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classifications, or desired outputs for each situation. When a new problem 
is encountered, the MBR system compares it to all the known prior cases, 
and uses the most similar case (or majority vote of several similar cases) to 
classify the new case. The key to successful MBR operation is the selection 
of a good similarity metric for matching new problems with known cases 
[30]. 

6.1. Advantages of MBR. MBR provides expert system-like 
behaviour, but does not require extensive hand-coding. MBR provides "ex­
planations", the precedents most similar to the current problem case, in 
order to justify its actions. MBR provides high p~rformance, superior to 
artificial neural nets [37] and superior to expert systems (see below). MBR 
is robust when noise is added to its database; in one experiment [31] on the 
NETtalk database [22], performance fell off only about 10% when 90% of the 
database was replaced with noise. MBR is simple to update: new cases can 
be added and old, obsolete ones removed, and performance will immediately 
track the changes. This is in sharp contrast to artificial neural nets, which 
must be totally retained if the world changes, and expert systems, which are 
notoriously difficult to modify. 

There are some disadvantages: MBR generally requires a data parallel 
computer, which will probably be more expensive than a system used to 
deliver an expert system or neural net application (though inexpensive data 
parallel systems without extensive interprocessor communication might suf­
fice); and MBR systems do not operate as rapidly as a trained neural net, 
though they would generally be much faster than expert systems. 

6.2. Classifying census data. We have recently demonstrated that 
an MBR system can perform impressively on a task to generate one of about 
241 industry codes and one of about 509 occupation codes for individual 
respondents, by comparing their answers (expressed as free text and multiple 
choice selections) with 132 000 cases that have already been classified by 
hand. Early results have indicated that by keeping categories where the 
system has been proven to be correct at least 90% of the time for industry 
codes and at least 86% of the time for occupation codes, MBR can correctly 
process at least 70% of the database for industry codes and about 56% of 
the database for occupation codes. For comparison, an expert system that 
required more than two years to develop, achieves only 57% and 37% of the 
database respectively on these two tasks [25]; the MBR system took less than 
a month to build. For this application, the similarity metric is generated, 
using statistical operations, on the fiy. 

6.3. Other applications. Similar methods have been used to build 
MBR systems fo:s,optical character recognition, based on a large number of .. ... 
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examples of handprinted numerals [26]; for medical diagnosis [30]; for con­
trolling a robot to produce near optimal trajectories [1]; for (two-dimensional) 
object recognition [32]; for automatically generating index terms for news 
articles or routing articles to appropriate recipients [24]. Recent work [38] 
on protein structure prediction has shown that a system that combines the 
results of MBR with neural nets and statistical information dramatically 
outperforms any previous method. This has relevance to the human genome 
project, another good target area for AI and IR. Many other applications 
are clearly possible. 

7. Genetically-inspired methods. Market research is a "forest for 
the trees" problem. One needs to generate insights into the repetitive pref­
erence patterns among millions of customers and distill market segment def­
initions in order to offer consumers the products they are most likely to 
want. We have developed genetically-inspired algorithms [23] that automat­
ically find trends and categories without being told in advance what the 
patterns are. 

One specific problem that has been addressed by these methods is the 
following: Suppose that we know purchasing behaviour, demographic and 
credit information for several millions (or tens of millions of) people, and 
that we wish to mail catalogs containing items selected from the offerings of 
hundreds of vendors, such that the greatest possible return (dollar amounts 
ordered minus the cost of the mailings) is maximized. Clearly, the larger the 
catalogs, the more the cost for postage and the greater the chance each will 
be thrown away; the smaller and more tailored the catalogs, the better the 
return, but the more expensive it will be to print the catalogs and stuff the 
appropriate envelopes. 

In an example run, we started with about 8000 customers on a small 
CM-2, and first calculated the ideal catalog of five items for each customer. 
(This step requires a model of consumer behaviour.) Each list of five items 
is analogous to a piece of genetic material. We also computed an expected 
return (negative) for sending 8000 tailored catalogs. We then used the com· 
munications system of the CM-2 to randomly pair up consumers in parallel. 
For each pair, we then calculated the change in expected return if consumer 
1 took consumer 2's catalog, and vice-versa. Both consumers were grouped 
into one or the other of the catalogs with a probability based on the change 
in the expected returns. The scoring scheme also makes it easier to merge a 
consumer who shares a catalog with a small number of others into a larger 
group than to pull a customer out of a. large group and into a smaller one. 
Every few steps, random point mutations to the catalog's customers were 
probabilistically introduced, on the theory that the best catalogs may not 
have been present for an~of,the original consumers. The process continued 
until the maximum e~led return point was found (in this case, 30 tailored 
catalogs, and sets of consumers who should receive ea.ch). 
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The overa.ll solution to this problem required on the order of two hours 
on a 4K processor CM-2j the overall potential search space of solutions is on 
the order of 1087! 

8. A different route to truly intelligent systems. So what does 
all this have to do with cognition? I want to argue that the basic associa­
tive memory operation of selecting relevant precedents in any situation is 
the essence of what intelligent entities do. ("Precedents" may be actions, 
options, remindings, etc.) If only a single precedent is found (e.g., when one 
is operating in a familiar environment on familiar tasks), then there is little 
involved in acting intelligently. Only when two or more incompatible prece­
dents are found, or when the task space is unfamiliar, is reasoning (in the 
ordinary sense) required. Combinatorially explosive search can be avoided, 
since in any given situation only a small number of "operations" (actions) are 
plausible, making branching factors manageable. Planning can be supported 
by associative memory retrieval of precedents of the form: (hypothetical sit­
uation + goal + operator -+ new situation] and/or [hypothetical situation 
-+ goal]. Even creativity or analogical problem solving might be covered (if 
the best precedents match structurally but are not literal matches). 

I am not imagining that a monolithic flat database could model mem­
ory. First, generalizations over memory and other structures need to be 
matched in addition to episodic items. (See [12,8] for descriptions of mas­
sively parallel frame systems.) Second, there ought to be situation-specific 
priming that changes the overall searchable space (or relevance judgements) 
for precedents. Overall, I am persuaded by society of mind arguments and 
examples, and feel that the structure of memory also contains many agents 
responsible for recognizing special situations and either priming or censoring 
memories. 

9. Summary. If AI is to succeed, it is important to find ways to justify 
ongoing research costs, to substitute profits for promises. Commercial mas­
sively parallel applications already offer opportunities for changing the ways 
business is done, because existing limits on database size and speed of access 
can be transcended. Moreover, the excess processing capacity of massively 
parallel systems makes it possible to add greater intelligence to applications. 
And there are great potential payoffs for this kind of AI: even modest ideas, if 
they are sufficiently general to apply to an entire large database, can produce 
results that seem wonderfully magical. Most successes of this sort to date 
have used data parallel methods, especially memory-based reasoning. MBR 
applications can often be generated automatically from existing databases. 
MBR and case-based reasoning may alSQ form the basis of new paradigms 
for cognition that can scale to human levels as massively parallel machines 
develop. -'.;0. .:, 
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