8
88: stir jug with stirrer
133: discard contents of left hand
144: pickup teaspoon with left hand
188: stir jug with teaspoon
211: dip teaspoon into jug
252: discard contents of left hand
272: pickup teaspoon with right hand 0.0 [
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Figure 1: Left: Awell-formed sequence of actions generated by the model when given
hand-coded selection restrictions. The left column shows the time of action initiation,
in terms of processing cycles. Right: Activation profiles of all action nodes throughout
the sequence shown on the left. Time, in terms of processing cycles, is shown on the
horizontal axis. Peaks in activation correspond to selected actions.
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Figure 2 (left) shows the behaviour of the model prior to learning. Actions are
attempted apparently at random, and generally with inappropriate arguments. In this
example, only one of the first ten actions is well-formed (that of picking up the mug
with the left hand). However, each time an action is attempted its selection restrictions
are adjusted as described above. Consequently, the model rapidly discovers appropri-
ate and inappropriate actions, internalising an approximation to each action’s precon-
ditions. In general, 100 to 150 action attempts are required before the model’s approx-
imate selection restrictions are sufficient for error-free action performance. Figure 2
(right) shows a fragment of such performance.

3 TowardsDiversity

Although the action sequence of figure 2 (right) is error-free, it is also highly ste-
reotyped. Two complementary actions are repeateauseum. The model has not
learnt selection restrictions for other actions, and examination of the selection restric-
tions it has learnt reveals that they are highly specialised (applying in the case shown
in figure 2 (right) to the stirrer and the left hand, but not to other objects or to the
right hand). Different runs of the model do yield different long-term behaviour (with
different acquired selection restrictions), but that behaviour typically comprises per-
formance of two complementary actions (such as pickup and discard, or open and
close) with only a limited subset of objects and effectors.

In order to acquire general selection restrictions for the full range of actions it is
necessary to successfully perform the full range of actions with a variety of arguments.
Two factors prevent the model as described above from acquiring full generality. First,
the only exogenous source of activation to the action network is due to environmental
triggering by appropriate actions. Because reinforcement strengthens such triggering,
actions whose selection restrictions are acquired first will dominate and be performed
in favour of other actions, preventing attempts at such other actions and hence pre-
venting the acquisition of triggering conditions for other actions. Second, argument
selection is determined entirely through selection restrictions, so, once selected, an
action will always be applied to the object that best matches its selection restrictions.

32: empty mug into stirrer*

50: stir teaspoon with mug* 2978: pickup stirrer with left hand
58: pour mug into jug* 2989: discard contents of left hand
105: close jug with left hand* 3001: pickup stirrer with left hand

126: open bowl with right hand* 3010: discard contents of left hand
160: discard contents of right hand*3022: pickup stirrer with left hand
187: pour stirrer into stirrer* 3031: discard contents of left hand
200: pickup mug with left hand 3043: pickup stirrer with left hand
217: open stirrer with left hand* 3053: discard contents of left hand
243: pickup mug with left hand*

Figure 2: Left: A fully random action sequence, containing mostly errors, generated
by the model prior to learning selection restrictions. Erroneous actions are marked
with an asterix. Right: An error-free action sequence following acquisition of approx-
imate selection restrictions.



34868: discard contents of left hand
34889: pickup jug with left hand
34908: close jug using right hand
34924: open jug using right hand
34930: discard contents of left hand
34947: pickup jug with left hand
34972: close jug using right hand
34992: open jug using right hand
34995: discard contents of left hand

Figure 3: Action sequences generated when extreme inhibition (500 units) is applied
to attempted actions.

The first difficulty appears to require further exogenous sources of excitation and
inhibition to the action network. In particular, it appears that some mechanism is
needed to inhibit or suppress actions whose triggering conditions have been acquired.
We consider one such mechanism below.

The second difficulty is solved in the closely related model of routine action se-
lection (without learning) of Cooper & Shallice (2000) through the incorporation of
interactive activation networks for object representations and effectors. The networks,
analogous to the action network, include one node for each represented object, and
one node for each effector. Nodes receive excitation and inhibition from action nodes
(mediated by selection restrictions) and (potentially) from attentional processes. In
essence, the use of object representation and effector networks allows greater control
over the arguments that are selected. Below we therefore consider augmenting the
existing model with such networks.

3.1 Incorporating Action Inhibition

When the activation of an action schema node exceeds a threshold (0.6 in the above
simulations) the action schema is selected, its argument roles are filled, and the res-
ulting action is performed. The action schema node is then inhibited, allowing other
action schema nodes to become active. Moderate inhibition (5 units in the above sim-
ulations) returns the selected action schema node’s activation to approximately rest (a
magnitude comparable to that of its competitors), allowing competition between all
action schema nodes to proceed afresh.

However, by dramatically increasing the inhibition on action schema nodes once
they have been performed, such schema nodes can be effectively removed from com-
petition for an extended period, giving greater opportunity for the selection of other
schemas, and thus encouraging greater diversity of action. Figure 3 shows action se-
quences produced by the model when inhibition was increased to 500 units.

Although high levels of inhibition result in the model taking significantly longer
to acquire selection restrictions that reliably yield appropriate action selection, greater
diversity is apparent in the selection restrictions thus acquired. With inhibition at 500
units, reasonable approximations to selection restrictions for four distinct actions are
acquired. This approach does not, however, lead to greater diversity in the objects
to which actions are directed. This is reflected in the acquired selection restrictions,



which still converge to features of specific objects. Thus, the object role of pickup
converges to match the favoured object (the open jug, in the case shown in figure 3),
and not to match just the features of that object that are relevant to the action (e.g.,
that the object is not already in hand). Nevertheless, the approach does demonstrate
that learning can be improved by manipulating the actions that are performed.

