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Abstract 

This report describes of current research in Artificial Intelligence at Oregon 
State University. The five areas of active research are ( a) intelligent aids for me
chanical engineering design, (b) active experimentation as a method in machine 
learning, ( c) techniques for combining logic programming and assumption-based 
truth maintenance, ( d) methods for combining symbolic and numeric approachs 
to reasoning under uncertainty, and ( e) problem-solving strategies for working 
with multiple qualitative models. 
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1 Design Histories as an Aid to Redesign in Mechanical Engineering
Thomas G. Dietterich and David G. Ullman 1 

1.1 Introduction 

The goal of our current research is to improve the productivity of designers in mechanical engineer
ing. Our work has focused primarily on understanding the design process and on developing tools 
to improve that process. 

Under a grant from NSF (DMC-8514949) we have conducted a protocol-analysis study of the 
mechanical design process. In this study, we developed two real-world mechanical design prob
lems. The first problem involves designing a battery-contact subassembly for a portable personal 
computer. The second problem involves designing a piece of manufacturing equipment ( called a 
"flipper-dipper") that assists a worker in coating both sides of a rectangular aluminum plate with a 
thin film. The first problem requires knowledge of metal spring electrical contacts, injection-molded 
plastics, and robot assembly methods. It emphasizes the design of a high-volume commercial 
product. The second problem, in contrast, requires knowledge of kinematics and simple actuator 
technology (hydraulic, pneumatic, electro-mechanical). It emphasizes the design of low-volume 
"one-off" machines. 

We gathered 6-10 hours of protocol data from each of six designers (three on each problem). Of 
these subjects, two were relative novices ( one on each problem) and the remainder were experienced 
industrial design engineers. This large body of data has been reduced to yield detailed traces of the 
design steps of each subject. We are still in the process of further analyzing the data to identify 
the domain knowledge and control strategies of the subjects. 

1.2 Current Research 

Based on this study, we are currently constructing and testing a tool for aiding the design process. 
Rather than attacking the entire mechanical design problem, we are focusing on the area of redesign. 
A large fraction of the design time for a product is spent redesigning the product as specifications 
and manufacturing constraints change. Our hypothesis is that redesign can be substantially aided 
by giving the designer access to a "design history browsing tool"-a computer system that provides 
a convenient, graphical display of the history of the previous design. 

A design history is a record of the design process that provides information on how and why 
each design decision was made. One of the major shortcomings of current design practice is that 
no record is kept of the process by which a design is constructed. In mechanical engineering, it is 
usually the case that only the final detailed drawings ( and possibly some handwritten notes in the 
designer's notebook) are retained to document the design. The entire process by which the design 
was developed-the alternatives considered, the reasons for rejecting them, the tradeoffs made, and 
so forth-are lost. Regrettably, this is precisely the kind of information that is needed by a designer 
who must alter or redesign the product at some later time. 

There are five research questions concerning the design history that need investigation: ( a) what 
information should be included in a design history, (b) how should that information be collected, 
( c) how should that information be represented in the computer, ( d) how should the information 
be replayed during redesign, and ( e) how effective is the design history for improving redesign? 

Some of these questions have already been explored by other researchers in artificial intelli
gence and software engineering. An important approach to software design automation is called 
transformational programming (Partsch & Steinbruggen, 1983; Green, et al., 1983). Programs 
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are developed by first writing a very high-level formal specification and then applying a series of 
correctness-preserving program transformations to refine the specification into an efficient imple
mentation. Each program transformation is a rule that transforms a statement in a high-level 
language ( e.g., a specification language) into an equivalent statement in a lower-level language ( e.g, 
an implementation language). 

Within this framework, a design history is a record of the transformations that were applied by 
the programmer (Wile, 1983; Neches, Swartout, & Moore, 1985). The record may also include the 
reasons for selecting each transformation (Fickas, 1985). The key idea is that during redesign, this 
design history can be replayed to transform the changed specification into a changed implementa
tion. Of course some of the original transformations will no longer be appropriate, and at such 
points, the programmer must intervene and select new transformations. However, the benefits of 
the approach are clear: the redesign involves minimal changes to the program and the changes are 
guaranteed to be correct (because the transformations preserve correctness). 

This work in transformational programming suggests the following strategy for mechanical 
CAD: (i) construct a transformational development system for automating the design process; (ii) 
use that system to collect, represent, and replay the transformational design history. We have 
decided, however, not to take this approach for two reasons. First, although it answers questions 
(b), (c), and (d), it does not address questions (a)-what belongs in the design history-or (e)
the effectiveness of design histories-which are the most important. Second, it would be a very 
difficult undertaking in mechanical engineering, because we lack formal languages for describing 
specifications and partial designs. It was the development of such languages for computer programs 
that enabled the work on transformational programming. 

We are instead conducting a series of experiments aimed at questions (a), ( c) and ( e). Instead 
of recording design histories, we are constructing them by hand, based on the data gathered from 
our previous protocol-analysis experiments. Unlike the software studies, our design histories will 
not be replayed automatically by computer. Instead, we are developing a computer-based browsing 
tool to help a design engineer examine and query the design history. Supported by this tool, the 
design history will become one more source of information, in addition to catalogs and drawings, 
for assisting in the redesign process. We plan to evaluate the effectiveness of this tool through a 
series of controlled experiments. 

