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Abstract. This paper presents an overview of an object-
based memory system for supporting attentive behaviours of
a virtual agent to its surroundings. The memory model is
multi-stage, consisting of successive stages of filtering of ob-
jects from the scene database based on the agent’s synthetic
vision of the environment. Stored information may be out
of date and may not necessarily match the actual states of
objects in the environment, thus providing the basis for the
agent to have its own perspective of the environment. A brief
description details the importance of an object-based memory
system for supporting inhibition of return in visual attention
systems. These allow mobile virtual agent’s to continue to
move their focus of attention around the scene, thus creating
a loop between them and the environment.

1 Introduction

Internal storage, or memory, is crucial for virtual agents ex-
pected to act in a plausible manner within their environment.
If an agent has no storage mechanism and interfaces directly
with the scene database, it will always have perfect informa-
tion about the state of the environment and, by definition,
cannot have a unique perspective of its world. Such access ul-
timately reduces the credibility of the agent’s behaviour with
respect to viewers, particularly if it is intended to be sim-
ulating a real-world entity that is constrained by senses or
must operate based on imperfect or uncertain environment
information.

Here, a virtual agent is endowed with a synthetic vision
capability for sensing its environment, a 3D virtual environ-
ment. A memory-model filters visual information, limiting the
amount of environmental information that must be processed
and stored by the agent. The model described in Section 3
is based on the popular, but simplified, multi-stage model of
memory inspired by Atkinson and Shiffrin [1] (see Figure 1),
incorporating modifications from the literature that suggest
the existence of a specialised visual short-term memory and
allowing latitude [11] from the strict serialisation of informa-
tion flow between memory suggested in the original model. Vi-
sual attention is discussed in Section 4, not only as a method
for ensuring a sound filtering strategy, but also in relation to
coupling with memory for generating attentive behaviours.
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2 Background

While memory capabilities of some form are evident in most
autonomous agent systems. While in many cases explicit
memory models are not defined, some research has consid-
ered their implementation for a variety of purposes. Recently,
Lim and colleagues [10] have considered memory for virtual
and robot companions, particularly for allowing agents to mi-
grate between embodiments and for enabling long-term inter-
actions and relationships with humans. In contrast to work
on autobiographical memory systems, other models have been
concerned with memory for virtual agents embedded in vir-
tual environments, based on sensory capabilities for assisting
active vision [2], research sharing similarities with that under-
taken in robotics [15]. Kuffner and Latombe [9], for example,
presented a flat memory system for objects, which also facil-
itated forgetting processes. Evers and Musse [5] use a mem-
ory model with STM and LTM to study the impact of mem-
ory on behaviour using hierarchical finite state machines. The
agents in Chopra-Khullar’s [3] work store object-related mem-
ory thresholds are used to provide a measure of uncertainty
for driving the allocation of attentive monitoring behaviours.

Peters and O’Sullivan previously presented a model based
on synthetic vision and a staged memory model [13], later ap-
plied to visual attention and perspective-taking for theory of
mind [12]. Here, further details are provided of how memory
and attention mechanisms may be coupled to support atten-
tive behaviours for autonomous virtual agents.

3 Memory Model

Stage theory posits that information progresses through a
number of successive, discreet memory stages: A short-term
sensory storage (STSS), a short-term memory (STM) and a
long-term memory (LTM), as outlined in Section 3.1 and illus-
trated in Figure 1. An underlying notion in the model is that
memories reaching later stages will tend to persist for longer.
It represents a great simplification of the way in which in-
formation is thought to be stored and associated in humans.
Nonetheless, it provides a very useful paradigm for real-time
autonomous agents; it suggests a general filtering and stor-
age scheme, free of the computational overhead and technical
implications of more elaborate associative models (but also
subject to the implied inherent restrictions).
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3.1 Memory Structure
Each memory stage consists of a list of memory entries (Sec-
tion 3.1.1). In order to generalise the description of the stages
in the model, here we describe stages parameterised accord-
ing to capacity, threshold, duration and rehearsal. By varying
these parameters, the different memory stages elaborated on
in the stage theory of memory may be modelled, and new
stages or sub-stages defined if necessary. Capacity refers to the
maximum number of memory entries that a memory stage can
store at any one time. The threshold parameter is used to de-
cide when memory entries should be removed from a memory
stage i.e. forgotten. While the trace strength of a memory en-
try is greater than this threshold, the item remains in memory
and the probability of its recall is presumed to be 1. Memory
entries are removed from a memory stage when their trace
strength falls below the threshold value. Duration is an indi-
cation of the amount of time that a memory entry will persist
in a memory stage without being rehearsed in any way. Re-
hearsal is another threshold, but is used to decide when an
entry should be moved to the next memory stage. Rehearsal
may be increased by attending to an object.

