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Class of Hierarchical Controllers and Their
Blackboard Implementations

T. L. Skillman,* W. Kohn,t D. Nguyen,} C. Ling,1 and R. Dodhiawala§
The Boeing Company, Seattle, Washington

This paper describes ongoing research dealing with a new representation of generic single-agent hierarchical
control systems. The strategy is to generalize the model-following paradigm and standard control system archi-
tecture, together with a recursive definition of hierarchy, to represent goal-driven controllers. The suggested hi-
erarchical representation, which is based on the definition of a canonical representation of each of the levels,
allows for feedback control based on general data representations. The structure of the hierarchy is illustrated
with a simple mobile robot control example. Mapping of the proposed hierarchical contro] systems into the

blackboard computing paradigm is discussed.

Introduction

T HIS paper reports on work currently in progress. It pro-
poses a specific model of hierarchical control, based on
extensions of traditional control theory. The long-range
objective is to develop a system for automatic generation of
controllers based on the declarative specifications of control
goals and plant dynamics.

Research in autonomous multivariate control of large-scale
systems typically addresses hierarchical representation and
control.* A classical multilevel hierarchy is shown in Fig. 1.
The hierarchical levels are organized from bottom to top as a
function of sensory data abstraction and from top to bottom
as a function of control specificity. In general, the higher a
particular level, the slower is its update rate. A natural conse-
quence of the hierarchical organization is that, in each higher
level, the representation of the dynamics becomes increasingly
abstract (symbolic), control actions change from simple sig-
nals to complex data structures, and the control processing be-
comes more complex, often declarative rather than
algorithmic. The top of the hierarchy is the man-machine in-
terface, where the goals are set for the system and status is
returned. The lowest levels are the interface to the real world
via sensors and actuators and représents the only way in which
the system can affect the world. Today, system designers are
responsible for including design features such as layer defini-
tion and functionality, data representation, computational ap-
proach, system stability, reliability, robustness, and accuracy.
It is our contention that a controller can be defined for each
level of the hierarchy as a function of the top-level goal speci-
fication and the bottom-level plant description, which includes
sensors, actuators, and plant dynamics.
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Proposed Concept

For the purposes of brevity, our discussion will be carried
out at the conceptual level. The first task in the formulation of
the proposed hierarchical control concept is to define a stand-
ard controller architecture that represents: the dynamics at
each level of the hierarchy.

In traditional state feedback control systems, the control
signals are constructed as a function of the error between the
desired plant output signals and the actual estimated plant
output signals. The actual output signals are casually gener-
ated by the plant as a result of command signals from the con-
troller, The state estimator uses a model of the plant to gener-
ate an updated estimate of the state of the plant, as a function
of current sensors readings, control signals, and the previous
state estimate of the plant. The control law is determined by a
prespecified policy (e.g., optimization) and the control specifi-
cations (e.g., overshoots, stability margins, etc.).

We propose to enhance the operation of this control struc-
ture by including in it a variation of the model-following
paradigm.* This paradigm has two elements: an ideal model
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Fig. 1 Generic hierarchical control system.
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Fig. 2 Proposed canonical form.

and a tracker. The model generates desired behavior and the
tracker generates commands to reduce the difference between
the measured and desired behavior. This paradigm has several
crucial advantages over the standard control scheme discussed
in the previous paragraph. It admits an implementation that is
declarative, decoupling, and flexible. It is declarative because
it explicitly includes the control requirements in the ideal
model. The model-following paradigm is decoupling because
the ideal-model module is concerned only with the control and
goal specifications, and the tracker module is concerned only
with the control strategy. Finally, the paradigm is flexible by
allowing the ideal model to vary dynamically over a range of
models within the class of models that meets the control speci-
fication.

An additional characteristic in our concept is that the state
estimate is fed to a module—the behavior map—which maps
the state space into the behavior space. The behavior map is
designed to generate a homomorphic version of the state esti-
mate, resulting in a more abstract representation of plant state
features, making them compatible with the next higher level in
the hierarchy.

Figure 2 shows a block diagram of the functional character-
istics of the controller, as defined earlier. We will refer to it as
the canonical form of the controller. Figure 3 shows how the
canonical form can be applied recursively at each level of a
hierarchy. The plant and controller at one level can be viewed
in entirety as a virtual plant to be controlled by a controller
defined at the next higher level of abstraction. The controller’s
actuations at one level become the command to the next lower
level. The next lower level’s behavior mapping becomes the
sensed data to the higher level’s state estimator. In general, the
operation of each level is asynchronous with respect to the
other levels. This model can now be extended to apply not
only to classical numerical control loops but also to symbolic
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control loops by carefully defining the idealized plant model,
the state estimator, the behavior map, the difference operator,
and the tracker.

