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1. Abstract

Many robot control architectures possess several lay-
ers which view the activity of the agent from different
perspectives. The lowest layer typically contains the
sensor and effector sub-systems. We will discuss
information flow in an agent architecture with an
emphasis on structures which facilitate effective per-
ception and action. We start by defining necessary
properties of the information flow mechanism. We
then describe how information flow in our agent meets
the specified criteria. Finally, we describe an imple-
mentation of an architecture using these information
flow structures on our autonomous agent, Bruce.

2. Introduction

Autonomous mobile agents must perceive and act in the
real world. We are interested in vision-based agents, so to
understand what agents must do, we need definitions of vi-
sion and action. According to Marr, vision is “to know what
is where by looking” [10]. We define action as altering the
world in a perceptible fashion. Mobile robots need both vi-
sion and action to be closely interrelated if they are to be ef-
fective. We will refer to the parts of the control architecture
that compose these interrelated functions as the perception/
action (PA) layer.

Robots intended to operate in dynamic environments are
typically designed with (mostly) stateless sensor and effec-
tor sub-systems [5][11]. However, the limitations of such
systems in complex domains are well known [18]. We con-
tend that, in order to be feasible, perception needs to take
into account the actions which an agent can perform. Simi-
larly, actions need to know about the sorts of results avail-
able from perception. Further, the way in which perception
and action are bound together heavily depends on the cur-
rent task of the agent. This close connection necessitates
some form of state. We propose a different perception/ac-
tion layer which uses task dependent structures called mark-
ers [4][1].
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Any perception/action layer is necessarily limited in its
view of the world and the amount of state it can create and
maintain effectively. In order to accomplish more complex
tasks, many researchers have developed heterogeneous ar-
chitectures which interface higher-level planning and se-
quencing capabilities to PA systems [3][6][8]. The question
is then, if such higher levels maintain a more complete
world model, what information should be passed to the PA
system in order for it to perceive/act effectively?

We will argue that any such information flow should be
highly structured and minimalist (not provably minimal, but
the PA system should not be overburdened). We first dis-
cuss the properties that any information flow mechanism
between a PA system and the rest of an agent architecture
must have to be effective. We then present our PA system
and describe how the information flow into and out of it
meets these requirements. Finally, we describe a task for
which our PA system performs as the lowest layer of a
three-level architecture (TLA).

3. Information Flow

We seek to characterize the flow of information within,
as well as, into and out of a perception/action layer. The per-
ception/action layer of an architecture is the layer closest to
the hardware. Information flows into the PA layer from the
higher layers of the architecture and from the environment
via sensors. Information from the higher layers configures
the PA system for various tasks, while information from the
sensors guides the PA system’s actions. Many PA layers
[71[81[20][21] contain concurrent behaviors whose interac-
tion is an important part of the agent’s information flow.
Data derived from the PA system’s sensors flows out of the
PA system to the higher layers of the architecture. This is
similar to “supervenience” [14].

The flow of information in a PA system is heavily tied to
the internal representation used by that system. All informa-
tion coming from higher layers of an agent architecture
must be converted to structures which the PA layer can use,
while all out-going information must be synthesized from



these structures. The internal PA layer representation also
serves to coordinate its activities such that a behavior
“emerges”. In defining the properties of information flow,
we are defining the characteristics of this internal represen-
tation.

The information flow mechanism (and hence the PA lay-
er’s representation) must possess three properties. First, the
transfer of information between layers must allow for task-
directed behavior. The downward flow must be able to de-
scribe goals in some form, but also specify queries to the PA
layer about the state of the world with regard to the current
goals. The resulting upward flow must be suitable for run-
time planning, such as choosing a branch in a conditional
plan, or generating a new plan in response to some situation.

Second, the information must be in a direct and accessi-
ble form for the PA layer. Since the PA layer interacts with
the agent’s environment, it needs simple, direct representa-
tion to achieve timely performance. The PA layer should
not be performing extensive inference on an elaborate
world model to select its actions.