This strategy has three primary advantages. First, it is feasible to perform in the near term. 
Second, it will provide a relatively inexpensive test of the value of design histories ( compared to 
the construction of an automated design system). Third, it provides a test case for developing and 
refining formal languages for describing mechanical design specifications, implementations, and the 
design process itself. Hence, it addresses problems that are critical to the development of a whole 
range of intelligent design aids. In particular, it will provide the representational base for the 
development of CAD tools that can automatically record the history information while assisting 
the designer during the design process. 

There are four basic tasks in our research plan. 

Task 1: Develop a design history based on existing protocol data. Under our current 
NSF grant, we have already gathered the protocol data needed for this task. In addition, we have 
conducted very detailed analysis of selected sections of the protocol data. However, to complete 
this task, we need to select one of our six protocols and perform additional, detailed analysis of 
that protocol to construct a complete design history. 

Task 2: Construct a formal representation language for design histories. As a part of 
our current NSF grant, we have made some progress toward the development of formal languages 
for representing the form and function of a design as it progresses from abstract specification to 
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detailed implementation. However, the languages that we have developed are intended only for 
representing small segments of the protocol data. In this task, we will extend these representations 
so that they are capable of capturing the entire design history for the selected design problem. 

Task 3: Construct a computer-based tool for browsing and querying the design history. 
The form in which the design history is made available to the designer is critical to the success of 
the research. The . key cognitive task for an engineer facing a redesign problem is to understand 
and internalize the constraints inherited from the previous design that limit the possibilities for 
redesign. Hence, we are developing a computer-based browsing tool for examining and querying 
the formal design history. We plan to cross-index each design decision and design constraint with 
each component and function in the design. Using a mouse and window-based user interface, the 
engineer will be able to point at a component of the design and determine all of the constraints 
and design decisions that affect that component. Similarly, the engineer will be able to select any 
of the original specifications or any design decision and obtain a visual presentation of the impact 
of that specification or decision on the design. 

The design history will also be available as a goal/sub-goal tree display on the screen. Pointing 
at any node of the tree and pressing a button will reveal the details of the design decision at that 
node. Shapes, colors, and related techniques will be employed to encode different kinds of design 
steps. The browsing tool will also support editing of the design history. Hence, it will also be used 
for initial entry of the design history into the computer. 

Task 4: Evaluate the effectiveness of the design history To evaluate the benefits of a 
design history, we plan to conduct a series of experiments in which several engineers will re-design 
altered versions of the :flipper-dipper. Two variables will be manipulated: the access to the design 
history and the degree of change in the specifications. Three levels of design history access will be 
provided: (a) access to the browsing tool described above, (b) access to a written narrative of the 
design history, and ( c) no history information. All levels will include access to the final drawings of 
the original design. Two different specifications will be given. One group will be given a redesign 
problem in which only minor changes to the specification have been made. The other group will be 
asked to redesign based on a major change in the specification. The effectiveness of the designers 
will be measured by taking verbal and video protocols and rating the quality of the designs, the 
number of components changed, and the number of constraints violated. 

We expect that access to the design history will help designer's work faster and will lead to 
redesigns that change relatively few components and do not violate any constraints. However, 
there may be an adverse effect with major specification changes. In those cases, our subjects may 
become preoccupied with trying to save the original design rather than developing significantly 
different approaches to the problem. 

1.3 Concluding Remarks 

On the basis of these four tasks, it should be possible to make an accurate assessment of the utility 
of design history tools for aiding the redesign process. The tasks will also provide the foundation for 
developing industrial-level design history tools, both in terms of knowledge representation languages 
and user interface techniques. 
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2 Combining Logic Programming and Assumption-Based Truth 
Maintenance-Thomas G. Dietterich 

2.1 Previous work on FORLOG 

Two important techniques-logic programming (Clocksin & Mellish, 1984) and assumption-based 
truth maintenance systems ( deKleer, 1986a; 1986c)-have been developed in the past few years. 

Logic programming is a programming style in which programs are written declaratively as 
a collection of axioms and executed by an interpreter that respects the declarative semantics of 
the axioms. The main advantage of this approach is that the correctness of the program can be 
determined ( at least in part) by considering the declarative semantics of the axioms. A second 
advantage of logic programming is that it provides a new primitive data structure---the logical ( or 
un-bound) variable. This facilitates programming with partially-instantiated structures. 

Truth maintenance systems (TMSs) can be viewed as databases that record not only the current 
state of program execution but also the justification ( or history) for how the state was derived. For 
programs that conduct searches, this information can be used to determine the search choices 
that led to a contradiction so that backtracking can be performed intelligently. The assumption
based truth maintenance system (ATMS) is a particularly efficient TMS that is also very flexible. In 
particular, unlike previous systems, it can represent several different states ( or contexts) of problem 
solving simultaneously, so that it can be used by search programs that employ search strategies 
other than simple depth-first search. Furthermore, information can be shared among the different 
states so that no information is stored redundantly. 

Both logic programming and truth maintenance systems share the view that problem solving 
involves deriving new facts from old ones. Hence, it is natural to attempt to combine the two 
techniques. This is not entirely straightforward, because the ATMS assumes a forward-reasoning 
architecture while current logic programming systems use a backward-reasoning control structure. 
We have developed a method (see Flann, Dietterich & Corpron, 1987) for converting backward
chaining logic programs into semantically well-founded forward-chaining programs. The basic idea 
is to use the "forward-half" of the completion of the logic program (Clark, 1978) . Consider the 
well-known Prolog append program: 

append([] ,Z,Z). 
append([X1IXR],Y,[X1IZR]) :- append(XR,Y,ZR). 