Figure 1. The basic stage theory of memory, a multi-stage
model inspired by Atkinson and Shiffrin [1].

3.1.1 Memory Entries

Memories are considered to be composed of discrete con-
structs called memory entries. Memory entries contain in-
formation regarding what has been remembered and other
information pertinent to the management of the memory sys-
tem (see Table 1), allowing a recording of how recently the
object was perceived and when it should be removed from
memory. In the current implementation, there are two differ-
ent types of memory entry: proximal stimuli and observations.
Proximal stimuli do not contain resolved database object in-
formation, but merely information extracted from inspection,
such as stimulus false colour (described shortly), retinotopic
bounding box, size in pixels and average colour. Observations
are elaborations of proximal stimuli, representing a snapshot
of object state from the scene database.

Because observations persist in memory, they may often
correspond to out-of-date information that is no longer ac-
curate. An agent therefore has an internal representation of
the environment that, in a similar manner to humans, may be
imperfect. Only by continually sensing and attending to the
environment can the agent maintain updates to the internal
model.

Basic Memory Entry Structure
Member Meaning

trace strength The strength of the memory
decay factor How quickly the memory decays
activation Amount of time since the memory

was rehearsed
rehearsal Number of times that a memory

has been rehearsed
proximal stimulus Perceived stimulus

observation Observation corresponding to the
perceived stimulus

Table 1. The memory entry structure contains information for
managing memory contents.

3.1.2 Synthetic Vision

The synthetic vision system takes snapshot renderings of the
virtual environment from the agent’s viewpoint. Unlike nor-
mal renderings, here objects are false-coloured ; they are at-
tributed unique colours and rendered in flat-shaded mode,
without textures. Reading the colour values back from syn-
thetic vision false-coloured renderings provides details of those
objects that are within the agents field of view and visual
range, that are not occluded by other objects. More details
are available in [13].

3.1.3 Short-Term Sensory Storage

The short-term sensory storage, or STSS, is the first storage
stage for stimuli that have passed through initial visual filter-
ing. A memory entry is created for each object that is read
back from the false-coloured image, to create a list of proximal
stimuli. These do not persist for very long between updates
of the visual system. Therefore, entries in the STSS could be
thought of as corresponding to the 2D optical images deemed
to fall on the retina of the agent, without containing semantic
details. The STSS is updated with each refresh of the agent’s
viewpoint rendering: When a proximal stimulus is encoded in
the STSS, a time-stamp is updated to the current time and
the trace-strength is set to the maximum value for the STSS
memory stage. The capacity of the STSS is considered large
enough to allow storage of all stimuli falling within the agent’s
view, subject to the process detailed in Section 3.1.2. When
a proximal stimulus is encoded in the STSS, a time-stamp
is updated to the current time and the trace-strength is set
to the maximum value for the STSS memory stage. Memory
entries in the STSS are regarded as having a very fast rate
of decay. Because of this, entries in the STSS correspond to
objects that are currently in view, or were in the agent’s view
very recently.

3.1.4 Short-Term Memory

Short-term memory is more limited than the STSS in terms
of the number of memory entries that can be remembered.
However, memory entries generally persist for a longer mean
duration. Generally, memory entries are removed, or forgot-
ten, from the STM under two conditions: they are displaced
by newer memories when the STM is full and they may also
decay over time. Rehearsal describes how entries may remain
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and persist for longer periods in the STM. As described later,
these low-level values are intended to be controlled by other
mechanisms, such as attention (Section 4).