Finally, the information transmitted by the higher lay-
er(s) should be as close as practical to the minimum amount
necessary to allow the PA layer to accomplish the desired
task. While no guarantees of minimality need to be made,
the PA layer should not be expected to maintain large quan-
tities of information. For example, if the agent’s goal is to
go down a hallway, the perception/action layer should re-
ceive something closer to specifications of the distance to
maintain to the left and right walls, than to a detailed free-
space map of the hallway. The perception/action layer can-
not afford to be bogged down with extraneous information.

Taken together, the above considerations lead to the idea
that the flow of information should be in a highly structured
form, i.e. through a well-defined interface. This not only
simplifies programming, but leads the designer away from
the temptation of creating a PA layer which needs to pro-
cess arbitrary data structures.

4. A Perception/Action Layer

Perception/action layers are characterized by their “di-
rect” connection between sensors and effectors. This does
not imply that there must be a physical connection, or even
that there must be a simple table lookup indexed by sensor
values [13]. Typically, much of the work in a PA system is
in converting the sensory input into a (usually simplistic)
representation of the situation (which may or may not be
stored) and using it to select one of a few possible actions.
For example, to pick up a soda can, the agent must locate
the can (using some segmentation and recognition) and then
adjust its arm position. The locating of the can occurs on
each “loop” of the behavior, regardless of the state of the

74

last arm movement. While these two steps of computing in-
formation from sensors and sending commands to effectors
take place on each loop of the pick-up behavior, the sending
of commands to the arm takes only a small fraction of the
time taken to locate the can.

The PA system of an autonomous agent, particularly a
vision-based agent, must be efficient in its sensory process-
ing, as that consumes the majority of its time. While this
discussion is applicable to an agent with any sensory mo-
dality, we will constrain our discussion to vision because it
presents the most computational difficulties.

So, given that computational efficiency is of primary im-
portance, and that our PA system will be using vision, the
question becomes, what information is needed to effective-
ly complete the tasks specified by the higher layers? For the
answer, we fall back to Marr’s definition of vision. The PA
system needs to know the ‘what’ and the ‘where’ for the ob-
jects which will fulfill certain roles in the task it is directed
to accomplish, by looking. The higher layers of the architec-
ture will need to be able to query the PA system for infor-
mation about the world. To structure this information flow,
we use markers [4][1].

For the PA system, performing a task involves enabling
a set of concurrent processes, out of which arises the overall
behavior of the agent. The flow of markers into the PA sys-
tem enables various PA processes. The flow of markers out
of a PA process (either to other PA processes or to higher
layers of the architecture) carries the information which that
process has derived.

4.1. Markers

Ullman [19] uses the term “marking” to refer to remem-
bering a location for later reference. He proposes the cre-
ation of a “marking map” which holds context dependent
locations, in the visual field, that have been analyzed. Att-
neave and Farrar [2]) suggest that locations outside the vi-
sual field can be marked. Pylyshyn describes a similar
concept in his FINST model [12]. He describes a limited
number of “reference tokens” which can be bound to visual
features. This binding is a pre-requisite to determining rela-
tional properties about those features. Agre and Chapman
[1] use markers in their Pengi system to identify objects rel-
evant to the penguin’s current task, e.g. the-ice-block-
blocking-my-escape. Brill considers issues involved in us-
ing markers in dynamic 3D domains involving occlusion
[4].

Markers allow the PA system to maintain a small, highly
structured model consisting of task-relevant objects. Each
marker contains the what and the where for some object
in the current task. The what component identifies the ob-
ject’s role in the current task. For example, the sit-down



task requires some object to fulfill the role of seat. A chair
in our lab may be associated with a seat marker during the
sit-down task, but the same chair may be associated with an
obstacle marker if it blocks the agent’s path to its goal dur-
ing a navigate task. Note that the what component does not
have to uniquely identify or even globally classify the asso-
ciated object. The seat marker does not say which of all
known seats we are dealing with, while the obstacle
marker does not care that the associated object is actually a
chair. The where component of a marker represents the lo-
cation of its associated object in ego-centric coordinates.
The agent’s visual system has primitive tracking capabili-
ties to keep the position of the object stored in each marker
up to date. Throughout the rest of this paper we will use
boldface to denote values of the various components of
markers and phrases such as seat marker to denote a marker
whose what component is seat.