This program says that we can prove that Z is the result of appending the lists X and Y either by 
proving that X is the empty list and that Y=Z or by proving that X and Z have the same first element 
and that the rest of list X, when appended to Y yields the rest of list Z. 

The equivalent FORLOG program is 

\:/x,y,zappend(x,y,z) :J (x=[] A y=z)V 
3 X1, Xr, Zr X = [x1lxr] A z = [x1lzr] A append(xr, Y, Zr) 

(1) 

This states that if append(x,y,z) is true, then it must be the case that either xis the empty list 
and y = z or else x is a list whose first element is x1, z is a list whose first element is also x1, and 
the result of appending the rest of x (xr) with y is the rest of z (zr)• 

To execute the Prolog program, we set a goal that contains unbound variables and attempt 
to find a proof for an instance of that goal. To execute the FORLOG program, we make an 
assertion that contains Skolem constants and explore the consequences of that assertion. Among the 
consequences will be equality assertions involving the Skolem constants. For example, if we assert 
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append([l], [2, 3], sk1) (where sk1 is a Skolem constant), we will eventually infer that sk 1 = [l, 2, 3] 
as a consequence of this assertion and rule ( 1). 

To manage the execution of the forward-chaining logic programs , we have adopted the "con
sumer architecture" invented by deKleer (1986c). To improve speed, we compile the forward
chaining rules into a data-flow network. Some of the nodes in the network correspond to RETE 
"AND" nodes (Forgy, 1982) . Other nodes correspond to "READ" and "WRITE" unifications in 
the Warren Abstract Machine (Warren, 1983). The result is the FORLOG automated reasoning 
system. 

FORLOG combines all of the advantages of Prolog with the search flexibility, intelligent back
tracking, and default reasoning capabilities of the ATMS. In fact, we have proved that a subset of 
FORLOG is procedurally isomorphic to (i.e., yields the same run-time behavior as) pure Prolog. 

We believe that FORLOG also provides improved support for an extension to the logic pro
gramming paradigm that we call programming with assertions. In this extended style, the logic 
program is able to manipulate assertions without resorting to the use of assert and retract that 
would be necessary in Prolog. 

2.2 Current Research 

There are four tasks in FORLOG that require further research. 

Task 1: Translate FORLOG to Commonlisp. The first task is to translate the FORLOG 
system, which is now written in Interlisp-D, into Commonlisp. Commonlisp is rapidly becoming the 
standard lisp , available on a wide variety of machines. We have received many requests for copies 
of FORLOG, but because it is available only in Interlisp-D (which runs only on Xerox 1100-series 
computers), we have been unable to honor these requests. 

Task 2: Experiment with the style of programming with assertions. Prolog (and the 
subset of FORLOG illustrated by the append example) supports one basic data structuring mech
anism: terms. Terms are hierarchical nestings of simple tuples, and consequently, they are unable 
to represent complex, non-hierarchical structures in any direct way. The natural solution to this 
problem is to describe complex structures using collections of assertions. We call this style of 
programming programming with assertions. Prolog provides only primitive, non-logical support 
for programming with assertions by the use of assert and retract. FORLOG, because of its 
forward chaining architecture, can be viewed as deriving new assertions from old ones-not just 
new variable bindings from old ones in the Prolog fashion. 

We have written several small programs in this new programming style, but we need to gain 
more experience in order to further develop this approach. We expect to receive some large SUN 
workstations, which will permit us to perform larger experiments with FORLOG. 

Task 3: Develop techniques for equality reasoning in the ATMS. Equality reasoning 
plays an important role in FORLOG programs , because it is used to infer the values of Skolem 
constants. Unfortunately, equality is handled very inefficiently by the ATMS. A straightforward 
implementation of equality using only the symmetric and transitive axioms allows many redundant 
proofs to be derived from any set of equalities. For example, from the knowledge that sk1 = sk2, 
sk 2 = sk 3 , and sk 3 = sk 4, these axioms will permit four distinct proofs that sk 1 = sk4 . In general, 
for n equality assertions, there are 0( n!) generated proofs. The bad news doesn't end here, however . 
Each of these proofs is cached by the ATMS in the form of a dependency record. Whenever a change 
is made in a supporting assumption, the ATMS must traverse each of these 0( n!) dependencies to 
update the database. This is clearly unacceptable. 
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Traditional techniques for representing and reasoning with equality ( and other congruence clo
sures; e.g., Nelson & Oppen, 1980) are not applicable in the ATMS, because they assume that 
the database of assertions represents a single state or context. However, equality is such a strong 
relation that there should be some more efficient technique for integrating equality reasoning into 
the ATMS. The approach that we plan to take is to construct a separate module for reasoning 
about equality. Justifications from non-equality assertions will support equality assertions, and 
non-equality assertions will be supported by equality assertions, but no justification links will be 
maintained from one equality assertion to another. Instead, a special-purpose updating algorithm 
will be developed to maintain the equality database. 

At the present time, we think we have an algorithm that visits each equality assertion only 
once when processing a new assertion or a change in support. Further work is required to prove it 
correct and implement it efficiently. 

