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Abstract

Despite the continued popularity of the blackboard
model of problem solving, recent AI texts hardly men-
tion it. This is probably largely due to the decision
to adopt formal frameworks into which the blackboard
model does not appear to fit. In this paper, we explore
the relationship between blackboard-based and behef
network approaches to interpretation problems. In this
way we begin to reinterpret the blackboard model, to
show how it can be explained in terms of modern AI
concepts.

Introduction
The blackboard model of problem solving arose from the
Hearsay-II (HSII) speech understanding system (Er-
man et al. 1980). It has proven to be popular, and in
the years since HSII a variety of blackboard-based sys-
tems have been developed. For example, blackboard
architectures have been used for interpretation prob-
lems such as speech understanding, signal understand-
ing and image understanding; planning and scheduling;
and arrangement-assembly (structure identification). 
commercial blackboard framework, GBB, is currently
available and is being used for a variety of real-world
applications. These include a mission control system for
a Canadian Space Agency satellite, a logistics analysis
and planning system for the US Army, and in design
engineering projects at Ford. GBB was also recently
selected by Object Magazine as one of their ten favorite
object-technology products.

Despite its popularity, the blackboard model gets
only three sentences in a Historical Notes section in
Russell and Norvig’s recent 932 (!) page AI text (Rus-
sell and Norvig 1995) and even less in some other texts.
Clearly, one reason for this is the authors’ decision
to adopt logical and probabilistic frameworks to unify
their presentation. Older, less formal AI models like
blackboards end up largely ignored, even though they
are still being used--and are still useful. This is unfor-
tunate since students using these texts end up without
any exposure to these techniques, and when they do
come across them they do not fit into the conceptual
frameworks presented in their texts.

The purpose of this paper is to begin to provide a
reinterpretation of the blackboard model. That is, to
explain the reasons for its characteristics in terms of
more modern and more formal AI techniques and con-
cepts. There are good reasons why somebody might
still want to use the blackboard model, and these rea-
sons can be framed in terms of the properties of in-
terpretation problems, belief networks, and search algo-
rithms. Blackboard-based interpretation systems have
great flexibility: they can apply approximate problem-
solving techniques and perform sophisticated searches
for solutions. Because of this, they can deal with re-
source lihfiLations as data loads, ambiguity, and system
goals change. More formal approaches currently lack
this flexibility.

For this paper, familiarity with belief networks
(Bayesian networks) will be assumed at the level 
AIMA (Russell and Norvig 1995). We will not assume
that readers are familiar with the blackboard model,
though our introduction will be limited. The next sec-
tion contrasts interpretation problems with diagnosis
problems, since the differences are key to understanding
the power of the blackboard model. This is followed by
two sections that summarize the blackboard model and
the dynamic belief network model. We then compare
the characteristics of these two approaches for solving
interpretation problems.

Interpretation vs. Diagnosis
The blackboard architecture was developed to deal with
the difficult characteristics of interpretation problems
like speech understanding. To appreciate the power of
the blackboard model one must understand the char-
acteristics of interpretation problems--particularly as
they differ from superficially similar problems.

Interpretation problems involve the determination of
abstract, conceptual explanations of sensor data and/or
other informaton. An interpretation is a set of hypothe-
ses about "events" that might have caused the data
(and so explain it). For example, events could be vehi-
cles moving through the environment or the speaking of
words/sentences. Each hypothesis explains some subset
of the data and together an interpretation’s hypotheses
explain all of the data. Typically, we are interested
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in interpretations whose hypotheses are from a subset
of the abstraction types--what Pearl has termed the
explanation corpus (Pearl 1988). The process of inter-
pretation is based on a causal model that relates data
characteristics to types of "events." An interpretation
system uses this model to make abductive inferences
that identify possible explanations (causes) for the data
(Carver and Lesser 1991).