Markers also provide the actions to take on their associ-
ated objects (goto, look-at, none, etc.). In this way, each
marker specifies a “primitive” goal to the action system. For
example, a marker whose what is my-opponent and
whose action is chase represents the goal chase my-
opponent. The my-opponent marker provides the loca-
tion of the target which is then used to navigate the agent.
Markers may exist to provide the state necessary to some
other action, or to express a dependency between objects
and goals. For example, an object is only an obstacle if it
blocks the agent’s path to some goal. If the agent’s goal
changes, the object may no longer be an obstacle.

Together, the current markers in the PA system represent
the aspects of the current task, which are considered impor-
tant. But, considered important by whom? How does the PA
system know what to mark? The answer is that the higher
layers of the architecture specify what aspects of the world
the PA system needs to consider, and the actions that should
be taken. In this manner, the complexity of an agent’s over-
all plan is hidden from the lowest level of the system, but
the agent can still preform complex tasks.

The action component of the markers specify which
behaviors should be activated in the PA system. The what
and where components provide these behaviors with con-
figuration data. So, the PA system can be reconfigured to
perform different tasks by passing it a different set of mark-
ers.

Our PA system reacts via actions invoked in its hard-
ware, based on the state of its markers and the current val-
ues on its sensors. Details on the instantiation and
maintenance of markers is provided in a later section. For
now, we will concentrate on why the marker structure pos-
sesses the desired information flow properties specified
above, and why it is an effective structure for execution.
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4.2. Flow in the PA Layer

Now that we have defined our PA layer, we will examine
how such a system meets the requirements of our informa-
tion flow mechanism. For purposes of this discussion, we
refer to all non-PA system layers in the architecture as the
deliberator. Later, we will see that the deliberator consists
of multiple levels, but for now, this is an unimportant detail.

Information flow within the PA layer and between the
PA system and the deliberator displays the required proper-
ties. First, markers from the deliberator provide for goal di-
rected behavior because they specify goals to achieve
(goto the-box) orinformation to obtain (switched-
on? the-lamp). Queries such as (switched-on?
the-1lamp) return both the marker for the-lamp, and a
primitive data type result indicating whether or not the lamp
is currently switched on. The state of the lamp’s switch is
not stored by the PA system as it is not one of the marker
components.

Intra-PA layer information flow also provides for goal-
directed behavior through relationships between markers.
For example, in our system, a goal marker with a goto ac-
tion provides the destination for a navigation task. This
marker may be provided by the deliberator. The goto action
consists of four cooperating entities (which we call PA pro-
cesses). The neck process points the agent’s camera toward
the goal. The obstacle-detector process creates markers
which track objects that represent obstacles to the agent’s
current straight line path to its goal. The presence of these
obstacle markers causes another PA process to visually
scan the immediate area and create an intermediate desti-
nation marker indicating a direct path that would cause the
agent to avoid the obstacle. Finally, the navigator process
heads for the goal, or the intermediate destination, if one ex-
ists. The navigator will periodically delete any intermediate
destination marker and head for the goal again. If there are
still obstacles, they will be re-detected by the obstacle de-
tector, and the avoidance process will repeat itself.

Markers allow the deliberator to communicate its expec-
tations or beliefs to the PA system. The deliberator can, for
example, derive an expected position of some landmark,
based on its knowledge of the agent’s current location and
a map of the environment. Passing this “uninstantiated”
marker to the PA system will cause the PA system to try and
locate a corresponding object in its input stream, thereby in-
stantiating the marker. The uninstantiated marker provides
the PA system with the deliberator’s knowledge of the ex-
pected location of some object. The PA system, in turn, ad-
justs the estimate by finding the object in the world. The
new position can be passed back to the deliberator to refine
its map or notion of the agent’s position. In this way, the de-
liberator receives, through the marker, the PA layer’s



knowledge (the latest sensor information) about the object.

