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Abstract

Autonomous mobile robots should be able to perform useful tasks in complex and dynamic
environments. In an attempt to achieve this goal, artificial intelligence and robotics research has given
rise to a wide variety of intelligent systems. Only recently have these systems begun to address the issues
involved in solving problems and planning action with limited resources in complex and dynamic
domains. To this point, the literature has not provided an analysis of how these factors affect system
architecture. This paper discusses how resource limitations and domain characteristics affect the basic
structure of system architecture, and how this structure impacts the system’s ability to solve cognitive
problems. We set forth four general design issues for systems: modularization, parallelism, execution
control, and communication. In each case we explain how the demands of proeblem solving ability and
real time response conflict, thereby making it difficult to integrate planning and control in the same
system. With this understanding of the implications of design choices, it is possible to evaluate the
strengths and weaknesses of real and potential architectures. The range of design choices is illustrated
with examples of real planners, controllers, and other intelligent systems.
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1. Introduction

One of the aims of robotics research has been to develop intelligent, mobile agents capable of
performing tasks in the complicated environments in which humans live. Attempts to design such
agents have given rise to a wide variety of systems. Artificial Intelligence has created planners, and
Robotics has developed vehicle control systems. Both kinds of systems tend to concentrate on a narrow
subset of intelligence: planners address puzzle solving, learning, and other cognitive problems; vehicle
controllers concentrate on low level sensor processing, navigation, and control tasks. Traditional Al
planners are not adequate for controlling an agent in complex and dynamic domains because they do not
address issues of interaction with the real world, limited resources, and system implementation. On the
other hand, robot controllers operate vehicles in the real world, generally under the supervision of a
simple planner, but sacrifice cognitive abilities to do so.

There are many reasons why particular systems are competent in only limited areas. The competence
of a system for a particular task is affected by its architecture — how the system represents and uses
knowledge, what inference mechanism or algorithms are used, how knowledge is grouped into modules,
etc. In addition to these aspects of the architecture, there are several basic issues that more generally
affect how well suited a system is for performing cognitive or real time control tasks. These issues
concern general information structure — whether modules are used at all, and how data is
communicated between them — and how the locus or loci of execution flows in the system. The choices
for these structural aspects of architecture design are driven by the requirements of the task and
environment. an understanding of the relationship between these requirements and choices is important
for understanding why planners cannot control robots and robot controllers cannot solve puzzles.
Unfortunately, the planning and robotics literature does not adequately explain why systems are
designed the way they are — what assumptions are made about the problem domains, how the
assumptions constrain system design choices and how these choices affect problem solving capabilities.
In this paper we discuss the relationship between domain constraints and system architecture and how
architectural features can limit rationality. The remainder of this section describes traditional planners,
dynamic domains, and planners for dynamic domains in more detail. We then explain the importance of
resource constraint considerations, and finally introduce the specific system design issues that are
analyzed in the paper.

1.1. Traditional Planners

Early robot programs embraced the idea that an intelligent robot seeks goals; the robot executes a
sequence of actions that changes the state of the world (and robot) so that some specified goal state is
achieved. The job of these programs was to plan — to search for a suitable sequence of actions. STRIPS
[16] is a favorite example of an early planner.

The major weakness of STRIPS-like planners for mobile robots is that they assume a very benign
problem domain. In particular, they make the following assumptions:
* The world is static. Nothing ever moves or changes except as a result of robot actions.

* There are no time constraints. The robot may take as long as necessary to develop a plan. Also,
there are no limitations on how long the plan could take to execute.

® The robot has complete knowledge of everything in the environment. There is essentially no need to



use any Sensors.
A mobile robot is rarely able to make such assumptions. Physical processes and other agents change the
environment; the changing environment and the robot's own motion impose time constraints; and real
sensors limit the robot’s knowledge.

There are other limitations in STRIPS having to do with problem solving ability. For example, it has
problems dealing with interacting subgoals and consumable resources; it cannot take advantage of
abstraction; and it cannot learn. These limitations are significant for any intelligent problem solver. Later
planners, such as STRIPS with MACROPS [17], BUILD [15], ABSTRIPS [50], NOAH [51], SIPE [58], Soar

[33], PRODIGY [39], Theo [40], etc. have improved considerably on STRIPS’ problem solving limitations.
Nevertheless, these planners still make the assumptions itemized above. In this paper, however, we are
concerned with systems and domains in which these assumptions do not hold.

1.2. The Problem of Complex, Dynamic Domains

Complex, dynamic domains place additional requirements on planner capabilities. These
requirements have been expressed in many ways — the need to interleave planning and execution, the
need to make decisions quickly or in a bounded time, the need to sense the world frequently, etc. The
key problem for the planner in all of these cases is simply that its resources and time are both limited. Ifa
robot had an infinite amount of time, it could thoroughly examine its environment and then exhaustively
search for the best action to take next. If it had infinite sensing and computational resources, the robot
could do these exhaustive computations in an instant. However, when a robot has limited resources
relative to the dynamics of its domain, it may have to abandon its search for the ideal solution and settle
instead for a satisfactory one. Thus the dynamics of the domain combined with limits on resources force
a planner to act differently than if it were in a2 more ideal problem environment.

In addition to planning problems, limited resources are the cause of some perceptual and uncertainty
problems. The inability of a robot to know about everything around it is partly due to its inability to
direct its sensors and perceptual processors at everything at the same instant. Of course, range
limitations and other physical factors would still limit even infinitely fast sensors.

This statement of the problem may seem obvious, but the relation of resources to world dynamics is an
important one to consider before deciding that a certain planning system "must have feature X" to meet a
functional requirement. For example, suppose a planner is to control an industrial process that has time
constants on the order of several hours. It is possible that the planner could search for the best action and
always find it within a few minutes; even exponential algorithms have bounded times if the problem size
is limited. This planner could use a simple execution scheme in which the system continually plans,
updates its data base from polled sensors and then plans again. Would this be a useful approach,
though, if the time demands on the system were much higher, or if the problem size grew? Perhaps this
same planner could be used, using faster hardware that will be available in ten years. In this example, the
performance requirement does not necessarily require execution control features beyond those in a
"traditional” planning system.

Our point here is not to claim advantages for simple execution control schemes, but to show that not all



problem domains necessarily constrain planners to the same degree. Architectural constraints are often
introduced into systems based on tacit assumptions about the domain and resources. It is not always
apparent that these assumptions hold true for the range of applications intended for the systems. On the
other hand, it is possible to identify aspects of complex and dynamic domains that do justify special
system features. These domains require resource limited systems to have more sophisticated control
architectures because the domains have these characteristics:

» they impose response time constraints;

» the computations required to solve the problem grow as problem size increases;

» the problem complexity is variable over time and unpredictable;

eand situations in the environment change outside of the agent’s control and at times
independent of the agent’s actions.

Such environments are important for intelligent agents because they are common in the real world that
humans inhabit.

In the literature, problem domains with severe time constraints are referred to as "real-time" domains.
A real-time planning or control system is one that is "fast” with respect to the dynamics of the domain. In
control applications, real-time usually means that a processor executes fixed-time pieces of program code
at regular, clocked intervals. This idea has been refined and generalized to apply to planning systems
that do not repeatedly execute the same code. For example, O'Reilly and Cromarty [46] define a real-time
system as one that has the ability to "guarantee a response after a fixed time has elapsed, where fixed
time is provided as part of the problem statement.”