Interpretation is an inherently uncertain process.
In general, there will be multiple possible interpreta-
tions of any data set--i.e., multiple alternative sets of
"events" that could have caused the data. In addition,
many interpretation domains involve significant "noise"
in the data from things like sensor errors, environmen-
tal factors, and so forth. Because of this uncertainty,
there must be some way to assess the strength of the
evidence for the alternative interpretations. The solu-
tion to an interpretation problem is the interpretation
that is judged "best" according to some criteria. In a
probabilistic context, one possible definition of best is
the most probable explanation (MPE) (Pearl 1988).1

For simplicity, we will refer to the kinds of prob-
lems that have typically been studied in research on
abductive inference and probabilistic network inference
as diagnosis problems (e.g., (Peng and Reggia 1990;
Pearl 1988)). The key characteristics of diagnosis prob-
lems are that they have a fixed set of interpretation hy-
potheses (e.g., diseases) and data nodes, with known,
fixed relations among them. In other words, a com-
plete and static (probabilistic) model is available. Prob-
abilistic inference in networks for such problems has
been studied extensively. The conditional probability
of nodes as well as the MPE can be determined by plug-
ging the available data into evidence nodes and appro-
priately propagating its effects (Pearl 1988; Russell and
Norvig 1995). While inference has been shown to be
NP-hard for general network topologies (Cooper 1990;
Shimony 1994), efficient exact and approximate tech-
niques have been developed that can handle reasonable
size problems.

Though interpretation problems seem fairly similar
to "diagnosis problems," they differ in several impor-
tant ways. The primary way they differ is that they
lack complete and static models that connect the data
with possible explanations. While interpretation prob-
lems have a fixed set of interpretation and data types,
they can have an indeterminate number of instances of
any of these types.9 For example, in a vehicle monitor-
ing system, an unknown number of vehicles will have
been responsible for the overall data set and each ve-
hicle will produce a "track" of an unknown number of
sensor data points. The causal model used in the in-
terpretation process identifies the connections between
data types and explanation types, but not between in-

aThe MPE is also called the maximum a posterioriprob-
ability (MAP) interpretation.

2By indeterminate, we mean both that the number is a
priori unknown and that it changes over time.

stances of these types.
As a result, the associations between the individual

pieces of data and individual interpretation hypotheses
are a priori unknown. This leads to what is known
in the target tracking literature as the data associa-
tion problem (DAP) (Bar-Shalom and Fortmann 1988):
which target should data be associated with? The DAP
gives rise to what has been termed correlation ambi-
guity or origin uncertainty: it is ambiguous/uncertain
which potential hypothesis each piece of data should be
associated with (and provide evidence for). Diagnosis
problems simply do not involve the DAP or correlation
ambiguity.

The DAP and the possibility of an indeterminate
number of event instances, can lead to a combinato-
rial explosion in the number of possible interpretations
for a data set. For example, in a vehicle monitoring sys-
tem, every single piece of data potentially could have
come from: (1) any already hypothesized vehicle, (2)
noise/clutter, or (3) a new (previously undetected) 
hicle. Unless it is possible to conclusively rule out many
of these interpretations, the number of hypotheses will
grow exponentially with the amount of data examined.

To help understand the implications of the DAP, con-
sider a medical diagnosis problem involving data associ-
ation uncertainty: A doctor has a set of patients and a
set of test results. However, the tests have not been la-
beled by patient and some may even be for patients that
he has not seen yet (and knows nothing about). What
is the diagnosis for each of the tested patients? This is
clearly a much more difficult problem than conventional
diagnosis problems since the doctor not only must diag-
nose the patients, he must figure out how many patients
tests he has and associate tests with patients.3

Interpretation systems also face problems not faced
by diagnosis systems that arise from the nature of their
sensor data evidence. First, data from the same sensor
over time may not be conditionally independent (given
an interpretation hypothesis). Whether this is the case
or not will depend on how much detail we represent in
the interpretation hypotheses and the level of detail in
the causal model. The second problem with sensor data
is that there can be a massive amount of it when there
are multiple passive sensors, continuously operating in
a noisy environment; too much to completely process.
On the other hand, in many interpretation problems we
do not need to have explanations of every piece of data

3To be fair, this example somewhat overstates the dif-
ficulties typically caused by the DAP. In problems like ve-
hicle monitoring, basic consideration of the laws of physics
can eliminate (or make extremely unlikely) many possible
associations simply by virtue of position information, but
this is less so for medical diagnosis (though some diseases
are highly correlated to basic patient factors like age). An-
other reason is that in many interpretation problems, it is
reasonable to assume that a single source was responsible
for each piece of data--unlike medical diagnosis where the
simultaneous occurrence of multiple diseases with overlap-
ping symptoms is a key issue,

Carver 19



since we only care about certain events or interpretation
types (e.g., platforms/targets vs. clutter).

