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Introduction
The "artificially intelligent" portions of
real-world manufacturing systems must
work in harmony with the rest of a parent
system. Because artificial intelligence
(AI) is considered a relatively high-risk
technology, AI components should be
responsible for their own correct behavior
- regardless of constraints imposed by the
embedding system. Therefore, AI
subsystems must be able to at least predict
or compensate for their own failures (if
not for systems beyond their own scope.)
This paper discusses a novel approach for
predicting and compensating for errors.
This paper specifically attempts to apply
the approach to a manufacturing domain.

We first describe the research we
have already performed in previous papers
as an introduction to our concerns. We
then examine predictive computing and
propose it in a form for addressing
manufacturing faults. We conclude by
describing the status of our work and the
focus we intend to concentrate upon in
future research.

The Problem and Previous Work
Manufacturing systems require complex,
real-time processing.
have been examining
and meta- level
approaches for
compensating for faults.

To this end, we
both application-
knowledge-based
detecting and

We have previously discussed our
knowledge-based tool which provides
distributed, fault-tolerant reasoning

[Go193]. The tool has built in predicates
for accommodating real-time deadlines.
The predicates providing time-driven
reasoning, dynamic rule prioritization, and
interrupt handling. By dynamically
modifying the priorities of rules as
resource requirements and availability
changes, the tool can generally detect and
respond to emergencies in time to meet
real-time deadlines. The tool has been
used previously to build assembly
applications.

Our tool treats applications as
multiple reasoning agents. These agents
communicate facts, database records and
objects via either some interconnection
network or TCP/IP (we support a virtual
machine as a layer in our programming).
The tool facilitates dynamically creating,
modifying and destroying agents. The
dynamic creation of reasoning agents has
been exploited to provide processor fault-
tolerance.

The real-world is very complex,
though, and so a much wider variety of
errors must be detected and compensated
for in manufacturing applications.

Predictive Computing
Predictive computing attempts to employ
information about either the structure of
or previous experiments with a system to
determine the state of the system at some
future time. Two basic concepts can be
used for predicting the future state of a
system: belief maintenance and inverse
compression.
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Belief maintenance uses a truth-
maintenance-like approach to build
models describing the causation of
manufacturing problems. From these
causes, applications can take steps to
modify the underlying model (and system)
so that the predicted state of the system at
some future time better reflects the
desired state.

Inverse compression uses large
amounts of compressed data concerning a
given process to model its state at some
future time. Inverse compression assumes
that some cyclical behavior is exhibited by
the underlying process; by determining
where the future point is in the underlying
cycle, we can estimate the state of the
process. For example, in manufacturing
plastics, such a function might reflect the
temperature, time, and chemical
compositions affecting a particular batch
of product.

Inverse compression only
facilitates predicting the results of failures;
it does not help much with respect to
compensating for such faults. If
compensation is desirable (as opposed to
simply ignoring the work-to-date), then
some other technique must also be
employed for compensation. We intend
to use inverse compression to guide plan
revision to actually compensate for
exceptions.

It is worth noting that inverse
compression is fairly "unfriendly" method
compared to most artificial intelligence
techniques: no explanation is available,
just prediction. However, in certain areas
inverse compression is far more
computationally efficient and more
accurate than any model building or belief
maintenance techniques.

Approach
We use our distributed knowledge-based
tools, the Distributed Artificial
Intelligence Toolkit (D_A_IT), to construct
systems with built-in tests for and repair
of errors in manufacturing applications.
We accomplish these tests by
incorporating tolerances into many of the
"objects" related to manufacturing. By
objects, we mean data items that are
communicated among reasoning agents.
Hence, objects include items such as
products, parts, processes, configurations,
etc.

We incorporate tolerances by first
developing measurement primitives, e.g.,
units of heat. A "tolerance object" is
described with respect to one or more
primitive measurement units. Tolerance
objects are then incorporated into higher
level units, such as attributes. The
pattern matching that normally takes place
to relate an object’s attribute-value pairs
thus also considers the object’s tolerances
that are embedded in the object’s
attributes.

Various aspects of objects are
toleranced. These tolerances are migrated
to the attribute-value pairs of behaviors
(e.g., a manufacturing process to be
performed). Hence, tolerances appear as
invariant conditions to be maintained
during manufacturing. Failure to maintain
the invariant conditions is automatically
pattern-matched to facilitate error
detection.

Error correction can be facilitated
by inverse compression and belief
maintenance. More specifically, we view
inverse compression as an ideal
mechanism for determining (1) if 
tolerance violation is significant and (2)
should a significant tolerance violation be
corrected; some errors are so costly to
correct that they should be ignored.
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Correcting mistakes is generally
accomplished via plan revision.

Status
Our laboratory is currently in a
transitional phase, so we have few new
results to report. In [Go193] we discuss
work developed using DAIT in the
assembly arena. Circumstances have
dictated changing domains to plastics
manufacturing. Due to the huge
differences between the two domains, we
are still building a new manufacturing
testbed. The continuous process nature of
material manufacturing, and in particular
plastics manufacturing, makes processing
very prone to heat transfer problems. We
have been examining predictive
computing for error detection to decrease
the percentage of bad product resulting
from uneven temperatures throughout the
material.

Details concerning DAIT are
readily available in [Go194].
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Conclusions
We have described the basis of our work
in plastics manufacturing. Our description
concentrates on error detection and
recovery. We have chosen to use inverse
compression techniques to assist in error
detection and prediction. By combining
predictive computing methods with
tolerance descriptions of manufacturing
objects, we hope to almost transparently
detect and correct for errors as they occur
in our systems.
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