"Real-time” requirements can be further generalized by combining concepts of response time and
gradual performance degradation. In a dynamic domain, many of an agent’s goals will be related to
time. For example, a goal of getting to a particular destination will probably have a #ime limit associated
with it; a robot might have a goal of tracking a car whose position is changing with time; a robot might
need the ability to react within a certain time to an obstacle that moves in front of it. The performance of
the robot in executing its task is thus often tied to the time it takes to think and act. Failure to act within a
certain time interval may not necessarily result in total mission failure, but just reduce the quality of the
robot’s performance. For instance, consider a low level servo controller on the robot. As the time
between successive command outputs increases, the bandwidth and stability of the controller degrade.
Another example is viewing the scene ahead of the robot to find the road. As the motion planner waits
longer and longer for new information about the road, it must slow the robot more and more to prevent it
from "falling off” the edge of the known road. This slowing is a loss of performance if speed is a goal. A
third example is braking or swerving to avoid an object that suddenly moves into the path of the robot. If
the robot is to maintain a higher speed (again, a relation to time) and still be able to swerve or stop in
time, then it must be able to react within an shorter time. System response within a fixed time must only
be guaranteed absolutely if failure to do so would result in an unacceptable performance degradation or
mission failure.

The planners discussed in section 1.1 create complete plans and then execute them blindly in static
problem domains. Although this control method is adequate for static worlds, system designers have
realized that much more interaction is required when the domain is dynamic and resources are limited.



For example, Munson [43] described how planning and execution could be interleaved for agents in
uncertain environments. In the last four or five years, many intelligent agent designs have emphasized
capabilities for dealing with dynamic environments, time constraints, and the need to use perception to
get information [25], {4], [18], [20], [29], [34). This research, as well as general research in "real-time" Al
[32],[46] and time-dependent reasoning {13},123], [26],[31] , has established several functional
requirements for planners in dynamic domains. These requirements include the ability to choose actions
quickly, guarantee a response time, focus attention, sense and act continually, respond to asynchronous
events, and adjust the quality of reasoning to match time available. On the other hand, mobile robot
controllers have generally started with a commitment to sense, plan movement, and monitor execution
with perception [3], [6], [12], [14]}, [21], [24], [27], [35], [37], {41], [45], [47], [52], [54], [57]. As their tasks
and environments became more complicated, robot system designers have sought to better decompose
the problems, improve their perceptual capabilities, and better integrate various sensing and
computation components. While all of these systems have made progress towards achieving intelligence
in real-world environments, all lack some important ability — either reacting to dynamic events,
accommodating limited resources (especially perception), or applying knowledge to solve problems. In
other words, none yet combine powerful cognitive ability with realistic control capabilities.

In summary, it is resource limitations of the agent relative to the complexity and dynamics of the
problem domain that make such domains difficult for autonomous agents. The ability of the agent to
achieve its goals will degrade steadily as time constraints are tightened. Various systems have been
proposed to solve problems in these domains; the architectures of these systems usually favor either
problem solving or real time behavior control, but not both. This paper explores the rationale behind
different architectural features and elucidates the problems inherent in integrating planning and control.

In this paper we use the term integrated robot architecture (IRA} to refer to a intelligent robot software
system. This term is used because "planner” is often associated with a program that has little or no
interaction with the environment, while "controller” is often used in the context of a purely numerical,
reactive system. An IRA is an integrated planner and controller with limited resources that operates in a
complex, dynamic domain.

1.3. The Importance of Addressing Resource Constraints

Resource constraints at first may seem unimportant relative to the basic task problems. For example, it
seemns reasonable to determine how an image of a scene can be interpreted and what robot motion should
be made before worrying about how to implement the computations quickly. However, there are several
reasons to integrate resource considerations into [RA’s at an early stage in the design. First, time
constraints actually form part of the intelligent agent problem. A plan to achieve a goal is not useful if
the agent does not have time to execute it, or even complete the plan in the first place. If a planner is not
guaranteed enough time to complete its work, it must use a different technique to find some answer in
the time it has available. Thus the original problem has been changed by time and resource constraints.
The IRA may approach this problem by using declarative knowledge about computation times and
deadlines, or it may use parallel hardware and priority assignments, or some other design. Similarly,
parallel processing, modularization, and data communication issues may seem secondary to
understanding how an agent can accomplish its goals; however, as we will show, these structural



characteristics can limit the upper bound of the agent's rationality. Therefore, task solution methods
should not be addressed in isolation from the system structure.

Several researchers have asserted that the special problems of performing tasks in the real world are
even more important than solving abstract problems. Their emphasis is on handling the interaction with
the complex and dynamic environment first, and working on abstract tasks second. Brooks comments
that the hard part of building an intelligent agent is not in the abstract reasoning, but in making the
abstractions from the real world in the first place [7]. Thus, once objects in a room have been classified by
support an mobility properties, it is easy for the abstract monkey-planner to reason that a chair should be
placed beneath the dangling bananas. Brooks and Moravec [42] point out that while abstract puzzle-
solving systems have attained human-level expertise, complete, autonomous systems can barely function
with the capabilities of insects. We may not be able, as humans inspecting our own behavior, to break
down abstract problems into pieces that lead to realistic systems of low level perception and control
functions. On the other hand, once systems that can perceive and perform simple tasks in the real world
have been built, they may constrain or suggest structures and functions for the cognitive parts of the
system. Chapman and Agre [10], along with Brooks and Moravec, suggest that the cognitive processes
may actually use the perception and control hardware for abstract reasoning — the "mind’s eye.” While
it is not clear that intelligent agents should be completely designed from the bottom up, it is certainly true
that the implementation of perception and real time control will have a large impact on the overall
capabilities of the agent.

Finally, more and more intelligent agent research is being conducted with real vehicle platforms, and
in real outdoor environments. The performance — and even basic "survival® — of these agents is directly
affected by the ability of their control systems to operate with time and resource constraints. Therefore,
IRA designers must consider these constraints in their systems.

1.4. Design Issues
The requirements of complex, dynamic domains have expanded the dimensionality of IRA design
space. General architectural issues that are important to consider in these task domains include:

¢ Modularization. Systems can be divided into information-hiding modules to reduce design
complexity and improve performance. How subdivided does a system need to be? How well
separated should the modules be?

» Integration of parallelism. Computation for robot control can be done on parallel processors.
At what level should activities be parallel? How is parallel activity managed?

» Execution control. Within each processor, execution will flow between various modules as
subproblems are solved. How is this flow controlled? Can it depend only on internal state
changes, or does external state also have to be considered?

« Internal communication. Parallel processes and other modules must share some information.
How is the flow of data controlled?

These are general issues that are independent of any particular system or knowledge representation,
and can be used to characterize, evaluate and compare various design approaches. This paper
characterizes an ideal cognitive system in terms of these issues and explains why a system with a
different architecture may be less rational than the ideal. We also describe how domain complexity and



dynamics require these different design choices; this analysis helps one to evaluate how well the
requirements of a particular domain match the assumptions and corresponding design choices used in an
IRA. The space of design choices is outlined using examples from existing systems.

2, Modularization

Almost all large systems are composed of smaller parts. In this paper we will refer to the parts of an
IRA as "modules.” Modules contain related declarative or procedural knowledge. Modules are separated
from one another, so that it is easier to get at information within the module than it is to get at
information in another module. In fact, modules typically hide some information so that it is not
accessible at all from outside. Furthermore, communication between modules is more limited than
communication within them. This information hiding is done deliberately, so that modules don’t have to
consider what others are doing,.