The operation of this hierarchy is depicted in Fig. 4. This di-
agram characterizes the relationship between the concepts of
causality and measurability in the framework of our proposed
hierarchical controller. The diagram is referred to as the ‘‘cau-
sality cone.’”” The horizontal axis is time, increasing to the
right, and the vertical axis is levels of hierarchy, increasing up-
ward. The intersection of the axes represents the current time
relative to the plant. The left-hand side of the V-shaped curve
represents measurability, the time at which the most recent
sensed information from the plant is available to the corre-
sponding level of the hierarchy. The right-hand side of the
““V’’ represents causality, the earliest time at which an actua-
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tion will take place, as planned by the corresponding level of
hierarchy. These curves need not be linear, but must be mono-
tonic. It can be seen that, as you move up the levels of hierar-
chy, the controller must deal with increasingly long time
scales, receiving information further from the past and plan-
ning for actuations further into the future. This implies that
the planned actuation from a level of the hierarchy must be
sufficiently nondeterministic so that the lower levels can adapt
to sensed changes on shorter time scales. For the proposed hi-
erarchical scheme, it can be shown that nondeterminism is a
direct consequence of causality and measurability.® It also can
be shown that a necessary condition for being well posed is
that the control actuation, at any time, be based on the pro-
jected estimate of the plant state calculated from the sensed
data history. This means that, for the best control, a level of
the hierarchy must maintain a model of the plant that it can
use to project the current sensed state of the plant forward to
the current plant time.

Canonical Form

Following is a detailed discussion of each of the elements of
the proposed canonical controller form. The inputs, outputs,
and functionality of each will be explained. Figure 2 will be
useful in understanding the relationships between the ele-
ments. When referring to the ““plant,”” we mean either the real
physical plant, at the lowest level of abstraction, or any of the
virtual plants defined by the hierarchy of controllers.

Ideal Plant Model

The function of the ideal model is to calculate the desired
behavior based on the commanded action. It is a simulation of
the desired behavior of the subplant. The model represents an
idealization of the subplant and simplifies planning at higher
levels by hiding details of the dynamics of the lower levels.
This is related to the computer science notion of information
hiding. The desired behavior will be compared to the current
behavior, and the error between the two will be used by the
tracker to plan actions. It is the tracker’s job to make the
subplant behave in a way that matches, as closely as possible,
the ideal model.

State Estimator

In general, one cannot measure directly the part of the plant
being controlled. By having a model of the interactions of the

J. GUIDANCE

plant elements, it is possible to estimate the state of the plant
through indirect measurements. This process is called state es-
timation. The state estimator maintains a current estimate of
the state of the plant being controlled. The state estimator
must have, or build, a model of the real plant, not the
idealized plant. The state estimator has access to the sensed
data from the subplant and also the current command to the
subplant. From this it can enhance its model of the subplant in
two ways: 1) adaption, which is the process of parameter esti-
mation, and 2) learning, which is the process of determining
and adding new structures to the state estimate. The group
method of data handling (GMDH)® is an example of learning.
Another function of the state estimator is to reduce uncer-
tainty and measure its strength.

Behavior Map

The behavior map operator maps the estimated state from
the state estimator into a higher level of abstraction and/or
representation. This map performs a homomorphic transfor-
mation on the state information. Its output can be viewed as
virtual sensory data to the next higher level of control. Its out-
put is also used by the difference operator to compare the cur-
rent behavior with the desired behavior as it is specified by the
ideal model. For this reason, the definition of the behavior
map and the ideal model are closely coupled because they both
output the same representations of the behavior of the plant,
one desired the other estimated. Therefore, it can be seen that
the ideal model is used to calculate desired behavior given
some actuation, and the behavior map estimates the actual be-
havior based on the state estimate.

Difference Operation

The function of the difference operation is to calculate the
error between the desired behavior, as supplied by the ideal
model, and the current behavior, as supplied by the behavior
map. The difference is provided to the tracker element as the
current error in behavior. The tracker’s job is to reduce this er-
ror to zero. In traditional systems, the difference operation is
subtraction applied to integers or real numbers. To generalize,
the difference operation must be defined over more abstract
data structures, such as integers, reals, strings, lists, graphs,
automata, etc. The output of the behavior map must be in the
same level of abstraction as the output of the ideal model so
that a meaningful difference operation can be defined.