Task 4: Develop a control language for FORLOG. Unlike Prolog, FORLOG has been 
developed thus far as a purely declarative language. This means that there is no way to exercise 
control over the execution of the program. This is particularly true when the extended style of 
"programming with assertions" is employed. In that style, evensimple programs, such as sorting 
or finding the maximum element of an array, require O(n 2 ) time or worse, because they perform 
redundant computations. 

Currently, the only option available to the programmer is to write procedures in lisp that guide 
reasoning by selecting appropriate inference steps from FORLOG's internal agendas. Within the 
Prolog community, many approaches have been explored for providing control including control 
annotations ( e.g., the cut, goal suspension annotations, etc.), meta-level logics, second-order logics, 
and so on. We plan to explore these methods and apply them to FORLOG. The goal will be to 
develop a control language that allows the programmer to state preferences concerning the contexts 
in which problem solving should occur without writing intricate or tricky procedures. 

Our first goal will be to develop a language in which it is easy to express the dependency
directed backtracking procedure described by deKleer and Williams (1986). Then we will explore 
control issues that arise in the programs that are developed in task 2. 

3 Learning by Experimentation-Thomas G. Dietterich 

3.1 Introduction 

An important goal of current machine learning research is to find techniques for strengthening the 
weak methods of inductive learning developed during the seventies ( e.g., Quinlan, 1986; Michalski, 
1983; Mitchell, 1982). There are essentially two avenues being pursued. 

One is to provide the learning system with more background knowledge and develop ways in 
which that background knowledge can be exploited to learn new knowledge. Explanation-based 
learning ( e.g., Mitchell, Keller & Kedar-Cabelli, 1986; DeJong & Mooney, 1986) is an example of 
this line of research. 

The other avenue is to find ways in which the learning system can exploit the richness of the 
learning environment. Learning by experimentation ( e.g., Dietterich & Buchanan, 1983; Raja
money, DeJong & Faltings, 1985; Rajamoney, 1986) is pursuing this second line of research. The 
key hypothesis is that giving the learning system the ability to actively experiment with its envi
ronment will improve and extend its learning capabilities. 

A few researchers have developed systems that learn by experimentation ( e.g., Kibler and Porter, 
1983; Shapiro, 1981, 1982; Mitchell, Utgoff & Banerji, 1983; and Lenat, 1980, 1983a, 1983b ). Most 
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of the research so far has focused on (a) demonstrating the power of experimentation and (b) 
developing methods for the design and execution of experiments. We believe the time has come to 
take a deeper look at the underlying issues. 

3.2 Four Issues in Experimentation 

Under a grant (IST-8519926) from NSF, we are exploring four fundamental issues in experimenta
tion. 

1. How does experimentation-based learning compare with learning from environment
selected training examples? It would appear that the key advantage of experimentation-based 
learning is that the learner can select the training example that would be most informative instead 
of waiting for the environment (or a teacher) to present such an example. On the other hand, the 
teacher knows the "right answer" and therefore can select training examples that can efficiently 
isolate the desired theory or concept. To date, no studies have investigated this issue in any depth. 

2. How do instance selection experiments compare with decomposition experiments? Most 
machine learning work on experimentation has viewed it as simply a method for obtaining infor
mative training examples. However, an alternative view is that experiments are actions that the 
learner takes in order to simplify the learning problem. The clearest case involves in vitro experi
mentation, where a scientist isolates a small subcomponent ( e.g., an individual cell or an individual 
molecule) and studies its behavior in the test tube. We call such actions decomposition experiments. 
To our knowledge, no experimentation system has studied decomposition experiments. 

3. What criteria should a learner apply to select the best experiment to perform? At 
each point in the learning process, the learner must choose the action to perform next. We have 
given the name experiment bias to the set of critera that the learner uses to make this decision . 
In principle, statistical decision theory can be applied to derive experiment bias from the more 
familiar theory bias-the criteria the learner applies to prefer one theory over another (Utgoff, 1986). 
Each theory can be assigned a prior probability (a form of theory bias) and then the experiment 
can be chosen that would be maximally informative in the sense that it would maximally reduce 
the uncertainty (entropy) of the learner concerning the identity of the correct theory. Important 
questions include: (a) How effective is the experiment bias that is derived from theory bias? (b) 
How important is experiment bias in general? Early in the learning process, it may not make 
much difference which experiment is selected. ( c) If the experiment bias is wrong, how can it be 
corrected? Can randomly chosen experiments help? 

Previous work has virtually ignored the question of experiment bias and its role in aiding or 
hindering learning. It is a difficult topic to study, because one must be able to change the experiment 
bias of the learning system and measure the resulting changes in learning performance. 

4. How should the tradeoff between experimentation and theory formation be man
aged? A practical learning system cannot spend all of its time designing and performing experiments
some time must also be spent developing and refining theories that explain the data and provide 
guidance for future experiments. What is the proper mix of theory formation and experimentation? 
Significant computational as well as epistemological issues arise here. 

Previous work has not provided much insight into this issue. Most existing experimentation sys
tems implement only one point along the tradeoff between experimentation and tlwory formation. 
To study this question, we need to learn more about the tradeoff itself. 
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Figure 1: The combinational logic circuit of a full adder. 

3.3 Current Research 

To explore these issues, we are constructing a learning system for the simple domain of combina
tional (state-free) digital logic circuits. We plan to conduct a series of experiments on the learning 
system itself in order to understand learning by experimentation. 