One of the interesting questions about IRA design is how to decompose the control problem into small
pieces. It is common to have separate system pieces for performing functions such as perception,
planning, and command generation. It is also common to see a second axis of decomposition that runs
from details to abstractions. Another proposed problem division is along task lines, so that each system
piece performs all functions necessary to implement obstacle avoidance, wandering, wall following, etc.
A modularized IRA could implement any of these subdivision schemes; thus the degree of modularization
is a more general issue than the content of the modules. In this section we address the more general issue.

2.1. Knowledge Access

Many traditional planners are relatively monolithic; for example, they have one fact database and one
rule or operator set. Simple problems can be solved with simple programs, so it is not surprising that
some of the first planners were designed this way. However, having a central knowledge base is
advantageous for any intelligent agent because it allows reasoning processes to have unrestricted access
to all of the agent’s knowledge. Unrestricted access is an advantage for the following reason: an agent’s
ability to make rational decisions is limited by its processing capabilities and the amount of knowledge it
has. If an agent is forced, because of some limitation of its information processing ability, to use only a
subset of the available knowledge, then it can only be considered rational within that more limited
context. This is the principle of bounded rationality, as described by Simon for human problem solving
[55]. An ideally intelligent agent would not have its problem solving capability limited by an inability to
use knowledge, but would always apply all relevant knowledge to its problems [44]. When information
is hidden in modules, it is always possible that this division will hinder the ability of a reasoning process
to access the knowledge needed for the current problem. Thus the ideal arrangement for problem
solving would be for the system not to be decomposed into modules at all.

As an example, consider the task of driving down a road. We might imagine a module that performs
this task independently of other problems the robot is trying to solve. An IRA that found itself on a road
could presumably activate the road-following module and trust that the computations would not impact
other activities. We might define the road-following module to take a maximum speed as an input, and
report back failure when it could no longer find a road. For almost any definition of the module



boundaries, however, we can find situations that require them to be biurred as more information is
passed across the interface to the rest of the system. The road-following module could perhaps perform
better if it had more information from outside — e.g., where on the road to drive, what to do if lane lines
are detected, what to do if lines disappear, how important it is to avoid potholes, how important it is to
avoid sudden steering or speed changes, how crucial it is to keep all the wheels (or feet) on the road, etc.
Likewise, other parts of the IRA could use more information from inside the module, such as how
confident the perception is in locating the road, how accurately the road is being followed, what features
are being used to track the road, how accurately the servos are able to maintain speed and steering, etc.
A rich exchange of knowledge between different parts of the IRA thus discourages the use of strong
modularization.

2.2. Advantages of Modules

The problem of designing an IRA is very complex. The description of a robot’s mission is often full of
diverse activities, functions, and implicit goals. Furthermore, the robot itself is composed of many
different kinds of physical resources, including various types of sensors, processors, and effectors. In
order to make the IRA design manageable, it must include modules that are strongly independent and
that have well defined interfaces. This principle has been well established in software and systems
engineering.

Modularization can also provide a performance improvement to help meet time constraints. There are
several reasons for this. The first is that strongly independent modules can be implemented in parallel
with little efficiency loss in communicating with other modules (see the discussion of parallelism in
section 3). In addition, if module interfaces are well defined and some information is restricted to flow
between two particular modules, these modules may communicate data directly on a private connection
rather than indirectly via a global resource. When the system is modularized appropriately, all
information relevant to the problem at hand is localized; the IRA does not always have to search a large,
global database. This problem could be especially severe in large systems that match facts from a single
working memory against rules or operators from a global set.

An IRA can often gain these advantages in organization and performance without sacrificing too much
cognitive capability from limited knowledge access. This is due to the fact that there is structure in the
world and coherence in problem contexts over time and space. This structure and coherence mean that
there are not as many occasions for using remotely related data as there are for accessing local, directly
related data. For example, if a robot is driving down a road at some point in time, it is expected that in
the near future the robot will still be on the road, and that the characteristics of the road will change only
a limited amount. Therefore, road-following control algorithms will be needed, but knowledge about
repairing the vehicle will not be required. Agre and Chapman [1] [10] have also observed that for this
kind of concrete activity, general reasoning is not often required. Thus, rather than using knowledge like
"for all cars S$C, if the robot is moving toward $C and overtaking $C, then
slow down,” the IRA can use knowledge that is indexed lo the sensors: "1f the car in the center
of the visual field is getting closer, slow down."” This latter approach avoids having
to search an internal world model for instantiations of the variable $C. Instead, the "vision" module can
always send the same object to the "collision prevention” module. The robot behavior is the same in both



cases, but data access is much more limited in the latter case.

One further argument for modularization comes from the claim that intelligent behavior arises from
the interaction of many independent little agents. This idea is in direct contrast to the concept of
intelligence as a centralized process of searching for problem solutions and applying knowledge to all
decisions. Minsky [38] was one of the first Al researchers to present the idea, calling the collection of
behavioral agents the "society of mind.” Agre and Chapman [1] use a set of independent behavioral rules
working together to control their Pengi system. Brooks uses a flock of simple, "solipsist” [6] modules to
control a real robot. Several other robot researchers [3] [14] [30] [36] have also stated that they assume
that intelligent robot behavior must be achieved by the aggregation of "several independent processing
units that work in parallel” [30]. In most cases these modules have a few well defined communication
paths with other modules and use indexed facts as described above. This philosophy has shown some
promise for generating useful robot behavior. However, such a bottom-up approach to designing
purposeful behavior would seem to be much more complex than a top-down approach. Whereas
traditional problem decomposition attempts to break tasks down into simpler components that can
ideally be designed individually, the aggregation approach potentially requires the management of many
interacting components at the same time. The difficulty of this design process implies that effective
learning algorithms may have to be employed to develop cognitive capabilities semi-autonomously.

2.3. Modularization in Real Systems

Monolithic Systems: The early planners and expert systems (e.g., STRIPS [16] and MYCIN [53]) as
well as several more recent systems {e.g. Soar [33] and Prodigy [39]), have no modules; all facts are kept
in one working memory, and all rules and operators are in one group. These systems avoid
modularization in order to have the maximum flexibility to access knowledge.

Some of the more recent systems use special techniques to improve their performance even with
central bottlenecks. For example, Soar (and other systems based on OPS5) use a RETE [19]network to
quickly find productions that are affected by new facts. However, RETE cannot ultimately guarantee the
same performance that a restricted module can. An action that can be performed by a fixed routine —a
low level control loop, for instance — can be isolated in a module, and receive only the same limited
inputs, regardless of problem size. The routine can thus operate at a guaranteed speed even if the
problem becomes more complex. On the other hand, RETE has unpredictable response times when new
facts are added to the database [23]; thus a routine that is tied to the central database can have worse
response times when the problem complexity grows. Without modules, all routines must share the
central database.

Procedural Modules: Several IRA’s incorporate structure to group procedural knowledge, while
leaving facts in a central database. This grouping of procedural knowledge allows the task activities to be
decomposed into independent parts, even if the data is not. The IRA can reap some of the benefits of
complexity management, parallelism, and knowledge localization discussed above. The shared working
memory can reduce the both the advantages and disadvantages of modularization, especially when the
modules use it extensively to post partial results, hypotheses, etc. PRS [20] and BB* [25] are examples of
such systems.