Markers can be generated by the deliberator because
they do not specify arbitrary information about an object.
The deliberator layer has access to a database of identifica-
tion and action routines, along with some form of map of
the agent’s environment. So, the deliberator layer can con-
struct the information necessary for the PA layer by simply
filling in a marker structure containing an object’s task-de-
pendent identity, location, and the action to take on it. The
deliberator also has the knowledge to construct dependen-
cies between markers when they can be known beforehand.
Imagine an agent pouring water from a pitcher into a glass.
Since both objects are required for the task, we can say both
markers will be dependent on the pour task. However, we
usually view this as one of the markers having the pour ac-
tion, and the other marker being dependent on the first
marker.

The information in a marker is accessible because it
deals directly with relevant aspects of the current task. We
make the strong statement that much of the work in any ac-
tion system is converting sensory inputs into the very infor-
mation contained in the markers, that is, the location and
task-dependent identity of objects. For example, a sonar
based agent approaching an object may interpret a short
reading as the object. The agent may feedback this informa-
tion into the motors to decelerate and stop gracefully. In any
event, the first computation of the approach behavior was to
decide that the sonar reading was registering the object
(which may be done from context rather than an explicit
recognition routine) and how far away that object was.

We argue that the what and where of markers are
world aspects which are always needed to select among the
types of primitive actions which a low-level PA layer can be
expected to execute. The values from the agent’s sensory
system will almost always be processed into these proper-
ties (with other aspects being computed in response to que-
ries to the PA layer). Marker-based representations make
this explicit.

We claim that markers provide a minimalist amount of
representation necessary to accomplish various goals.
While we do not expect system designers to develop prov-
ably-minimal representation schemes for tasks, markers
provide a simple, well-defined interface that is effective for
use by a PA system. We have found that most of the com-
putational load in a behavior is due to the establishment of
the marker properties, so this information is important. We
leave the “larger meaning” of having various world aspects
in some configuration to the higher layers of the architec-
ture. However, the marker properties are the sort of data
necessary to set appropriate motor velocities (avoid the ob-
ject over there), allocate sensor resources (look at the door
on the left), move arms (pick up the coke can at 43cm range
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and 23 deg. azimuth) etc. Since the PA system tracks the ob-
jects associated with markers, PA processes which consult
markers will get the most recent positions of the associated
objects, even if the objects are not currently in the agent’s
sensory field [4][20][21]. '

5. An Application

We possess a small mobile robot named, Bruce. His sen-
sors consist of a single camera on a pan/tilt “neck” and a set
of bump sensors. Bruce is connected to a workstation and
image processor via radio links.

Here, we are programming Bruce to play tag in our lab-
oratory against a human controlled opponent (a toy truck).
Tag provides us with a task requiring navigation through a
dynamic environment. The game contains planned explora-
tion of the environment while seeking the opponent, as well
as chase sequences, where more reactive control is a must.

The rules of the game are simple. The game begins with
the human hiding the truck in some location with in the
game area. Bruce then uses his map of the game area to seek
out the truck. Once the truck is located, Bruce will attempt
to tag it. At this point, the human is allowed to try and avoid
Bruce. A successful tag occurs when Bruce closes one of his
bump sensors against the truck. Bruce wins if he tags the
truck before it reaches a pre-defined homebase location.

The architecture we use for this application is a TLA
with a spatial planner (SP) at the top, a manager layer called
the task executor (TE) in the middle, and the PA layer de-
scribed previously on the bottom. The overall responsibili-
ties of the various layers are similar to a number of other
architectures [3][6][8].

The basic workings of the application are as follows. The
spatial planner generates a night-watchman’s tour [17] of
the lab from its map (see figure 1). The tour and a more ab-
stract map are passed to the TE. The agent’s overall task
(for which it generated the plan) is to find and tag the truck.
Toward this end, the TE must direct the PA layer to perform
two tasks: following the generated route and examining the
visual field for the truck. If the truck marker is ever detect-
ed, the TE changes the task in which the PA layer is en-
gaged. The TE will change the action component of the
my-opponent marker to chase and Bruce will try to touch
the truck.