Important criteria in the selection of the structures of the
behavior space and the ideal model output space are as fol-
lows: '

1) The ideal output space is a proper subspace of the behav-
ior space.

2) A difference operation is defined with the standard
monotonicity conditions.

3) The behavior space is closed with respect to the difference
operator.

4) The behavior space topology is chosen so that this differ-
ence operation is a continuous function,

Tracker

The tracker consists of three elements: 1) planner, 2) veri-
fier, and 3) executor. The tracker takes the behavior error and
the current state estimate and generates a command, a virtual
actuation, to the subplant. The command is selected to change
the state of the subplant such that the state estimate will
change, and the mapped behavior will more closely equal the
goal behavior. The other input to the tracker is the current
control policy. This sets the constraints that will be used in
planning, i.e., optimization of energy, time, etc.

The planner takes the behavior error from the difference
operator, current state information from the state estimator,
and knowledge about the virtual subplant, and generates a
plan. When the plan is executed, virtual actuations are gener-
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ated to the subplant, which results in changes in the actual be-
havior, reducing the behavior error. The subplant knowledge
may be explicitly or implicitly represented for use by the plan-
ner. The planner then generates an appropriate plan for the
current error, state, and policy. The plan is a tracker that
describes a family of possible solutions for reducing the be-
havior error. The time scale of the plan is related to the plan-
ner’s level in the hierarchy. Typically, the higher the level, the
longer the time frame of the plan, and the greater the
nondeterminism in the plan.

Because the planner plans based on a policy and functional
constraints, the plan generated may not meet certain system
operational constraints. The verifier must further constrain
the plan based on these operational limits. An example of a
functional constraint would be minimum-impulse character
for the jets in a shuttle-type vehicle. An operational constraint
would be to not fire primary jets in terminal phase of rendez-
vous. The final output of the verifier is a plan (control law)
that is a function only of state estimate information.

The executor is then responsible for executing the plan over
its time duration. This may require many cycles through the
sense/calculate/act cycle. This continues until a new. com-
mand is issued by the next higher level. When that occurs, a
new desired behavior is generated and a new error is calcu-
lated. This new error then triggers a new planning and verifi-
cation step, leading eventually to a new control-law execution.
The fact that the control-law execution typically has a higher
update rate than the incoming commands introduces the vary-
ing computational time scales as one moves up and down the
hierarchy. Lower levels have higher update cycle rates but less
computations. The higher levels have lower update cycle rates
but more computation. The result is a fairly uniform compu-
tational load across the entire hierarchy.

This concludes the discussion of the elements of the
canonical form. Note that the symmetry between the left and
right halves of Fig. 2 corresponds to the duality between con-
trol and estimation, which is well known in the literature of
linear system control.’

Important System Characteristics

In this section, we discuss some fundamental properties of
the proposed architecture. Only plausibility arguments for

their validity will be given. Formal proofs will be presented in -

a future paper.® The combination of the nested hierarchy with
the model-following paradigm gives the following benefits.

Robustness

Our proposed controller architecture has advantages with
respect to parameter robustness and singular perturbation. It
can be shown that a nested hierarchical implementaion of a
controller reduces the performance sensitivity due to parame-
ter variations.® This is because the variation due to a given pa-
rameter is localized to the level where that parameter appears.
Overall sensitivity to singular perturbations is decreased be-
cause of the ability of a higher level of the hierarchy to detect
singularities at the immediate lower level and then modify, ac-
cordingly, the model to be followed by the tracker at the lower
level. As an example, consider a joint controller in a robot ma-
nipulator with rate (tachometer) control at one level and posi-
tion (shaft encoder) at the next higher level. If the tachometer
fails, the upper level can detect that fact at its tracker module
and generate a command to drive the lower level with an esti-
mate of rate generated from the sensed position history.

Adaptability

The model-following paradigm, which is used in each of the
hierarchical levels, allows the system to derive a model to be
tracked at the immediate lower level. This model is tuned to
the current state of the system at that level. This implies that at
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each level the controller is structurally adapted to the current
plant behavior at that level and the current goal.

Disparity

For a particular control problem, there may be great struc-
tural differences between the dynamic presentation of the
goal, perhaps a semantic network with an arbitrary world do-
main, and the plant, a set of differential or difference equa-
tions evolving on a vector space. This disparity, which in-
cludes a multiplicity of time-scale dynamics, is characteristic
of almost every robot control design problem. To tackle the
design problem, our approach uses a nested hierarchical archi-
tecture for the structure of the controller. This allows for the
definition of a chain of levels such that the disparity of the
data representation of adjacent levels is sufficiently small so
that the amount of computation for translation is man-
ageable.