Partly Local Datazx Many vehicle-inspired IRA’s have more modularization. In these systems,
procedural knowledge is kept in structured modules, and facts are kept partly in a central data base and
partly in private memories with each module. The central databases in these systems are often called
"blackboards.” The IRA is built up from independent modules, and the central database is added to
provide a special means for sharing and combining information at relatively low rates [3], [21], [24], [35],
147], [52]. The database is often a map of the physical world.

Local Data: The most highly modularized systems do not use any shared global memory, but instead
allow modules to send data directly to other modules. In some cases, the connections are made via a
shared communication resource such as a bus or a central switching module [14], [37], [45], [54]. Other
systems use independent, direct connections between modules; for example, facts can flow directly
between the Theo frames {40] as a result of a simple memory reference (however, Theo’s modules are
very weak because there is really no limitation on the connections between them). Brooks” Subsumption
architecture [6] uses "simple" finite state automata as modules, and defines wires between them for
communication. This latter system clearly avoids slow memory searches and allows a parallel
implementation without communication bottlenecks, but causes the biggest limitation on knowledge
access.

2.4. Summary

Modularization is a hindrance to pure cognitive ability because it limits access to knowledge. For
abstract problems, a broad flow of knowledge is required, so modularization must be weak. Strong
modularization allows complex problems to be decomposed into manageable pieces, makes parallelism
more efficient, and allows faster access to relevant data. At the level of rapid interaction with the world,
strong modularization is needed for performance — even at the expense of perfectly intelligent behavior.
We will discuss the impact of performance requirements on architecture further in the next section.

3. Parallelism
The concurrent solution of problem parts is a key to improving the overall performance of a system.
Thus parallelism is a major design consideration for systems in dynamic domains.

Parallel system implementations require independent modules to make efficient use of the parallel
resources. Independence is important because modules that depend too much on information stored in
the rest of the system (or vice versa) spend much of their time retrieving (or shipping) the information.
For example, to ensure that all modules had access to all of the most recent knowledge, each module
would have to update its local memory every time any other module inferred a new fact. The previous
section argued that the ideal cognitive system would not have modules; thus it could not effectively use
multiple processors either.

System designers sometimes do not distinguish between modularization and parallel implementation.
Independent modules are assumed to execute simultaneously on parallel hardware. However,
modularization does not imply parallelism because the simultaneous execution of modules can be
simulated on a sequential machine. While modularization is required mostly by the compilexity of the
problem, simultaneous execution affects performance. This section discusses the use of parallelism in a
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system that is already modular.

3.1. Sequential Reasoning

Early planners performed sequential searches through the space of solutions to find plans. Many more
recent problem solvers have developed sophisticated methods for controlling search, applying
knowledge, and learning solutions, but they still can work on only one problem or subproblem at a time.
In view of the time demands presented by dynamic domains, it would seem that multiple processors
would have to give better performance. However, parallelism is not always efficient in an IRA, and is not
always obviously worth incorporating into an architecture.

Central bottlenecks can reduce the efficiency of parallel problem solving. Consider that the ultimate
result of an agent’s deliberations must be one action (for any one effector at one instant of time). A
mobile robot cannot, for example, drive in more than one direction at a time. Even at more abstract levels
of the problem, if we look at problem solving as moving from state to state toward a goal in a problem
space, the system can only apply one operator at a time and go to one other state. Thus the results of
parallel evaluation have to be funneled through one combining function to produce a final decision.
Furthermore, if an IRA does not have enough processors to handle all subproblems simultaneously, a
decision must be made as to which subproblems should be allocated a processor. In a system that strives
for the best use of knowledge available, this is a central decision that must be made before the processors
can begin work. -

Besides the difficulty of bottlenecks, it is generally more difficult to design a system that not only
allows parallel implementation, but integrates it and even coordinates it. In return, using N processors in
a system will result in a speed up of at most N; this is insignificant if the computational load can vary by
orders of magnitude during a task. The speedup is less than N if, for example, there is a lot of
communication overhead or if all processors cannot be kept busy at some stage in the problem. Even if
all processors can be kept busy, the N processors can be simulated by a single processor, and the same
performance might be achieved in the near future by a single processor that is N times as fast as today’s.
Thus the limited benefits of parallelism may not always be worth the cost in knowledge access and
system integration ease.

3.2. Parallel Reasoning

The primary benefit of parallelism is performance. Given the difficulties and limitations of parallelism
described in the above paragraphs, is it worth while to consider parallelism in IRA design? The answer
clearly depends on just how limited the resources of the agent are, but for typical domains of interest and
the lifetimes of research programs, parallelism is definitely required. General purpose computers are far
too slow to support an agent with the capabilities we have described; Moravec [42], for example,
estimates that a 1 MFLOP computer is about 10° times too slow to emulate human vision capabilities, and
another order of magnitude slower than the brain as a whole. While it is impractical at this point to puta
million general purpose computers in an agent, significant performance improvements can be achieved
with more limited parallelism. This gain is achievable for two reasons: first, some computations can be
implemented on multiprocessors with special architectures that match the flow of data in the
computation. Such processors perform these particular computations much faster than processors that
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support more general information flow and in fact can often use many processing elements very
efficiently. Second, system modularization can be organized by time criticality so that tasks that have
short time constraints are separate from less critical tasks. If the time critical tasks can be implemented
with bounded time algorithms, then dedicated hardware for each of these tasks allows the system to
guarantee that the hard time constraints can always be met. Section 2 discussed how such use of
independent modules does not always result in a great loss in cognitive ability because of structure in the
problem.

One of the best examples of the effective use of parallelism is low level perception. Extraction of
simple features may be done the same way independent of the scene or the agent’s goals. The running
time of the algorithms often depends only on the image size, and not on the pixel values. Input generally
comes from the same sensor and goes to the same object recognition processes. The number of pixels in
the input and the dynamics of even a simple task may require an enormous amount of computation per
unit time. Finally, the algorithms may map easily onto certain parallel computers with special topologies.
All of these factors suggest that a great performance improvement could result from the separation of
low level perception into a module, and subsequent implementation on a separate processor that runs
independently of the other problem solving activity. Experience with driving robots on paths has shown
that some vision and control procedures really can be implemented independent of a planner and with
limited communication between modules [22], and that they can be implemented on a special purpose
computer to improve performance [2] [11].

In addition to performance gains, there are secondary reasons for parallelism. We have previously
discussed the idea that intelligence emerges from the interaction of simple, independent agents. Research
in distributed problem solving indicates that distributed systems have practical advantages in the areas
of cost, reliability, fault isolation, adaptability, etc. [5]. These features arise from domain requirements
other than complexity and dynamics, so we will not discuss them further,

3.3, Parallelism in Real Systems

Sequential Systems: In the most basic planning systems, parallelism is ignored. Not only are there no
modules in the planning system, but planning and execution are sequential. Contemporary intelligent
agent systems such as BB* [25], the reactive RAP planner [18], PRS [20], Soar [33], PRODIGY [39], and
Theo [40] have continued the sequential nature of the reasoning in traditional planners and expert
systems. Other systems explicitly address time constraints on planning and acting, but are nevertheless
use sequential execution [13]. All of these systemns assume that the proper execution ordering of various
modules will allow performance goals to be met.