Since one of the agent’s active tasks is to seek out its op-
ponent (the truck), the TE passes an uninstantiated my-
opponent marker, with no where information, to the
PA layer. This indicates that the TE has no idea where the
opponent will be, but that the PA layer should try and in-
stantiate the marker at all times, i.e. always be looking for
its opponent. Later we shall see how the my-opponent
marker can be associated with the truck. The other active




task is to follow the generated night-watchman’s tour, in the
hope that the agent’s opponent will be spotted somewhere
along the route.

b3

b4

home

Figure 1. Free-space map and generated plan

Executing the plan generated by the SP involves the TE
directing the PA layer to go to various locations. These lo-
cations are described to the PA layer in terms of their rela-
tionship to objects which the PA layer can identify. Markers
for the various objects that the TE expects the agent to en-
counter along the tour will be passed to the PA layer at ap-
propriate times. In figure 1, for example, step 3 of the tour
takes the agent toward box b5. The TE will pass a goal
marker with a goto action to the PA system. The goto
action will cause the navigation and obstacle avoidance be-
haviors to become active with the goal of moving the agent
toward b5. The PA layer will update the estimated ego-cen-
tric position of b5 as the agent moves. When the agent
reaches b5, the representation of b5 (the goal marker) and
any associated obstacle markers can be dropped from the
PA layer’s representation as the goto goal task is complet-
ed. At this point the agent needs to follow the next leg of its
tour, so the TE will pass a new marker to the PA system.

At various points on the tour, the truck-seeking plan in-
dicates that the agent should look around to assure that all
the game area has been seen. These points are indicated by
the dashed lines in figure 1, with the arrow heads indicating
the direction to view. This is accomplished by creating a
marker with a Look-at action and awhere component in
the direction the agent is to look. The Look-at action will
cause the camera to turn to the desired heading, though the
PA layer need not associate this marker with any particular
object. However, if the truck comes into the agent’s visual
field via the look-at action, the my-opponent marker will
be instantiated to correspond with it.

An important consideration is how the PA layer’s visual
system instantiates and maintains markers. In addition to
their what, where and action components, markers
contain an identity component which specifies visual
routines used to detect the sensory characteristics of the ob-
ject with which the marker is to be associated. The associa-
tion between a marker and an object is initially made by a

17

routine called locate and is maintained by a routine called
track. These routines differ from marker to marker, depend-
ing upon the associated object’s perceptual properties. Note
that there is not necessarily a correspondence between a
marker’s what component and its identity. For exam-
ple, when executing step 3 of the plan of figure 1 the PA
system contains a goal marker whose identity is bS.
However, while executing step 4 the PA system contains a
goal marker whose identity is b3. This is because the
navigation task requires some object to fulfill the role of
destination (goal), but the identity of that object can change.

Bruce’s visual system uses a “hypothesis and test” strat-
egy. First, the where components of all markers are trans-
formed, based on the agent’s motion as estimated by data
from the wheel encoders, to reflect the current hypothesized
ego-centric position of the associated objects. If the estimat-
ed location of the associated object should be in the field of
view, the agent will attempt to find a correspondent for the
marker. The visual system first segments the input images
by finding the ground/non-ground boundary, which we call
the groundline [9]. Objects are represented by appropriately
sized vertical discontinuities in this line (see figure 3). Each
image region, indicated by a pair of vertical discontinuities,
is analyzed using the track routine of each instantiated
marker for which the PA layer is seeking a correspondent.
Correspondence between the instantiated markers and seg-
mented objects is a function of the results of the track rou-
tines (how well a segmented object matches the
identity component of the marker) and the difference
between the location of the object and the where compo-
nent of the marker. If a correspondent is found for a marker,
the ego-centric position of the marker is replaced with one
based on image coordinates. If no correspondent is found,
or the marker’s hypothesized position was not visible, the
hypothesis becomes the current position. All markers which
the PA layer believed should be in view, but were not found,
can be dropped as they are no longer present (actually, we
don’t drop them right away, in order to screen out momen-
tary visual processing failures).