Controller Complexity

The controller complexity is reduced as a result of the nested
hierarchical approach. The controller dynamics are spread out
across the levels of the hierarchy and the controllers at each of
the levels can be analyzed more easily. The representation of
the state estimate is simplified because at each level the repre-
sentation has to cover only the current level of abstraction.
Many of the details of the state are left to lower levels.

Divide and Conquer

In principle, given the specifications, goal class, and plant
dynamics, it is possible to formulate a single-level controller to
accomplish the task. However, the amount of computation re-
quired would make a real-time implementation infeasible. The
proposed hierarchy reduces the computation required for de-
termining the actuator signals by distributing it across the
hierarchies. The different levels of the hierarchy, as well as the
major functional modules of the canonical form of the con-
troller, can compute in parallel.

~ Structural Dependency

Consider the following aerospace design scenario!®; A six-
degree-of-freedom manipulator is to be used to change
modules in a satellite on orbit. For this problem, the plant of
the system is characterized by the manipulator and actuator

Communications

Knowledge Sources

Fig. S Generic blackboard architecture.
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dynamics, i.e., a set of coupled second-order differential
equations on a given vector space. The goal is specified by a
semantic net that contains the steps in the manuever (e.g.,
remove left and right screws, remove lid, locate module, etc.)
and the strategies for malfunction and subgoal failure recov-
ery. For this type of application and control specification, a
nested hierarchical controller is a natural choice. However, it
is our contention that this hierarchy should be derived from
the design data and not be imposed, arbitrarily, a priori.

Blackboard Integrating Architecture

A benefit of the canonical representation is that it clearly
delineates where large grain parallelism exists in the control
system. Not only can each layer of the hierarchy be run in par-
allel, but each of the five elements of the canonical form can
run in parallel. It would be desirable, therefore, to identify an
integrating architecture that will support the multiple levels of
data abstraction and the parallel execution of large grain
parallelism. The blackboard paradigm provides these features.

The generic form of a blackboard architecture is shown in
Fig. 5. Reference 11 is a blackboard survey article that ex-
plains the paradigm in detail. The key elements are as follows:
1) shared global data base, 2) modules of executable code
called knowledge sources (KS), 3) triggering mechanism that
enables KS’s for execution, 4) scheduler that selects and initi-
ates KS execution.

The data base, trigger, and scheduler can be grouped to-
gether and referred to as the blackboard control unit (BCU).
This structure has similarities to conventional system control
architectures, with executive, data base, and tasks, however,
there are some important differences: 1) the data base is an in-
tegral part of the system and is designed to handle complex
data structures and general data query operations; 2) the KS’s
may execute on one or multiple processors and are not allowed
to communicate with each other directly (only as a result of in-
teractions with the data base); 3) the idea of a software-
generated interrupt is extended to allow complex trigger pat-
terns to be defined in terms of the current data base contents
(referred to as data-directed invocation); and 4) the scheduler
supports the implementation of both algorithmic- and
heuristic-based KS dispatching. A heuristic is a general rule or
guideline, which is simple to compute and provides a good
result most of the time.

The two classes of problems to which this architecture has
been applied are sensory perception'?!? and robot control. !5
In the first application class, the KS’s tend to be small, numer-
ous, and operate in parallel. The data base contains large ab-
stract data structures. The trigger conditions are complex and
a KS that is triggered may be disabled again without ever exe-
cuting because of changes made to the data base by other
KS’s. The KS’s are scheduled for execution based on
heuristics!® because, in general, there is no closed-form solu-

tion for which KS is best—most opportunistic—to run next.
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Fig. 6 Mapping of control hierarchy to blackboard.
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The second class of applications for blackboards is robot
control. The data base generally contains simpler data struc-
tures. The KS’s are larger and tend to have different computa-
tional tasks. Computations of the KS’s are synchronized
through blackboard-triggering events. The scheduling of trig-
ger events is typically by a simple algoritm, such as first in,
first out, and the KS’s are typically distributed across multiple
Processors.

Some recent mobile robot control systems that have been
implemented based on the blackboard paradigm'”-'# make use
of the blackboard’s ability to support multiple levels of data
abstraction, data-directed invocation, parallel processing, and
heterogeneous software and hardware computing environ-
ments.