Independent Parallel I/O: Many planners mostly ignore parallelism, except that they assume the
presence of computation outside of the planner. These external "black boxes" take care of important
functions such as perception and control. These planners concentrate on cognitive problems and use
abstractions for perception and control; from the planner’s point of view, facts from the environment just
appear in the data base, and commands are blindly executed. Robosoar [34] and PRS [20] are examples of
existing systems that use such abstractions. The overall system design in these planners is reasonable as
far as it goes (parallelization of perception, control, etc.), but it does not address the implementation of or
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communication between the modules outside the planner.

Parametrized Parallel /O: BB* [25] uses a similar arrangement of sequential problems solving coupled
with parallel perception and control. However, perception and control are explicitly included in the
design of the overall system. The problem solving part of the system can modify the behavior of the
perceptual and control functions somewhat by commanding them to filter unwanted data or sample less
frequently. The interface to the parallel processors is managed via data buffers in the working memory.

Controllable Parallel Behaviors: Payton’s Reflexive Control architecture [47] exhibits a bit more
integration of parallelism. Here, modules running bounded-time algorithms can be implemented as
parallel processes connected with dedicated data paths. The central reasoning system controls the
behavior of the robot by activating different sets of these modules with variable parameters and
dynamicaily establishing the data paths between them. This scheme takes full advantage of
specialization to get a fast response for time-critical computations, while retaining the ability to use
knowledge to change the response. Unfortunately this system hasn’t been implemented with parallel
hardware, and it is not clear how efficiently it would work with the dynamic module activation and
connection.

Distributed Processing: Most robot systems, as mentioned earlier, are broken into pieces that are run
on scparate general or special-purpose computers. The parallelism in these systems is fairly large-
grained, at the level of related groups of tasks. Communication of information between processors often
requires the use of a global communication resource such as a bus or a routing processor; for this reason,
information transfer is generally restricted. For example, messages may contain only a limited set of
commands or status reports. This limited communication has not been too inhibiting so far because the
robots perform fairly simple planning tasks and the modules do not need to share a great deal of
information. Examples of these systems include Dolphin [14], HILARE [21], the GSR [24], the FMC
system [37], NAVLAB [52] [22], and TCA [54].

Fine Grain Parallelism: Finally, some systems are highly parallel at a low level; that is, there are many
simple modules. These systems were discussed in section 2.2. In addition to the characteristics discussed
there, it is clear that they have the best potential for high performance due to their highly parallel design.

3.4. Summary

While modularization and parallelism are related design issues, parallelism more directly affects
system performance than modularization does. The ideal problem solving system does not require
parallelism, but instead continually uses knowledge to select one action to take next. Parallelism can
actually hinder reasoning in as much as it requires strong modularization to work effectively. However,
the computation demands of agents in dynamic environments require the performance improvements
parallelism can provide. Even limited parallelism can yield significant performance gains because special
multiprocessors can be used effectively on subproblems that match the topology of the computer. Low
level perception is an example of such a task. A capable IRA will require massive parallelism for
demanding, isolated tasks like perception; small parallel modules for reactions that must be quick at the
possible expense of cognitive ability; and large-grain parallelism for tasks that are computationally
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demanding but which share data at a lower rate. The next section describes how multiple tasks can share
the same processor and still meet time constraints.

4. Execution Control
In the ideal case an intelligent system would be able to find a complete solution to its current problem
before the world changed significantly. In other words, for the duration of the solution computation the
problem would essentially be static. However, resource limitations make it impossible to search the
problem space completely before the domain dynamics change the problem. Thus an IRA must consider
resource limitations and time constraints as part of the problem, and must be prepared to change its
problem solving strategy from moment to moment as the changing world dictates. Even traditional
planners in static domains recognize the impracticality of performing exhaustive search to solve
problems. Planners in non-trivial domains limit their search by using heuristic knowledge to choose
which node to expand next and which operator to apply next at the node. IRA’s, as we have shown, are
modular and parallel; thus they also use knowledge to decide how to allocate system resources to
modules. In static domains, these choices are based solely on internal state changes. In domains in which
the world changes during problem solving, these decisions are based on both internal and external state
changes. Below we discuss the requirements complex, dynamic domains place on execution control, and

examine some design features available to meet the requirements.

4.1. The Need for Dynamic Execution Control

4.1.1. Limits of parallelism

Although it is possible to speed up the operation of an [RA with parallel processors, there are limits to
the usefulness of parallelism. Consider first the problem solving abilities of the IRA. We argued
previously that an ideal problem solver facilitates the sharing of knowledge globally among weakly
divided modules, and that only the requirements of the domain and available technology force stronger
modularization and parallelism. We believe that in order to solve difficult cognitive problems, an IRA
will have to retain some part that can support this rich interaction between (weak) modules. This part of
the IRA would be difficult to implement efficiently with multiple processors; thus these modules would
be implemented on a single processor. Not all researchers agree with this view; Brooks, for instance, has
suggested that loosely connected modules communicating at a low bandwidth can reason about objects,
make plans, etc. {6]. However, as we will show below, such a highly parallel architecture can still suffer
from problems of inefficient resource utilization.

Parallelism is also limited in its applicability to independent computations. If all possible tasks and
subproblems were allocated their own processor, then performance would be high and there would be no
need to juggle the execution of several problems on a processor. However, there could be
combinatorially many of these subproblems, and only a limited set would be active for any one task. The
processors associated with the remainder of the subproblems would be inactive, and thus most of the
system would be idle all of the time. An IRA with limited resources might be unable to afford this
luxury. Even if a way could be found to allocate resources only to active tasks, some resources might still
be too expensive to dedicate to one task. For example, several tasks might be required to share a special
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sensor or sensor data processor. Thus while many [RA modules can be implemented in parallel, there
will also be modules that have to share resources.

4.1.2. Variable processing delays

When several tasks are sharing one processor, it may be difficult for each of them to meet its time
constraints when the processor is executing the other tasks. Chapman [9] showed that even simple
planning is exponentially complex; thus in a complex domain where problem sizes are not predictable
there could be a great variation in the amount of time needed to finish different planning problems. If
some other module were using the same processor as the planner, the other module could be prevented
from executing for a long time if a planning problem were particularly difficult. If that module’s task had
time constraints associated with it, system performance could degrade severely. Other computation
tasks, such as the identification of objects in an image, are also time consuming and can vary greatly in
cost. In this example, system failures could result if an unexpectedly complex image caused some
modules to be starved for execution. To solve this problem, the IRA must be able to stop modules before
they have run to completion and start up others in their place. Furthermore, if potentially long-running
modules are to be used in such a system, it would be advantageous if they were implemented with
algorithms that can provide some useful information even before they complete (e.g. the "anytime"
algorithms espoused by Dean and Boddy [13]). An iterative deepening search is an example of such an
algorithm [56]. For potentially long-running modules, it is also useful if they can save context and
continue processing when they regain access to the processor, thus computing a solution in an
incremental fashion over a period of time [28].