3.1.5 Long-Term Memory

Long-term memory, or LTM, provides storage for information
over a long period of time. For the purposes of the current
model, memories that can no longer be retrieved due to lack
of sufficient cues are considered to be the same as decayed
entries. In LTM, as in other stages, such items decay over
time and are completely removed when they fall below the
threshold trace-strength.

Long-term memory is considered to have a back and forth
relationship with short-term memory; items may be moved
into short-term memory for processing and then moved back
into long-term memory for storage. Information from short-
term memory is transferred to long-term memory by means
of rehearsal, related to attention mechanisms. In this model,
repeated rehearsal of a stimulus will result in it being encoded
in long-term memory. Unlike the other memory stores, there
are no strict upper bounds on trace-strength in the LTM. If an
item is frequently rehearsed in the STM, then it can remain
easily accessible in the LTM.

3.2 Memory Dynamics

Given the memory structures described, memory dynamics
deals with the movement of information between stages and
when information should be removed from memory i.e. for-
gotten.

Eight different cases for memory updates are possible given
the three stage model. Rules are based on the idea that objects
in the STSS are, or were recently, visible, that objects in the
STM are being attended to and objects in the LTM have
previously been attended to and are currently in long-term
storage. These rules are as follows:

1. If there is no memory entry for an object in the STSS,
STM or the LTM, then it is presumed that the agent has
no internal representation of the object whatsoever.

2. A memory entry that exists only in the STSS signifies that
an object was recently within the agent’s view field, but is
not being attended to or rehearsed.

3. When a memory entry is only present in the STM, the
agent is attending to it, even though it is no longer in the
agent’s view.

4. When an item is present both in the STSS and in the STM,
then it is or was recently in the view of the agent and is
also being attended to by the agent.

5. Memory entries that exist only in the LTM are subject to
decay according to the decay function. The rehearsal pa-
rameter does not change since the agent is neither receiving
new information about the object from the STSS, nor pay-
ing attention to it through the STM.

6. Memories that are present in both the STSS and LTM re-
sult in normal STSS decay. In the current model, LTM
decay is paused while corresponding entries exist in the
STSS. This presumes some sort of connection between the
STSS and LTM that bypasses the STM. Although such
a connection was not part of the original version of the

model proposed in [1], the abandonment of strict serial in-
formation flow between each memory component is seen as
a necessary modification to support experimental evidence
(see [11]).

7. If a memory is present in both the STM and the LTM, then
trace strength decay takes place in the STM, but not in the
LTM. Rehearsal of the entry takes place since the entry is
being attended to.

8. When memories exist for an object in all three stages, then
the entry trace strength and rehearsal is increased. Object
uncertainty is also reduced. This case represents a scenario
where the agent is or has recently looked at a stimulus, is
paying attention to it and has also previously rehearsed the
stimulus and paid attention to it.

These rules form the basis of all updates that take place
in the memory system. When used in conjunction with decay
thresholds and rehearsal thresholds, they provide a way for
items to move between memory stages so that only the most
important environmental stimuli are retained in memory.

3.3 Forgetting

Forgetting is of vital importance to a computational model of
memory for agents. Items that are considered to be remem-
bered by the agent must be stored in the physical memory
of the computer system, which is finite. Operationally, for-
getting is implemented as a scheme for the removal of mem-
ory entries that are no longer of importance or relevance. In
the current system, a simplified model of forgetting is imple-
mented based on the decay hypothesis of retention [4]. Power
functions illustrate the decline in the ability to recall informa-
tion from memory as dependent on a retention interval, the
amount of time since a memory was last entered or rehearsed.
In this work, it is assumed that items in memory always have
a probability of recall of 1. Trace decay is used only to deter-
mine when a memory entry should be forgotten, as oppose to
how successfully information is recalled and to what extent.
Memory entries are presumed to decay according to an expo-
nential decay function, as used in the decline function in the
short-term store of Atkinson and Shiffrin’s buffer model [1].
Memory entries are removed from a stage when their trace
strengths are reduced below the threshold trace value defined
for the respective memory stage.