A combinational logic circuit can be viewed in many ways. First, it can be described structurally 
in terms of the circuit topology (see Figure 1). Second, it can be described functionally in terms 
of the truth table that it implements. Third, it can be described in more abstract functional terms 
as, for example, an adder, multiplexer, permutation network, etc. When an abstract functional 
representation is specified, it is also necessary to provide a mapping between the abstract data 
types, (e.g., numbers) and the boolean terminals. For example, the mapping for an adder might 
state that numbers are represented as 2's-complement binary strings. 

In this domain, the goal of the learning system is to discover the structure and function of the 
circuit by performing experiments on it. Simple, instance-selection experiments involve placing 
desired boolean signals on the input terminals and observing the resulting values on the output 
terminals. More interesting decomposition experiments involve removing a subnetwork from the 
circuit and performing experiments on it in isolation. Our plan is to structure the circuit recursively 
as a network of modules. In an experiment, the learning system will be able to extract a randomly
chosen module from the larger circuit, but it will not know what this module was connected to ( or 
any other information about the circuit topology). The space of theories in this domain involves 
three interrelated subspaces: the space of all structurally distinct circuits, the space of truth tables, 
and the space of abstract functions (with associated data type mappings). 

To make it easy to explore the four issues listed above, the learning system for combinational 
logic ci'rcuits will use "brute force" techniques. By "brute force," we mean that the learning system 
will be given an enumeration of the space of theories ( and experiments). This will allow us to 
change theory biases and experiment biases and compare the resulting learning behavior. 

The space of theories that will be supplied to the program will be computed by Monte Carlo 
sampling of the space of all possible logic circuits. Random sampling is necessary because the space 
of interesting devices includes all circuits containing up to 22 nodes (inputs + outputs + internal 
gates). We estimate there are more than 1031 such circuits. We will employ exhaustive enumeration 
for all circuits with fewer than 9 nodes in order to calibrate the Monte Carlo procedures. 

The brute force learning system will operate as follows. Each theory bias will be used to assign 
a prior probability to each theory. Whenever some new input data are obtained, the learning 
system will eliminate all theories that are inconsistent with the data and update the probabilities 
( according to Bayes' Rule) of the remaining theories. Different learning systems will be evaluated by 
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comparing the maximum-likelihood predictions that they would make for unobserved data points. 
Different target circuits (that the learning systems are trying to understand) will be tested: ones 
that "obey" the theory bias, ones that do not, and ones selected at random. 

Using this brute force learning system, we will be able to investigate each of the four issues listed 
above. First, we will compare instance-selection experiments with teacher-selected and randomly
selected experiments. Second, we will compare instance-selection experiments with decomposition 
(in vitro) experiments. We expect that this will show a significant advantage for decomposition 
experiments. However , it may be that a mix of the two approaches is best. Third, we will compare 
different kinds of experiment biases. By analyzing the table of possible theories, we can learn 
much about the relative value of biases over functional theories compared to biases over structural 
theories. It is also possible to have a bias only over the abstraction mappings. This information 
alone might provide significant guidance to the learning system. 

The only issue that we will not be able to explore in depth concerns the tradeoff between 
theory formation and experimentation. We will determine how important the choice of particular 
experiments is at different points in the learning process. However, to fully explore this issue, we 
need to develop more sophisticated learning programs that generate their alternative theories and 
experiments incrementally, as needed. This will be a subject for future studies. 

4 A Hybrid Approach to Reasoning Under Uncertainty-Bruce 
D'Ambrosio 

4.1 Background 

A complete approach to reasoning under uncertainty requires support for both identification of the 
appropriate hypothesis space and ranking hypotheses based on available evidence. We are devel
oping a hybrid reasoning scheme which combines symbolic and numeric methods for uncertainty 
management to provide efficient and effective support for both of these tasks. The hybrid is based 
on symbolic techniques adapted from Assumption-based Truth Maintenance systems (ATMS), com
bined with numeric methods adapted from the Dempster/Shafer theory of evidence , as extended in 
Baldwin's Support Logic Programming system. The hybridization is achieved by viewing an ATMS 
as a symbolic algebra system for uncertainty calculations. This technique has several advantages 
over conventional methods for performing inference with numeric certainty estimates in addition 
to dynamic determination of hypothesis spaces, including improved management of dependent and 
partially independent evidence, faster run-time evaluation of propositional certainties , and the abil
ity to query the certainty value of a proposition from multiple perspectives. In the remainder of 
this description we first briefly review research on numeric and symbolic approaches to reasoning 
under uncertainty, and then discuss our hybrid approach. 

Current techniques for performing inference with numeric certainty values in expert systems 
(Buchanan and Shortliffe, 84), (Lowrance, 86), (Szolovits and Pauker, 78) , (Weiss et al, 78) assume 
that the hypothesis space has been pre-determined, and rely on numeric combination of evidence 
at each stage of inference. All known evidence is reduced to a single number or pair of numbers 
associated with each proposition. This means that the source of each derived support is lost. This, 
combined with a lack of information regarding the necessary conditional probabilities, requires that 
independence assumptions be made in order to combine evidence from multiple inferences support
ing a single proposition (Cheeseman, 85). Further, it is not possible to determine the sensitivity of 
cbnsequent certainty values to individual pieces of evidence without re-doing the entire inference 
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process. Finally, the simple numeric schemes typically used in expert systems usually do not allow 
for changes in support for antecedents once inference has taken place. Recent research (Pearl, 
87; Shachter, 87) has been aimed at permitting direct expression of relationships and elimina
tion of independence assumptions. This work, however, still assumes a pre-determined hypothesis 
space. In addition, the computational complexities of these approaches present difficulties, and the 
explanatory capabilities of the simple rule-based paradigm have not yet been reproduced. 