4.1.3. Unexpected state changes

A resource-limited IRA cannot assume that it has enough time to completely solve its problems, and it
must take external time constraints into account when choosing what to do next. If the world is changing
in "predictable” ways — e.g., errors grow predictably, random variables follow known probability
distributions, state changes can be predicted in a probabilistic sense — then knowledge can often be
applied ahead of time to determine what problems should be solved first and at what point in the future
planning should give way to acting. For example, given the "anytime" algorithms mentioned above and
the deadlines for solving various parts of the problem, Dean and Boddy [13] describe an algorithm for
choosing the best sequence of modules to run. Horvitz [26] and Russell et al [49] discuss the use of
decision theory to choose between computations. Horvitz shows that the intrinsic utility of a
computation (or action) could be combined with the cost of performing it at various times to yield a nef
utility that is a function of time. These utility functions are combined with predictions of future world
states to determine the best computation to perform. These techniques can help a robot solve problems
such as deciding how long it can afford to go before closing a servo loop, or whether it must use sensors
to find more road ahead.

The decision-theoretic approaches, while not yet perfected, offer a way to select actions in a relatively
predictable environment. Many dynamic domains, however, are not very predictable. The problem with
unpredictable domains is that a planning system could be in the middle of a computation or action when
an unexpected event changes the situation. Execution control techniques that work in static domains are
generally inadequate because these external events are not synchronized with module operations.
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Decision-theoretic analyses are not entirely useful because the system cannot predict how much time is
available before the event occurs, or what event it might be. The IRA must be able to detect the external
state change and react to it within a limited time (determined by performance goals), even if this means
taking control from a module that was previously allowed to run. For example, a decision to use cameras
for a less-critical task such as searching for navigational landmarks to the side of the robot might have to
be rescinded if rangefinders discover road signs or other interesting objects in front of the robot. It is
apparent that there are two independent capabilities that IRA’s in dynamic domains must have —
selecting activities based on the current and predicted state, and reacting to unexpected events. This
latter ability requires the IRA to handle interrupts as well as starting and stopping modules.

4.2, Control Mechanisms

4.2.1, Interrupts

A planner in a predictable environment can sample the state of the world at carefully chosen times and
perform blind computations between samples. In unpredictable domains, it is impossible to predict
when to sample the world for new information. Interrupts allow a system to make plans as if the world
were predictable, and still react to important events even if they occur during the blind computations.

The traditional interrupts in conventional computer systems are signaled by simple binary flags. An
identifying number and a priority value may be associated with the flag. The hardware of the system
supports a fast context save and switch to a new module. A robot planner, however, may require more
sophisticated interrupt capabilities. The detection of an interrupt may be more involved than reading a
binary condition. Detection may require sensor allocation, data processing, and situation interpretation.
For example, detecting a Stop sign requires having sensors pointed in the appropriate direction and
doing the processing to identify the sign — if the robot isn’t already looking for the sign, it will never
notice it. Detection could also involve matching a logical expression {such as the left hand side of a
production rule) to a database of current facts. Deciding whether and how to react to the detected
condition may be more complicated than comparing priorities; it ideally involves the application of
knowledge to select the most useful computation or action. Similarly, the completion of the interrupting
process constifutes another internal state change, which could generally cause selection of any other
module for execution. The best next action is not necessarily the one that was in progress when the
interrupt occurred. Thus the stack-based flow of control provided by traditional interrupt schemes may
not be appropriate for a robot planner.

A system that seeks to provide flexible interrupts like these needs a special control module that has the
power to instantiate, start, suspend and kill other modules. This is the same power that a traditional
multiprocessing operating system (OS) has over user processes; however, OS’s do not normally select
processes for execution based on their current utility for robot control, nor do they allow user processes
to program the selection algorithm. Thus the IRA may provide its own control module that can accept
inputs from the world, compute interrupt triggering conditions, and select modules for execution. This
module may well be the kernel of the IRA. Like an OS, this kernel must sit between the hardware and the
rest of the modules so that it can control their execution. The kernel may in fact interpret the modules,
which are written in a special language. However, since the IRA is itself generally an application
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program that runs on top of an OS, it is still possible to use the simple interrupts of the underlying OS to
interrupt the control module’s deliberations, should they take too long. It may even be possible for the
control module to reason about its own time constraints and use of resources.

4.2.2. Polling

We have described in a previous section how a resource-limited IRA must be able to interrupt its
problem-solving modules to react to unexpected state changes. Without strong resource limitations, the
IRA can be designed so that all perception and detection of interrupt conditions (as discussed above) is
done continuously and in parallel with other problem solving. Thus conditions in the outside world
come into the system from the bottom up and interrupt problem solving tasks. However, if resources are
more limited, execution control must be periodically taken away from problem solving tasks in order to
process inputs and execute command outputs. This periodic processing scheme is known as polling.
Polling may be implemented in a variety of ways; for example, by processing inputs after each step of an
interpreted module (as mentioned above), or by using an alarm clock to trigger input processing
(discussed further below).

If resources are very limited relative to the dynamics of the domain, the interrupt-based control of
execution may be dominated by the polling process. For example, many real autonomous vehicles spend
a high percentage of their time processing perceptual data (e.g, {52]); in these systems it is much more
important to reason about perception and control operations than about problem-solving activities.
TRA’s for such systems are sometimes designed around a polling or scheduling mechanism to guarantee
adequate performance in a dynamic environment.

4.2.3. Clocks

Virtually all real time systems use clocks. A clock is essentially a counter that ties the time-based
external world to the instruction-based world inside a planner. Clocks can be used to reason implicitly or
explicitly about time.

Traditional real time control systems employ interval clocks. A system designer creates a program that
solves a particular problem under all conditions that he/she expects it to encounter. The designer then
determines the worst case execution length of the program under these conditions. The program is run
on hardware that is dedicated enough to guarantee a low enough execution time to meet performance
requirements in the worst case, and an "alarm” clock is used to trigger execution at regular intervals.
Servo controllers and polling input handlers are examples of such systems. Programs can also be run
continually without an explicit clock, depending instead on the processor instruction execution rate for
reference.

Clocks can be much more explicit in planners. We discussed above the possibility of reasoning about
execution times, time varying utilities,and deadlines; this requires some knowledge of the current time to
know how much time is available, and when to start and stop different modules. A clock in this case is
generally an accumulating counter, rather than a timer or pulse train. An IRA planner could do some of
this reasoning just based on an implicit clock, such as a count of the number of instructions executed or
some other measure that was tiéd to time when the system was designed. However, this reasoning
would fail if the planner were implemented on different hardware with a different processor clock speed.
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Clocks can be used by modules as timers to trigger the module after a period of time has elapsed. Such
alarm clocks are useful for implementing a delay, executing an action at a time, and avoiding deadlocks
and execution starvation. These alarms essentially allow very simple OS interrupts to replace pattern
matching computations; they are also a simple, distributed way of using clocks to reason about time and
deadlines. For example, suppose a Stop-response module is to constrain the robot’s speed based on
traffic controls. When a Stop sign is detected in the distance, the module is to maintain the robot’s speed
at the speed limit until it gets close to the sign, and then begin deceleration. An IRA could handle this a
number of ways. First, a system that guaranteed response time by frequent sampling might run the
detection algorithm repeatedly to track the sign, and then take the appropriate action when it was close.
This is probably wasteful of resources. A second possibility would be to establish interrupt conditions
based on the distance to the sign; the Stop module would only be run again when these conditions
triggered it. Of course, the distance would have to be measured continuously anyway, thereby tying up
resources. Third, an IRA that reasoned explicitly about time and resources would recognize that there
was an increasing utility of checking the sign again as time went on, and a very high cost of not checking
it after a point. This utility value would have to be continually compared to the utility of other tasks as
the robot’s situation changed. A fourth way is to estimate the time to the deceleration point, and set an
alarm for that time. The sign can be checked earlier if desired, but the alarm guarantees that the system
will not “forget” the Stop-response module because of other (inappropriately weighted!} concerns. In
fact, without such a guarantee, the Stop-response module might have no choice but to assume that it
might never run again, and output a deceleration command immediately.