To deal with the characteristics just discussed, in-
terpretation systems must be constructive (Carver and
Lesser 1991; Clancey 1985) and they also must usually
make use of approximate strategies to determine solu-
tions. For example, they may construct only some of
the possible interpretations for the data they process
and they may process only part of the available data.
There are five basic approximation techniques that can
be used by interpretation systems:
1. process only part of the available data;
2. construct only some of the possible interpretation hy-

potheses for the processed data;
3. compute approximate belief ratings (conditional

probabilities) for the hypotheses (perform limited
"evidence propagation")4;

4. compute beliefs only for certain types of interpreta-
tion hypotheses (e.g., those from the explanation cor-
pus);

5. consider only some of the possible interpretations
(hypothesis combinations);

6. use criteria other than the MPE to select the solution
(e.g., assemble solutions from hypotheses whose belief
ratings surpass some acceptance threshold).

Obviously, these techniques are not independent. If
a system does not process all of the data then it cannot
in general create all possible interpretations of the com-
plete data set nor compute the true conditional prob-
abilities of the hypotheses. If a system does not cre-
ate every possible interpretation hypothesis for some
data, this not only limits the interpretations that can
be considered, it also results in approximate belief rat-
ings since it results in incomplete propagation of the
effects of evidence. The bottom line is that these ap-
proaches will result in interpretation solutions that are
only approximations of the optimal, MPE interpreta-
tion: they may be incomplete or they may not be the
most probable composite interpretation.

The Blackboard Model
This section introduces the blackboard model of prob-
lem solving. Since we are focusing on the application of
blackboard systems to interpretation, our discussion of
general characteristics will be limited. More complete
introductions to the blackboard model can be found
in (Carver and Lesser 1992; Carver and Lesser 1994;
Engelmore and Morgan 1988). (Carver and Lesser
1992) concentrates on blackboard-based SI and other
recent examples can be found in (Hayes-l~oth 1995;
Lesser et al. 1993).

The blackboard model is based on the following ide-
alized model of problem solving: a group of experts
sits watching solutions being developed on a blackboard
and whenever an expert feels that he can make a con-
tribution toward finding the correct solution, he goes to

4We are using "evidence propagation" in the same basic
sense that (Pearl 1988) refers to "belief propagation."

the blackboard and makes appropriate changes or addi-
tions. Among the key ideas behind this model are that
problem solving shoflld be both incremental and oppor-
tunistic. That is, solutions should be constructed piece
by piece and at different levels of abstraction, working
where the available data and intermediate state of pos-
sible solutions suggest the most progress can be made.

In the basic HSII model, a blackboard system is com-
posed of three main components: the blackboard, a set
of knowledge sources (KSs), and a control mechanism.
The blackboard is a global database (i.e., shared by all
the KSs) that contains the (sensor) data and interpreta-
tion hypotheses. The KSs embody the problem solving
knowledge of the system: they examine the blackboard
and can add, modify, or even delete hypotheses when
appropriate. KSs are intended to be independent, in-
teracting only by making changes to the blackboard.
The blackboard itself is typically structured as a set
of levels. For interpretation problems, the blackboard
levels are basically organized as a partial order, with
data levels at the "bottom" and abstract explanation
levels at the "top." Levels are themselves structured
in terms of a set of dimensions. Dimensions are used
to define the "location" of a hypothesis within a level.
This makes it possible to provide efficient associative
retrieval of hypotheses.

The network of hypotheses and data on a black-
board is allalogous to the structure that would be cre-
ated for a belief net model of an interpretation prob-
lem. The data objects and hypotheses correspond
to belief net evidence and explanation nodes, respec-
tively. Inter-hypothesis links correspond to belief net
causal/evidential links. As we have said, a key issue
for interpretation is being able to evaluate the strength
of the evidence for hypotheses and possible interpreta-
tions. Blackboard systems have almost invariably used
ad-hoc representations of belief. As they are created
or modified, blackboard hypotheses are assigned belief
"ratings," representing how likely they are to be cor-
rect. However, even in a blackboard-based interpreta-
tion framework like I~ESUN (Carver and Lesser 1991)
that computes probabilistic belief ratings, these ratings
are not (exact) conditional probabilities.