The hierarchical representation of the control system and
the breakdown of each level into a canonical form allow us to
define the mapping of the control system into a blackboard-
based implementation. The elements of the canonical
form—the ideal plant model, the difference operator, the
tracker, the state estimator, and the behavior map—are im-
plemented as knowledge sources. (See Fig. 6.) Their intercon-
nections are implemented as blackboard-triggering conditions.
Actuator output and sensory input are implemented as a com-
munications KS, which interacts with an independent black-
board system to support the next lower level of the hierarchy.
At the lowest level, the actuation and sensory KS is actually
the interface to the hardware actuators and sensors. The use of
the blackboard in this way is similar to a graph reduction
architecture.!®

It is expected that the perception-type blackboard will find
its application within the state-estimator functional block.
Here, for example, you may have to determine the location of
an object in the world from visual data. Heuristically guided
perception has proven successful in this domain.2

A very large scale integrated chip set, called the Blackboard
Control Unit (BCU), is currently under development for real-
time embedded control system applications.?! The BCU will
be responsible for supporting the shared data base, triggering,
and scheduling functions of a blackboard system. The chip-set
architecture exploits parallelism and pipelining in the execu-
tion of these functions to increase the BCU throughput.

Example: Mobile Robot Control

A mobile robot, ZOD, is a zeroth-order device for delivery
in an office environment. It is being used as the test bed for the
evaluation of our hierarchical control concepts. Five layers of
the hierarchy have been defined and are currently being devel-
oped. The selection of the layers was based on a retrospective
analysis of an ad hoc control system built for the robot. The
application is to manuever around the corridors of our office
building performing various pickup and delivery tasks, such as
collecting time cards. The system is to be voice-commanded
and is to plan and execute tasks autonomously. Figure 7 shows
the five layers of the hierarchy and an example of the types of
information that is being passed between the elements. This is
an elementary example. Its purpose is to illustrate the notions
presented previously.

This example shows the state of the hierarchical controller
midway through the execution of a task to collect time cards
from a group of employees. The layers have been named di-
alog, task, goto, move, and base. The decreasing level of ab-
straction can be seen as the hierarchy is traversed from top to
bottom. The need for increasingly faster update rates also can
be seen as the commands go from ““ZOD, please collect the
time cards,”’ which may take 15 min, to ‘‘(move_base 116),”
which may take only 3 s. The state estimator at each level is
responsible for maintaining the state of an internal model of
the subplant below it. At the base level, the state estimator
understands about the geometry of ZOD, such as the location
of its wheels and the relationship of wheel rotation to transla-
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Fig. 7 Example of nested hierarchical controller applied to a mobile
. robot pickup and delivery robot.

tional motion. The ideal model creates an abstract view of the
plant, which may ignore many lower-level details but is com-
putationally efficient. The ideal model at the goto level under-
stands the ‘‘get’” command. It knows that to get something
you must first be near it and then grasp it. The operation of
the ““get’” on the ideal model therefore results in a desired be-
havior of being ‘‘at Ron’s office’’ and ‘‘having time card.”’
The behavior map is responsible for abstracting the current
state estimate. In the move level, the state estimator generates
relative position information. The behavior map then ab-
stracts that information into an absolute reference frame,
which is useful for the global path planning operation. The
tracker at the task level sees the difference between the desired
behavior and the sensed and abstracted behavior as ‘‘have
Ron’s time card.”” It issued the ‘‘get Ron’s time card’’ com-
mand and, because the current state estimate for this level is
““proceeding to Ron’s office,’’ it will continue asserting this
command until it is completed.
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Conclusions

A canonical form of a controller that can be used at dif-
ferent levels of abstraction within a hierarchical control
system was presented. The way this approach addressed the
issues of controller robustness, adaptability, disparity, and
complexity was discussed. The model-following paradigm,
which is part of the canonical form, was shown to allow for
explicit declaration of control requirements in terms of a
model that drives the system. Model following was also shown
to decouple the goal specification from the design require-
ments during implementation. The computational complexity
of each of the controller levels was shown to be simplified by
implementing abstract operators on abstract data objects. The
real-time execution performance was analyzed in terms of the
parallelism that became explicit in the proposed hierarchical
control scheme. A related control hardware and software ar-
chitecture, the blackboard, was presented as a feasible imple-
mentation for embedded systems. Finally, this work, as a
whole, sets the foundations of a controller decomposition al-
gorithm that will be based on goal specifications, performance
requirements, and plant dynamics.
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