Clocks can also be important for responding to input data. Sensor data is usually passed directly to
some processing module in the system, where it can be interpreted and used to trigger other modules.
Since the data does not go through the underlying OS, there is no basis for using OS interrupts.
However, an OS clock can interrupt processing at regular intervals to transfer control to the IRA’s
interrupt controller. If this polling is done frequently enough, the system can simulate module interrupts.

4.3. Execution Control in Real Systems

Local Execution Control: Intelligent systems described in the literature use a variety of execution
control schemes. The most basic controller utilizes local decisions to pass control between modules.
Execution flow can vary in response to external events, but only if a module requests information. For
example, single process systems written in a conventional programming language have subroutines as
modules, and control passes directly from one to another via call and return mechanisms. RSPL [48] is an
operating system and programming language for "schema” modules that define robot control functions.
This language has flexible mechanisms for dynamically creating, suspending, and killing modules, and
for specifying execution frequencies and deadlines. Although there is a central scheduler that actually
runs the modules, it cannot itself activate or suspend modules or change their specified repetition rate.
These decisions are still made locally by modules for themselves or the modules they have instantiated.
There is no central mechanism to interrupt module execution and start an appropriate service routine.

Theo Agent [4] is a frame based system in which control is passed between modules (taking frames as
weak modules) when slot values are requested or returned. There is not currently a global means to
interrupt such a chain of references if something important changes in the world. Thus the system relies
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on always being able to finish its computations before its response time is up. It would take much too
long to do this continually in a dynamic domain, so "truth maintenance” and "running arguments” are
used to shortcut all the parts of the problem that have not changed since the last iteration. When the
situation does not change much, little computation is needed and the re-evaluation cycle time is very
short; new inputs can be accepted rapidly, and the system can react quickly. There is no guarantee,
however, that a certain situation change will not invalidate the current problem solution and cause a long
delay while the new solution is recomputed. This behavior is arguably a reasonable response to events of
varying importance in the world. In some domains, though, the possibility of having a planner spend a
relatively long time in an uninterruptable state is unacceptable.

Highly parallel systems often have an independent locus of execution in each module, so moving
execution between modules is not an issue. These systems also depend on having adequate resources to
be able to handle all important tasks within the time constraints of the task. Brooks’ Subsumption
architecture (6] is an example of such a system.

Other parallel systems must run several modules on each processor, so execution within each processor
must be considered. In some cases there is no central coordinating processor, so local decisions are used
to control execution. Processors can coordinate and synchronize with other processors by using a local
module with OS features to issue and accept control messages. This allows processors to block execution
and wait for data, request data and interrupt their modules when it arrives, etc. The modules in the
NAVLAB [52] and TCA [54] have this capability.

Global Execution Control: Many robot control systems are composed of groups of modules running
in parallel on different processors. In many cases, one module takes the role of a system manager and
issues commands and requests to the functional modules, which then run independently. The GSR [24],
for example, has a planning module that can send messages to the rest of the system to request that
modules be started or stopped or perform some particular function. The central control module is not
assumed to be fast enough to react quickly to external events, so the parallel functional modules
communicate low-level information directly to one another to provide real time behavior. Dolphin [14],
Reflexive control [47], and HILARE [45] also use this strategy.

Global Interrupts: Another category of systems comprises those that implement a new language and
an interpreter for the language. Soar [33] and PRS [20] are examples of such systems. The interpreters in
this case execute one language element (e.g., one elaboration cycle or one procedural step) and then
pause to accept new data from the world. After incorporating the data, a new module may be selected
and started. The interpreter effectively sits between the underlying OS and the application program, and
implements interrupts through a frequent polling mechanism. Clocks are not used, so the polling is not
guaranteed to occur at a frequency referenced to the external world. Application programs can not
reason about the resources used by the interpreter itself, but the interpreter executes each step in a
bounded time.

BB* [25] relies on OS timeout interrupts (a clock) to regain control if a module executes too long. This
is because modules in BB* are not restricted to an interpreted language, so the "kernel” of the system
cannot step through them. When the kernel gains control this way, it can check for internal or external



19

state changes and execute a new module if appropriate. The control module can even be interrupted
itself and modify its own deliberations because of time constraints.

4.4. Summary

While ideal problem solvers use control knowledge to guide their search and find solutions more
quickly, they do not change their focus of attention in response to external events. On the other hand,
dynamic domains require systems to interrupt their activities. This requirement hinders the problem
solving process because resources have to be used to detect and respond to external events; furthermore,
the best inference procedures may have to be replaced by procedures that can produce a reasonable
result in a limited time. This problem cannot be solved simply by using a different processor for each
task because some tasks do not map well onto parallel hardware, and because resources are limited. One
of the most important tools of dynamic execution control is an operating system-like interrupt
mechanism that can gain control of the processor from an executing module, process internal and
external data, and select a (possibly) new module for execution. Real time clocks are also indispensable
for connecting the deliberations of the IRA with the passage of time in the real world. The next section
will deal with a related issue, that of controlling the flow of data.

5. Communication

As we have discussed in the previous sections, the ideal problem solving system would have no strong
modules and would be implemented on a single processor. The weak modules can communicate
through a global, shared database. All reasoning processes thus have complete access to all system
knowledge. For modularized IRA’s in dynamic domains, communication is more limited, more direct,
and more parallel. Communication methods help to determine how effective the modules are on one
hand, and how well knowledge can be shared on the other. This section discusses various
communication arrangements and their impacts on modularization and execution control.

5.1. Access Issues

The various methods of communicating between modules are distinguished by what access they allow
modules to other module’s data and what global information the modules need to refer to the data,
Access can range from modules being able to reference facts associated with any module, to modules
being able to use only a specific quantity from one other module. The reference information can be the
name of another module, a value associated with the data, or the location of the data. When access is
limited and communication requires specific name and location information, the modules tend to be
connected closely with certain other modules; communication is potentially very fast because finding
data requires no pattern matching, and because no centralized database bottlenecks data flow. In
contrast, finding data by matching patterns against and implicitly specified source database allows
modules to remain totally anonymous and free to be modified without big impacts to the system.

Consider first a system with several modules all sharing a common working memory. Facts inferred
by the modules are posted to the implicit recipient, the working memory. No destination is explicitly
given. To obtain data, modules match pattern expressions against the memory and find successful
instantiations. The source of the data is implicitly just the common memory. The only global information
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that must available explicitly to the modules is the list of keywords naming the facts. For example, the
modules would need to know whether Stop signs are referred to by (object (type sign)
(marking ™stop")) or (object Stop_sign). This associative knowledge retrieval is ideal for
general reasoning.

Unfortunately, associative retrieval can be time consuming and domain dynamics may require higher
speed and latency guarantees. A less flexible, but more efficient way to access data is to refer to the data
by address rather than by value. This is possible if facts are indexed to concrete system resources, as
described in section 2. For example, if a key concept in the system were "the closest stop sign in front of
me,” then a particular location in the working memory could be dedicated to that concept and its address
used directly by the modules. References to this particular fact would not require any matching on the
memory, and modules would not need to know any global names for the fact (although they do need to
know the address).