An alternative paradigm for reasoning under uncertainty (Cohen, 84), ( deKleer, 86a), (Doyle, 
79), (Liu, 86), (McAllester, 80) can be traced back to the work of Doyle (Doyle, 79) on symbolic 
truth maintenance systems. One of the most recent of these systems is the Assumption-based Truth 
Maintenance System (ATMS) of deKleer ( deKleer, 86a,b,c). This system, like many other symbolic 

· systems, has the capability of dynamically determining hypothesis spaces. In the case of an ATMS, 
this can be done through the mechanism of interpretation construction. An ATMS builds symbolic 
expressions (labels) for the truth value of all propositions in a database. Specifically, the label of 
a proposition is a list of sets of assumptions, where the proposition is held to be true if all of the 
assumptions in at least one of the sets are true. This structured representation for uncertainty 
permits the algorithms to automatically eliminate dependent evidence and provides for sensitivity 
analysis of resulting truth values. However, it suffers from two limitations. First, the only ranking 
possible is between propositional truth values of false, true, and uncertain. This is inadequate for 
applications in which it is necessary to rank uncertain alternatives. Second, the computational 
complexity of the underlying algorithms is as unattractive as that of the newer numeric uncertainty 
schemes. 

4.2 Research Description 

We are engaged in research (D'Ambrosia, 87a,b,c) on a novel method for computing the certainty 
of derived propositions from numeric certainty information for the initial evidence, based on the 
mechanisms of the ATMS and the evidential combination algorithms of the Dempster/Shafer theory 
of evidence (Shafer, 76). The method relies on the propagation mechanisms in the ATMS to perform 
most evidential inference and combination operations symbolically, and only substitutes numeric 
values when asked for the certainty of a proposition. Advantages include improved handling of non
independent evidence, very fast run-time evaluation of propositional certainties, and the ability to 
request the certainty value of any proposition from several perspectives. Also, changes in support 
for antecedents are automatically reflected in consequent propositions, even after inference has 
occurred. 

One view we can take of an ATMS is as a symbolic algebra system for uncertainty information. 
That is, an ATMS starts with a set of uncertain data and a set of inferences which can be drawn 
from that data. It then computes a closed form symbolic expression for the truth of all consequent 
propositions, in terms of the symbolic truth values ( assumptions) of the original data. One conse
quence of this capability is that, once problem solving is complete, the truth of a proposition in any 
solution or partial solution can readily be determined with inexpensive, purely local operations. 

If we view ATMS assumptions as certainty variables, and if we can establish a mapping between 
the computations performed by the ATMS and those of some well-founded numeric certainty cal
culus, then we can substantially improve its ability to rank alternatives. We are establishing such a 
mapping for the Dempster /Shafer theory of evidence, and a simplification/ extension of it, Support 
Logic Programming (Baldwin, 85). The elements that must be mapped are basic mass assign
ments, primitive hypothesis sets, frames of discernment, inference rules ( and associated algorithms 
for propagating evidence across inferences), and evidence combination algorithms. 

We use an ATMS assumption to carry each element of a basic mass assignment. In the Demp-
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ster /Shafer theory of evidence, a source provides evidence not for a single proposition, but rather 
distributes evidential mass over an entire frame of discernment, the power set of a set of mutually 
exclusive and exhaustive alternatives (the primitive hypothesis set). We use the ATMS One-of dis
junction to represent a basic mass assignment, and the mutual exclusion capabilities of an ATMS 
to construct a representation for a frame of discernment. Dempster/Shafer theory does not include 
a model for inference rules; however, SLP does, and the SLP inference rule 

B :- A: [Sl(BIA), Su(BIA)] 

can be mapped into two ATMS justifications, one from A to B supported by Sl(BIA), and one 
from A to (not B) supported by (1 - Su(BIA)). The basic model of inference underlying this 
translation is that each inference rule is a rule specifying how to map evidence for elements in some 
set of frames of discernment (those containing the elements of A, assuming A is composite) into 
evidence over the frame of discernment containing B. That is, an inference rule generates a basic 
mass assignment. An important feature of this mapping is that the composition of a sequence of 
two justifications is parenthesis free. As a result, we can defer numeric evaluation, use the standard 
ATMS assumption propagation algorithm, and compute the support pair for any proposition by 
examining only the labels of propositions in its frame of discernment. 

Dempster /Shafer theory provides a mechanism for combining sets of evidence over a frame of 
discernment consisting of a primitive set of exhaustive and mutually exclusive hypotheses. We 
have developed a hybrid symbolic/numeric equivalent of this mechanism which performs as much 
of this process as possible symbolically, and defers the final numeric computations untill the system 
is actually queried for the certainty value for a specific proposition. The process consists of the 
following steps: 

• Symbolic conversion of mass functions to belief functions. 

• Symbolic expansion of labels to eliminate duplicate or inconsistent evidence components. 

• Reduction of the expanded symbolic belief expression to a numeric value . 

• Computation of Kappa - the Dempster/Shafer normalization parameter. 

• Normalization of the numeric belief value. 