Dynamic Belief Networks
As we have shown, interpretation forces a system to
deal with issues that are not raised by diagnosis prob-
lems. For example, since the number of possible data
and interpretation instances are a priori unknown, in-
terpretation problem solving is necessarily constructive.
With a belief net, this means growing the network as
data arrives and is processed. As each piece of data is
processed, a corresponding evidence node could be cre-
ated (with appropriate conditional probablity informa-
tion), new explanation nodes may need to be created,
and evidential links added to connect the evidence node
to nodes the data directly supports.

Instead of this approach, however, the belief net com-
munity has focused on dynamic belief nets (DBNs) 
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deal with the temporal issues raised by interpretation.
The basic idea behind DBNs is to construct new in-
stances of the dynamically changing portions of the be-
lief net for each time slice, ~ but make use of the Markov
Property to eliminate all but the latest two time slices
of information by doing a rollup of all previous sen-
sor information. Instead of having, say, a single ve-
hicle hypothesis with supporting data/evidence nodes
being added over time, a DBN would have a time t ve-
hicle hypothesis, a time t + 1 vehicle hypothesis, and so
on. Each such vehicle hypothesis would be supported
by data from its time slice plus by the previous ve-
hicle hypothesis--not (directly) from all the accumu-
lated data. Introductions to DBNs can be found in
(Dean and Wellman 1991; Nicholson and Brady 1994;
Russell and Norvig 1995).

Blackboard-based Interpretation vs.

DBN-based Interpretation

Blackboard-based interpretation systems can be ex-
tremely flexible. The blackboard model has emphasized
the need for an intelligent search process and approxi-
mation techniques to solve complex interpretation prob-
lems. Interpretation hypotheses can be constructed and
refined incrementally, as part of a search process driven
by "sophisticated control architectures." A variety of
approximate knowledge sources can be defined and ap-
plied. Blackboard systems do not have to work time
slice by time slice, forward in time; they do not have to
create all interpretations of the data they process; and
they do not have to process all the available data.

For example, blackboard-based systems can examine
the data abstractly, looking for likely "targets," and
then selectively process data over a range of times to
confirm/deny and refine their hypotheses (e.g., (Dur-
fee and Lesser 1988)). Likewise, they can focus their
activities on pursuing only interpretation hypotheses of
most value--as in possible attacking aircraft vs. friendly
aircraft. Because they incrementally develop hypothe-
ses, blackboard systems can also work at multiple levels
of abstraction--they need not immediately explain all
data in terms of the ultimate (explanation corpus) in-
terpretation types. This is one mechanism for dealing
with the combinatorics of the DAP: implicitly repre-
senting uncertainty about higher level associations by
not creating links representing those associations until
sufficient data is acquired.

The blackboard model has also emphasized the need
to dynamically and opportunistically adjust strategies
in response to the developing state of problem solving.
By this we mean that blackboard systems can adapt
their problem-solving strategies as data loads, ambigu-
ity, system goals, and available time change. Decisions
about what hypotheses should be pursued and how they
should be pursued are based on the intermediate state
of problem solving (the current hypotheses, data, goals,

5Each discrete time when new sensor data arrives.

and so forth). This allows blackboard-based interpre-
tation systems to deal with resource limitations by rea-
soning about appropriate solution quality vs. processing
time trade-offs.

In contrast to the blackboard model, the DBN ap-
proach to interpretation is quite inflexible. A DBN
works time slice by time slice, doing complete and exact
interpretation--i.e., determining all possible interpreta-
tions of the new data and computing exact probabili-
ties. There is no ability to selectively and opportunis-
tically search. Russell and Norvig (Russell and Norvig
1995) (p. 518) state that "probably the most important
defect of DDNs [dynamic decision networks] is that they
retain the property of forward search through concrete
[i.e., complete] states...." If we compare the DBN ap-
proach to the blackboard approach, we see that this
is a key way that blackboards get their flexibility and
power: they are not limited to forward search and can
deal with partial states rather than complete states.