In strongly modularized systems, modules may include specifications of a limited set of data that can
be shared only with certain other modules. These limitations on access can inhibit the problem solving
ability of the system unless the problem task has relatively independent components, as discussed earlier.
Data references in such a direct-connection scheme require the specification of the name of the module
that is sending or receiving the data as well as the name or address of the data. For instance, a source
module can write data directly to a receiving module’s input port. In this case the source module must
know the name or address of the other module and the port; however, it only needs to know this
information for the modules to which it sends data. The receiving module does not need to know
anything about the source module or the connection, and can use a local name for the data it receives.
The opposite connection is also possible; that is, the source module merely sets the value of a local
variable, and the receiving module uses the global name of the module and port to read from the source.
In both cases there are modularization benefits because of the limited global knowledge needed, but
disadvantages because modules and module names cannot be changed without affecting other modules.

Another variation is to use "wires" or "pipes” between modules. Wires can be physical connections
between modules, or entries in a global routing table. This scheme allows both source and sink modules
to use only local names for data and to be unaware of the module on the other end of the wire. However,
the wires must be established by the designer or a central module with global access to all module and
port names. Modularization with wires is good from the modules’ point of view, since all global
information is hidden. Wires also allow the possibility of truly parallel connections, thereby providing
higher performance by removing the bottleneck of shared communications channels. Unfortunately, the
wires themselves prevent modules from being modified or replaced easily without disturbing the rest of
the system.

Combinations of the above techniques are also possible. For example, modules may write to a limited
database that is shared by only one or a few other modules. The names needed for the shared data must
only be known to the sharing modules, and does not have to be global to the whole system. Another
example is the use of an intermediate module to communicate data between modules. In this case
modules only need to know the global address of the intermediary, which may be a fixed system
manager. If a module is added or changed, only the connections between it and the manager need to
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change.

All of the above communications schemes represent logical module interconnections. In general they
may be implemented in a variety of ways, such as shared physical memory, networks, etc. However, only
the limited, direct connection methods allow high performance parallel implementations. Thus the
dynamics of the domain may require that direct communication be used.

5.2. Communication and Execution Control

The communication techniques just described are independent of the various execution control
schemes discussed in the previous section. However, certain communication techniques fit particularly
well with certain flows of control. For example, if data are always written to a shared database instead of
directly to specific modules, then the database must be polled to find new data applicable to each
module. Parallel modules may be interrupted by new information, but only if a system kernel or
database manager is polling the database to match new facts with interrupt trigger conditions. Within a
single processor, only one module can run at a time so the system must select one triggered module to
execute. The actual flow of control is determined by what the modules put in the database; the data
might be commands, subgoals, priority knowledge, information requests, computed values, etc.

Modules may also write directly or via a wire to a receiving module’s input port. This technique
suggests a systemn in which the data arrives asynchronously at the receiving module, causing the module
to start up or interrupt its execution. This is especially true if the modules are implemented on parallel
processors, and the wires are physical connections. Data and control can be thought to flow through such
a system from source (sensors) to sink (memory or effectors) without a need for direct requests to flow in
the other direction. Just the opposite is true if modules read their data from the output of another
module. In this case it is convenient to think of data being provided — including sensor operation —
only in response to direct requests. These examples illustrate that data communication issues are closely
related to execution control issues.

5.3. Communication in Real Systems

Shared Database: Traditional problem solving systems, especially those without modules, use a
shared database to hold all facts; access to domain knowledge is complete. These databases require
matching operations to find appropriate data for problem solving operations. Examples include the
logic-based world state description in PRODIGY [39] or the working memory in Soar [33]. Blackboard
systems typically have modules that hide some information, but results are shared with all other modules
on the blackboard database [24][52] . The BB* blackboard [25] allows some data access by address
reference. In particular, input data is accessed from an input buffer which lies in a particular location in
the blackboard. Similarly, knowledge sources output data to the outside world by sending it to a
particular output buffer.

Direct Connections: Mobile robot systems typically have several processors to perform sensor
processing and navigation tasks in parallel. In order to achieve higher processing speeds, data is often
sent directly between modules rather than going first to a generally accessible database. The actual
implementations often utilize a memory that is shared by processes, a shared multi-processor bus or
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network, or a central message router. The communications that go between modules on different
processors usually require that the source module package the data or request with the name of the
receiving module and send it as a message. Systems that use some form of direct connections include
HERMIES-IIB 8], Dolphin [14], HILARE [45], NAVLAB (in addition to the general blackboard
communications mentioned above) [52], FMC [37], and TCA [54].

Parallel Wires: Brook’s Subsumption architecture [6] is a good example of truly parallel modules
connected with wires. These modules do not need to know any global information about where their
data comes from or goes to. Data in this system mostly flows in one direction from sensors to effectors,
especially at low levels. New data arriving on module inputs can cause the module to respond
immediately, if it was waiting.

Theo Agent [4] is just the opposite of Brooks’ system is some ways. The frame modules in Theo
compute their slot values using information obtained directly from other (globally named) frame slots.
Slot values are only computed in response to a request from another module that needs that value. Thus
requests flow from effector command modules to sensor modules, and data flows back in response.
There is also a truth maintenance mechanism, however, that allows changes in data values to ripple
forward from the source (invalidating other slot values, rather than recomputing them).

5.4. Summary

An ideal problem solver would have one central knowledge database, and therefore avoid transferring
data anywhere. Systems in dynamic domains will have independent modules, though, and must specify
how they communicate. Modules may reference data by performing an associative search on an
implicitly shared working memory, thus finding instantiations for general knowledge, keeping module
identities anonymous and decoupling module names from facts. Alternatively, modules can
communicate directly or indirectly through named channels; this approach avoids the search, allows
parallel communication and requires the use of more concrete objects. Execution flow in a system often
naturally follows the movement of data. IRA communication should match the other design choices of
the architecture; thus highly parallel computation will make good use of parallel communication, while
more abstract tasks sharing a general processor can communicate via an implicit central working
memory.

6. Conclusions

We have presented a set of design issues for implementing intelligent robots in complex, dynamic
domains. Although they are not often discussed in the literature, there are clearly identifiable links
between what systems are supposed to do and how the systems are structured. Basic structural
architecture — how a system is decomposed and how data and control flow between the components —
not only determines how well a system can meet time constraints, but also sets limits on the problem
solving capabilities of the system. Systems that seek to be as rational as possible require designs that
always allow the application of all relevant knowledge to the task. This requirement conflicts with the
features needed to provide the fastest response using limited resources. This is a fundamental reason
why problem-olving systems cannot control mobile robots in dynamic environments, and why
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controllers cannot solve problems outside of a narrow context. For example, functional improvements
obtained by adding more knowledge or new knowledge representations would not be sufficient to give a
rational problem solver real-time capabilities; it would still require parallelization for speed and
interruptability for reactivity. Likewise, a strongly modularized controller will never gain the ability to
apply more of its knowledge to a problem by adding more processors.

An intelligent robot clearly needs features of both problem solvers and controllers. Unfortunately,
these two extreme system types are too different to simply be grafted together. Several research efforts
mentioned in this paper have explored how the necessary system features can be integrated into a system
— for example, reasoning intelligently about sensor sampling rates [25], sensor conflicts {24], or parallel
control processes [47]. Future work in robotics must incorporate both reasoning and reactive control to
create systems that are intelligent in dynamic domains.
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