4 Visual Attention

Attention refers to the way in which some stimuli may re-
ceive enhanced cognitive processing, while others may not be
processed to the same degree. As a mechanism, a sound at-
tention strategy enables an entity with limited resources to
survive in a dynamic and complicated environment by priori-
tising the consideration of information that is potentially im-
portant and relevant, inherently and with respect to current
task. The basic visual attention system in use is a bottom-up
model that deems areas of high basic visual feature contrast
to be of inherent potential relevance to an entity. It has been
described elsewhere [14] and is based on [8]. It would be com-
plemented by the integration of a top-down model. Nonethe-
less, it serves to illustrate important interrelationships be-
tween memory and attention, the focus of this paper. In this
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case, the use of the object-based memory system is described
for enabling the focus of attention to move around a scene,
even when the viewer is mobile in the environment.

4.1 Inhibition of Return

Maxima in the saliency map, the primary output of the vi-
sual attention algorithm, correspond to those areas deemed by
the model to grab the focus of attention. One may envisage
an undesirable situation where a single location continually
maintains the maximal level and therefore holds attention in-
definitely. Inhibition of return, or IOR, is therefore usually
implemented. It refers to the inhibiting of winning locations
in the saliency map in order to ensure that the focus of atten-
tion may continue to move around and visit other locations
of high value.

Since the saliency map is a spatial representation of a scene,
IOR is usually also calculated based on 2D spatial coordi-
nates [8]. In this case, an important problem arises that the
spatial coordinates only remain valid if the viewpoint does
not change e.g. the scene remains still. In the situation where
the viewpoint moves, for example the agent walks forward,
IOR locations stored during previous iterations can not be
used. In this situation, the object-based memory system may
instead be utilised to implement IOR. Rather than keeping
track of attended-to locations i.e. 2D spatial coordinates, in
this model, the synthetic vision system (see Section 3.1.2)
resolves such locations to determine attended-to objects: a
measure of the attention paid to an object is therefore con-
sidered, rather than spatial coordinates, for guiding the focus
of attention around the scene.

4.2 Uncertainty and Scene Exploration

While inhibition of return operates over small time scales,
the method can be extended in order to support more general
exploratory behaviours. For example, an uncertainty value is
stored with each object. This is a single metric stored with
the memory entry describing the degree to which an agent
has attended to it and could be thought of as representing
the completeness and correctness of the agent’s representa-
tion of the object in memory with respect to the actual object.
High uncertainty values may be used to modulate the output
of the visual attention mechanism, thus creating a loop be-
tween agent and environment. For example, an object with a
high uncertainty value will attract the attention of the agent,
causing the agent to orient towards it. This will result in the
object being impressed into memory. As it remains there, the
uncertainty level will decrease. Eventually, another object will
win control of attention, the agent’s gaze will be redirected
to it and the process can continue. Thus the agent will have
acquired the ability to explore the scene. Furthermore, scene
uncertainty metrics, considering the mean uncertainty level
over all visible objects, can be used to vary the arousal of the
agent. This could be used to control, for example, the ten-
dency of the agent towards environment exploration rather
than other tasks. Highly uncertain environments, for exam-
ple, may invoke more looking behaviours than environments
that the agent has been familiarised with.

5 Conclusions
An outline of a model for storing incoming sensory informa-
tion from the environment has been presented. Links between
memory and attention have been briefly described: these
mechanisms seem complimentary for a variety of functional
reasons. Such a coupling allows IOR to be based on stored
memory values for attended-to objects. Conversely, memory
requires an attention mechanism for defining a sensible strat-
egy for filtering and transferring entries between successive
stages. In this respect, attention represents one possible can-
didate for controlling the values described in Section 3.1.1.
While the attention mechanism described here is perceptual
in nature and operates only in a bottom-up manner, the ex-
amples provided are only a few of the many possibilities that
may be achieved. For example, a valid argument that has been
made against independent memory systems for virtual agents
is the cost of storage of multiple copies of the world database
[6]. Robust filtering and forgetting mechanisms, based on a
sound visual attention strategy, could greatly alleviate such
problems, an important future issue for crowd simulation [7].
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