Another thing to note about DBNs is that they
do not completely address the DAP and the result-
ing possibility of exponential growth in the number
of interpretations and thus network structure. DBN’s
do reduce growth in the network that would come
from adding numerous data/evidence nodes. Rollup
nodes (Russell and Norvig 1995) are used to com-
pactly represent previous sensor data, so that only
the last time slice of the network needs to be main-
tained. This does not address the potential for ex-
ponential growth in the number of interpretation hy-
potheses over time, however. In general, approxima-
tion techniques will be required to deal with this issue.
Furthermore, while the rollup approach works for sim-
ple interpretation problems (e:g., (Huang et al. 1994;
Nicholson and Brady 1994)), it may not be practical for
interpretation problems involving sensor data with mul-
tiple, continuous-valued attributes. For example, sup-
pose that environmental characteristics in some region
are causing particular distortions in the signal received
from a target vehicle (e.g., certain frequencies shifted
by z ttz.). Expectations about the continued appear-
ance of this distortion need to be maintained between
time slices. Doing this could require extremely com-
plex, infinite-valued rollup nodes, which are not going
to be practical in belief network computations.

While the DBN approach lacks flexiblity, it does have
the ability to determine the optimal, MPE interpreta-
tion of a data set (in those problems that stay small
enough). Blackboard-based interpretation systems can
apply many approximation techniques, but the formal
properties of the resulting solutions currently cannot be
determined, except perhaps empirically. This drawback
is not limited to blackboard-based interpretation sys-
tems, though. While target tracking algorithms (Bar-
Shalom and Fortmann 1988) are often based on formal
techniques like the Kalman filter, they resort to ap-
proximations outside of the formal system in order to
deal with the DAP. For example, they may consider
only the most likely of the possible interpretations on
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each sensor cycle (Bar-Shalom and Fortmann 1988) 
may. periodically prune less likely hypotheses (resulting
in later conditional probabilities being only approxima-
tions) (Cox and Leonard 1994).

Conclusion

A wide range of important tasks can be viewed as inter-
pretation problems: vehicle monitoring and tracking,
robot map making, sound understanding for robotic
hearing, speech understanding, and so forth. This
comparison of blackboard-based and DBN-based ap-
proaches makes it clear why one might still want or need
to use a blackboard system. In spite of recent advances
in formal techniques like belief nets, these techniques
still lack the flexibility to handle complex interpreta-
tion problems.

Still, blackboard-based interpretation systems have
some serious problems. Because they tack formal un-
derpinnings for their belief computations and their deci-
sions about actions, it is impossible to assess the quality
of their solutions except through empirical means. By
contrast, DBNs can potentially compute exact condi-
tional probabilities and determine the most probable
explanations. DBNs also have the potential to make
use of decision-theoretic control methods.

One of the reviewers stated that he thought the black-
boards were being talked about less today not because
of the emphasis on formal techniques, but because there
is "not much more to say" about them and "no place
for them to go." We do not agree. This paper makes
it clear that there are significant limitations in the cur-
rent AI approaches to complex interpretation problems.
Clearly, there are opportunities here to synthesize sys-
tems with the best characteristics of these approaches.

For example, we are currently exploring methods
for developing formal statements about the properties
of solutions based on certain approximate interpreta-
tion strategies. These results would be applicable to
blackboard-based systems. In purusing this research,
we are considering research on approximation methods
for probabilistic inference in belief nets. This research
has largely assumed that a complete network model is
available and the problem is that exact evaluation is
not tractable. As we have discussed here, this assump-
tion is often invalid for interpretation because of the
potential exponential ’growth of the network. We are
exploring the use of models of the domain such as near
monotonicity (Carver and Lesser 1996), to deal with
evaluation of incomplete networks.

Another explanation for the appeal of the black-
board involves the characteristics of search algorithms.
Whitehair and Lesser (Whitehair 1996) have exam-
ined how the blackboard architecture supports "so-
phisticated control" strategies that are necessary for
"complex domains." Complex domains do not ex-
hibit monotone properties, and have highly interre-
lated search paths. The Interpretation Decision Prob-
lem (IDP) formalism (Whitehair 1996) has been 
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to represent complex domains and analyze the behav-
ior of blackboard-based interpretation systems. In the
IDP formalism, the structure of both problem domains
and problem solvers is represented in terms of context
free attribute grammars and functions associated with
the production rules of the grammars. This framework
shows that it is possible to develop analytic models of
the behavior of "ad-hoc" AI architectures like black-
board systems.
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