This process is repeated for the negation of the proposition, yielding the belief in the negation , 
from which the plausibility of the proposition can be easily recovered 2 • 

Currently, we only support subsets of the frame of discernment consisting of primitive hypothe
ses and their negations. This subset has been adequate for the problems we have addressed, and 
has the advantage that computational complexity of evidence combination is linear in the number 
of primitive hypotheses. We are also developing symbolic techniques for representing the full power 
set of the primitive hypothesis set, as well as hierarchical subsets of the power set. 

Notice that we can now perform a sensitivity analysis on propositional support. This can be 
done by selecting assumption sets to be included in the support computation, or by substituting 
extreme values for the numeric support for a particular assumption prior to evaluation. One method 
of selecting assumption sets is to specify a kernel set of assumptions. An assumption set can then 
be included in the support computation according to various measures of its consistency with the 
kernel set. 

2 In Dempster/Shafer theory, the certainty of a hypothesis is represented as a pair (TI,,lief, Plausibility), where 
Plausibility(X) = 1- Belief((NotX)). 
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4.3 Tasks 

We have already constructed a partial prototype of the ideas presented here. However, much 
remains to be done in design, prototype construction, and evaluation. We plan to extend and 
refine our previous work by developing techniques for symbolically representing the full power set 
of the primitive hypothesis set, as well as hierarchical subsets of it. We need to develop a better 
understanding of the model of inference we are using, and develop a formal characterization of it. 
We plan to develop a complete prototype reasoning facility incorporating all of the techniques we 
have described, and evaluate it in several significant reasoning tasks, yet to be selected. 

Other Numeric Uncertainty Models We have shown that deKleer's ATMS can be used as 
a symbolic algebra system for uncertainty calculations consistent with at least one uncertainty 
calculus. We have not established, though, how wide a class of numeric certainty algorithms can 
be captured using this approach. One criteria we did identify is that the mapping to the ATMS 
must be such that the calculations are associative, since ordering and nesting information is lost 
in assumption-set propagation. We believe that a Bayesian model, as well as fuzzy logic (Zadeh, 
79), can be adapted to representation symbolically in the ATMS, and are beginning to develop 
mappings for each. 

Viewing Numeric Certainties as Summaries We mentioned briefly above that neither the 
symbolic nor the newer numeric approaches to uncertainty management scaled well. vVe believe 
the hybrid approach we have presented offers a solution to this problem. The above research 
is predicated on a view in which numeric certainty values are taken as primitive, and ATMS 
assumptions are merely truth variables. This view permits us to rectify a fundamental limitation of 
the ATMS, the inability to rank alternatives. However, ATMS algorithms compute the consequences 
of any change (addition of a proposition, justification, or assumption) for every proposition in the 
database. The expense of this computation grows rapidly with the number of propositions and 
assumptions being managed. 

The fundamental cause of this problem is the same feature of the ATMS that provides its 
richness and power, namely that certainty in a proposition is represented by a complex, structured 
set of tokens. One way to solve this problem is to summarize the certainty in a more compact 
form, and relax the commitment to immediately compute all consequences of a change in support 
for every proposition. Many problems can be partitioned into a series of steps, where each step can 
be viewed as a cycle of alternative development followed by selection. 

We plan to address the complexity problem by partitioning the ATMS into separate databases 
for each reasoning task. Inferences in one partition dependent on hypotheses located in another 
partition will be linked by creating an assumption in the dependent partition. The assumption will 
be tagged with the numeric support value obtained from the hypothesis in the antecedent partition. 
A forward link from the hypothesis to the new assumption can also be kept, so that the assumption 
can be informed of significant changes in support for the antecedent proposition. This propagation 
between partitions, however, is not done automatically by the ATMS, but rather by the higher-level 
problem-solver. 

Search Control The availability of numeric evaluations of alternatives significantly impacts the 
architecture of problem-solvers built using an ATMS. As discussed earlier, an ATMS is an elegant 
mechanism for exploring a set of alternatives, but provides limited mechanisms for ranking them. 
In part for this reason, previous work using an ATMS has stressed completeness. Alternatives are 
explored whenever there is any evidence that an alternative is possible (i.e., when the label for 
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the corresponding proposition is non-null). This is the basic strategy available in the prototype 
rule-based problem-solver we have implemented, as well as the one used in the commercially avail
able tool, ART. With numeric estimates, at least two alternate heuristic search strategies suggest 
themselves: 

1. Pursue the currently highest ranked alternative(s). 

2. Pursue all alternatives with rankings above some (perhaps dynamically adjustable) threshold. 

4.4 Summary 

Uncertainty is a pervasive problem underlying much of AI. We rarely have complete information, 
and even when we do, we can only afford to apply it in its entirety in toy problems. Numeric methods 
for managing uncertainty provide a means of ranking alternatives, but do not directly support 
their development. Symbolic methods directly support alternative development, but provide little 
guidance in selection. By combining these two classes of techniques, we are developing a system 
that directly supports both aspects of reasoning under uncertainty and does so in an efficient and 
effective fashion. 