3.2 Incorporating Additional Networ ks

Incorporation of object representation and effector networks as described above into
the model pose no difficulties. Activation flow within the additional networks is gov-
erned by the same principles (including self activation and lateral inhibition) as that
within the action network. In addition, object representation nodes are excited or in-
hibited by action nodes in proportion to the product of the activation of the action node
and the degree to which the corresponding object representation matches the action’s
argument selection restriction, axide versa (i.e., action nodes are equivalently ex-
cited or inhibited by object nodes). Nodes in the effector network interact with the
other networks in an analogous fashion.

On selection of an action, the action’s arguments are filled by those objects and
effectors that are both highly active and a good match for the action’s selection restric-
tions. Arguments are selected to maximise the product of these two factors. Figure 4
shows an action sequence generated (after learning) by the augmented model. The
model includes moderate inhibition of actions, object representations and effectors on
each action attempt. The figure may thus be compared with figure 2 (right).

The introduction of object representation and effector networks results in consid-
erable diversity of argument selection. Although only two action schemas are selected
(cf. figure 4) both hands are employed to manipulate a variety of objects. The model
has therefore acquired less restrictive, and more appropriate, selection restrictions for
these two actions.

4 General Discussion

We have shown that a schema-based model of environmentally triggered action selec-
tion may acquire appropriate environment/action associations through trial and error.
Diversity of behaviour arises when the basic model is augmented with mechanisms to

4131: pickup bowl with left hand
4139: pickup teaspoon with right hand
4144: discard contents of right hand
4150: pickup stirrer with right hand
4158: discard contents of left hand
4164: pickup jug with left hand

4167: discard contents of right hand
4173: discard contents of left hand
4178: pickup stirrer with right hand

Figure 4: Action sequences generated when object representation and effector net-
works are employed.



inhibit action reselection and to differentiate objects on the basis of activation. How-
ever, the use of extreme inhibition to encourage variety of action results in a system
that is constantly switching between actions. As is apparent from figure 3, this dra-
matically slows learning. A more sophisticated mechanism might monitor learning
and/or behaviour and manipulate excitation of both action schemas and their argu-
ments in order to optimise learning. Such a mechanism might, for example, embody
some notion of boredom detection, repeating behaviours until they are well learnt and
then inhibiting them in favour of less well learnt behaviours. (Curiously, infants show
just this kind of behaviour.)

The necessary distinction between novel and routine behaviour is already present
in the Norman & Shallice (1980, 1986) framework. The former is handled by a su-
pervisory attentional system (SAS) that responds to a novel situation by generating
a strategy for dealing with it. If an initially novel situation is repeated the required
strategies eventually become well learnt and may be automatically executed by con-
tention scheduling (CS), the routine action selection system, without the intervention
of SAS. At this point the situation has effectively become routine. Mechanisms thus
already exist for (i) detecting whether a well-learnt schema exists in CS to deal with
the current situation and (ii) supervising the learning of a new action schema if re-
quired. In its normal mode of operation the CS/SAS system employs existing schemas
wherever possible, and only uses the limited resources of the SAS when necessary. We
can however envisage a different mode of operation (“exploration” or “play”) in which
this precedence is reversed so that situations that stimulate the SAS are deliberately
sought, and activity is abandoned when it becomes routine. We hypothesise that such
an operational mode is essential to the acquisition of general selection restrictions for
a broad range of actions.

While the selection restrictions acquired by the model may be viewed as serving
the function of Gibsonian affordances, they are not true affordances in the Gibsonian
sense. To Gibson, the concept of an affordance went hand in hand with that of dir-
ect perception. Affordances were held to be directly available from the environment,
without the integration of perceived features into object representations. Because se-
lection restrictions within the model are object-based, the model requires that features
are first bound together as objects before they can affect an action schema'’s activation.
Within the framework adopted here, the binding of features into objects is a necessary
precondition for action triggering. The model thus sides against direct perception.

The model is also intended only as a fragment of a model of intelligent action
selection. While the model does acquire action preconditions, it lacks goal directed-
ness. The mechanisms of action selection embodied within the model are compatible,
however, with those required by CS/SAS theory, and consistent with those of Cooper
& Shallice’s (2000) implementation of CS. In fact, the model has implications for
the CS implementation, suggesting that triggering functions and selection restrictions,
currently separate elements of CS, might be merged.

Contention scheduling is a general mechanism for schema selection that may op-
erate at multiple levels over a hierarchically structured sets of schemas. The model de-
veloped here illustrates learning only at the lowest level. Two additional mechanisms
are required if the current learning mechanisms are to generalise to higher-order action
schemas. First, the model must be instructable via higher-order supervisory processes.



This is relatively straightforward: such a process may, through selective excitation
and inhibition of nodes in the various networks, exert detailed control over behaviour.
Second, the model must be able to acquire and represent higher-order action schemas,
including appropriate sequential relations within those schemas. Two factors drive
sequential behaviour in the current model: The changing state of the environment,
and the inhibition of previous actions which prevents their immediate repetition. An
existing class of models of sequential behaviour, Competitive Queueing models (e.g.,
Houghton, 1990; Glasspool, 1998), have successfully accounted for many aspects of
serial behaviour in similar terms. In these models actions are givgnadient of
activations, such that the earlier an action is to be performed the more active it is.
Sequential behaviour is achieved by repeatedly performing and inhibiting the most
active action. Since appropriate selection and inhibition mechanisms already exist in
the current model, the learning of simple sequential behaviour might involve noth-
ing more than the acquisition of an appropriate activation gradient over actions. This
may again be achieved by reinforcement learning, with actions that occur too early re-
ceiving negative feedback and actions that occur too late receiving positive feedback.
Further work will explore this possibility.
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