Any unmatched, segmented image regions may be
matched against any uninstantiated markers which the PA
layer believes should be in view, once the instantiated
markers have been processed. This proceeds similarly to the
instantiated marker correspondence with the locate routine
being used instead of the track routine. When an uninstanti-
ated marker becomes associated with an object, we say the
marker is instantiated. The PA layer will now track the ob-
ject’s position and update the location stored in the marker.

Visual correspondence (via the locate and track func-
tions) is based on scaled color histograms [16]. We use 512
bins (3 bits each of red, green and blue). When a track func-

tion finds a correspondent, the histogram of that object is



saved to be matched against on the next iteration of the
function.

5.1. Searching the Lab

The important concept in this application is that while
the “upper” layers of the agent, i.e. the SP and the TE, know
about the spatial layout of the game area, the PA layer has
only limited knowledge of a specific part of the environ-
ment, at any one time. Consider the free-space map of fig-
ure 1, which is available to the spatial planner. The SP needs
a map of this detail in order to create a night-watchman’s
tour of the region, allowing the agent to view the entire area
in search of its opponent.

However, the task executor need not be bothered with
the complexity of the free-space map. The TE needs only
the relative distance and orientation between the landmarks
which the agent will visit. From this information it can cre-
ate uninstantiated markers. Consider the agent in figure 2a,
which is in the same position as the agent shown in figure
1. As the agent approaches box b5, b5’s position is tracked
by the instantiated goal marker (with ident ity b5). This
is shown by the solid arrow. In figure 2b, the agent has com-
pleted the goto b5 task and now the TE is directing the PA
layer to goto b3. The goal marker with (ident ity b5) has
been dropped, and an uninstantiated goal marker (with
identity b3)has been placed in the PA layer’s represen-
tation by the TE. This is shown by the dashed arrow. Note
that the object which the TE wishes the PA layer to associ-
ate with this marker is outside the PA layer’s current field
of view (shown by the lines extending from the front of the
agent). The PA layer begins the goto task by navigating to-
ward the location in the uninstantiated goal marker. This lo-

c ; (d
Figure 2. Marker instantiation
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cation is updated based on encoder data from the robot.
When the marker’s where component indicates that the
object that the TE wishes to have associated with the marker
(in this case b3) should be in the field of view, the PA layer
will begin examining the visual field for b3 (using the
marker’s locate routine). This is shown in figure 2c. When
the marker’s locate routine detects the object, the marker is
instantiated and can be tracked using the marker’s track
routine. The goto task can now proceed using visual data.
This is shown in figure 2d.

Figures 3a-d show the PA layer’s view of the world in
the situations shown in figure 2a-d, respectively. The white
line in each figure is the approximate groundline used for
segmentation.

s

Figure 3. Agent’s eye view

The PA layer’s computational constraints restrict the
amount of information it can maintain and still perform ef-
fectively. While some researchers have taken the extreme
position of maintaining no information (or state) in the PA
layer [5], we feel that small amounts of task dependent state
can increase competence at a variety of tasks (see [4] for
some examples). The TE need not give the PA system
markers for possible obstacles it might meet along the way.
In fact, the TE cannot know where these obstacles will be in
a dynamic environment. The PA layer does not even repre-
sent any non-goal object (for the goto task) unless it blocks
the agent’s path. At that point, the navigator needs the ob-
stacle’s position to maneuver appropriately, so the obstacle
must be associated with a marker. The agent’s vision sys-
tem, with its marker interface, provides exactly the informa-
tion needed by the navigator.

Another aspect of markers which is important in the



find-and-tag task is that they provide the PA layer with spe-
cific properties that can be effectively extracted from the
environment. Unlike agents with proximity sensors, vision-
based agents cannot detect arbitrary objects in the world.
Since, in general, agents cannot navigate to arbitrary points
in space (unless they possess some form of GPS), vision
based agents must do all navigation with respect to one or
more of the objects in their “model”. The “world model” of
our PA layer consists of nothing more than the markers as-
sociated with objects important to the current action. These
are the objects which the agent can detect and track.