5 Problem-Solving with Multiple Qualitative Models - Bruce 
D'Ambrosio 

5.1 Introduction 

Qualitative modelling (Bobrow, 1984) is vital to many important applications of Artificial Intel
ligence, including diagnosis, design, repair, and real-time control (Raulefs, D'Ambrosia, Fehling, 
et al, 1987). In previous research we have identified the necessity for, and sketched a theory of, 
problem-solving via coordinated application of multiple models of a physical situation (D'Ambrosia, 
1985; D'Ambrosia & Fehling, 1985). We are currently engaged in research to improve the founda
tions of this theory, develop a research prototype for experiments intended to test and generalize it, 
and develop methods within the theory for coordinated application of multiple models to specific 
reasoning tasks. Such methods are currently unavailable and are essential to the construction of 
efficient and effective problem solvers utilizing model-based reasoning. 

5.2 Background 

Research to date on model-based reasoning has largely been concerned with demonstrating the 
existence of adequate representations and reasoning methods for single models ( deKleer & Brown, 
1984; Kuipers, 1986). Application of this research has usually resulted in the implicit adoption of 
the Universal Model hypothesis (UMH) - that a single global theory at a single grain size is adequate 
for all problem solving. Human problem solvers, however, seem adept at selecting a perspective 
from which an efficient and powerful model of a problem can be formulated, and at dynamically 
modifying that perspective as problems arise. Thus, current research efforts are far from capturing 
the full range of human model-based reasoning. We believe that complex problem solving requires 
the coordinated application of a variety of models of a physical situation. We have termed this the 
Multiple Model hypothesis (MMH). 
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5.3 The Multiple Model Hypothesis 

The MMH is based, in part, on a view of human application of domain knowledge to physical 
situations, described in (D'Ambrosio, 1986), consisting of the following tasks: 

1. Selection of a theoretical perspective from which to view the situation ( e.g., heat-flow or 
ballistics). 

2. Segmentation of the situation into components, instances of the types provided by the theory. 

3. Selection of a mathematics in which to construct a formal model of the situation. 

4. Formal model construction. 

5. Transformation of the formal model (i.e., solution). 

6. Interpretation of the results of formal model transformation, including evaluation of their 
applicability to the original situation. 

The Multiple Model hypothesis arises in response to multiple or changing goals, as well as 
dynamically created subgoals. For example, consider a simple monitoring and assessment task: 
(a) a model used to generate norms for monitoring may not be detailed enough to allow accurate 
fault isolation (multiple goals), (b) the model initially selected for fault isolation may become 
inappropriate when new data indicates a more rapid response is required than it can provide 
(changing goals), or (c) a model of one aspect of a system may require an approximate solution to 
some other aspect ( dynamic subgoals). 

We believe there are two critical problems for multiple-model reasoning: ( a) identification of 
the control principles behind such intelligent coordinated model application and (b) development 
computational frameworks in which these principles can be implemented. We discuss each of these 
below. 

Identifying Control Principles Surprising little research has been done within the AI commu
nity on selection and control of problem solving models (Amarel, 1986). Davis (Davis, 1984) has 
suggested solutions to specific problems, but no general solution framework has emerged. We are 
adopting a three phase approach to studying these problems. First, we are beginning a thorough 
review of the psychological literature on physical problem solving ( e.g., ( Gentner & Stevens, 1983) ). 
Second, we intend to use the techniques of protocol analysis (Ericsson & Simon, 1980) to identify 
the heuristics used by human experts on actual problems in a selected domain. Third, our long 
range goal is to develop a set of first principles based on decision theoretic criteria from which these 
heuristics can be derived. This aspect of our research makes relatively light equipment demands, 
and is not further detailed here. 

A Testbed for Multiple Model Reasoning We are developing a testbed facility designed to 
support our view of model-based reasoning and to permit experimentation to test and refine this 
view. The architecture of this facility is based on the following hypotheses: 

• A model is an active problem-solving element, consisting of not only a representation of the 
system to be reasoned about, but also algorithms for reasoning with that representation and 
control principles for organizing model activity. Object-oriented progra111111ing provides for 
encapsulation of the representation and reasoning aspects of a model, but iu its pure form ( ala 
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Smalltalk) does not provide a suitably rich representation for control. The blackboard archi
tecture provides a paradigm for describing external control of a model, but does not provide 
mechanisms for internal control. The Schemer (Raulefs, D'Ambrosio, Fehling, et al, 1986) 
architecture, combines and extends both paradigms to provide an appropriate framework for 
model-based reasoning under the multiple model hypothesis. It provides the necessary en
capsulation and abstract typing facilities, together with representations for both external and 
internal control. 

• While reasoning under the universal model hypothesis requires only intra-model search control 
and consistency management, reasoning under the multiple model hypothesis requires both 
intra-model and inter-model search control and consistency management, as well as evalua
tion facilities. The symbolic truth maintenance techniques, particularly the ATMS ( deKleer, 
1986a), provide a sufficient starting point for intra-model search control and consistency man
agement. These techniques can be generalized to yield a mechanism adequate for inter-model 
management as well. We have sketched a mechanism for partitioning an ATMS database, 
using numeric certainty estimates as label summaries and employing problem-solver control 
of communication between partitions. 

• Model determination, application, and evaluation depend heavily on heuristic control deci
sions. While symbolic truth maintenance systems such as the ATMS provide elegant and 
efficient mechanisms for alternative elaboration, they provide very limited support for alter- · 
native selection and decision making. In previous work (D'Ambrosio, 1987a; see also previous 
section) we have begun to integrate well-founded numeric methods for reasoning with uncer
tain information into an ATMS, thus providing direct support for alternative selection, and 
potentially making available the powerful tools developed by the decision analysis community. 
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