6. Related Work

There are many autonomous agent architectures
[3][71(8] each having multiple levels of activity. Their low-
est layer, often analogous to our PA system, is a collection
of independent behavior processes which communicate
with each other and the upper layers through some channels
[8] or shared memory [7].

Designing these behaviors is mostly an art. While this
paper does not alleviate the difficulties of behavioral de-
sign, it does seek to say something about the communica-
tion between behaviors and the non-PA system layers of an
agent’s architecture. Work such as Gat and Firby & Slack,
allows communication to be unstructured and arbitrary. We
have defined a more structured communication mechanism
via the passing of markers associated with task-dependent
roles. We believe that this interface allows the effective ex-
change of important information between behaviors or be-
tween behaviors and the upper layers of an architecture.
Information flow in a marker-based paradigm provides
communication of the world properties which a PA system
must be expected to routinely compute.

Our work is, in fact, compatible with the work of Gat and
Firby and Slack, in that information flow within their PA
layers could be marker based and their RAP layers could
use markers as the medium for communication with the un-
derlying system.

Spector’s supervenience model [14] is similar to our in-
formation flow model in that it can be summarized by the
phrase “world knowledge up, goals down”. The superve-
nience architecture consists of a set of communicating lev-
els in which lower levels pass facts about the world to
higher levels while higher levels pass goals down to lower
levels. The first of our information flow characteristics
specifies a similar relationship. Each level in the superve-
nience architecture contains a knowledge base accessible as
a blackboard system. Uniform knowledge structures are
used at each level. We have presented a knowledge struc-
ture, the marker, which is effective for use by a PA system.
We further state that the types of knowledge structures
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needed for the tasks of higher layers are not effective for ac-
tion at the PA layer. This is because they do not meet the
third point of our information flow characterization, i.e.
such structures are not meant to contain a practical mini-
mum of information.

The imagination model of Stein [15] involves the cre-
ation of an imagination layer under the PA layer. The PA
layer interacts with this “imagined” layer as if it were the
real world. In this way, Stein’s agent which builds a map of
its environment as it explores, can be made to map places it
has never been by having the imagination level feed the ap-
propriate sensory information to the PA system at the ap-
propriate time. The difficulties with creating an imagination
layer for a vision-based agent not withstanding, the idea
does present the intriguing possibility of using a planner’s
expectations to create an imagination layer within which it
can “imagine” the outcome of various plans. Our work is
compatible with such an idea because we are addressing the
flow of information within the agent, while the imagination
model address the flow of information from the world into
the agent.

7. Conclusions

PA systems have increased task competence over purely
stateless systems when given small amounts of highly struc-

.tured state information. A truly stateless agent cannot even

follow a route plan because it cannot store the “next” direc-
tion to go. This work goes beyond simply stating that repre-
sentation can be useful. It provides an organizational
structure for PA memory (markers) which can be effective-
ly kept up-to-date. We have also discussed the update
mechanism. However, PA systems cannot manage complex
tasks. The addition of planning and sequencing components
of an agent architecture give the agent new capabilities, but
also necessitates some information flow between these
components and the perception/action layer. We have dis-
cussed a marker-based communication model which pro-
vides limited amounts of necessary information (no full
world models for example) for effective execution at the PA
layer. As part of our TLA, the higher layers allow the PA
layer’s representation to remain small and task dependent
by adding and removing markers as the agent’s current task
changes. In this way, managing the complexity of the
agent’s overall goals is lifted from the PA layer, allowing it
to be efficient and effective.

We have discussed our PA layer and information flow
model in terms of an application in which an autonomous
agent searches our lab for an object (a toy tuck) and at-
tempts to actively tag it as it tries to escape. The use of
markers allows the layers with map access to provide inter-
mediate goals to the PA layer. The PA layer can also signal



important information to the TE, such as the location of the
truck. In addition, markers are used to communicate be-
tween PA processes for obstacle avoidance.

We believe that markers provide for a structured com-
munication mechanism between layers of an agent architec-
ture. They describe the properties that low-level systems
need to act and can efficiently extract. This is particularly
important for designing vision-based agents operating in
dynamic environments.
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