
ment where it can be copied back to 
the other processors in the segment 
via another scan operation and 
then divided by the global sum to 
determine the conditional probabil­
ity for each category for this partic­
ular feature. 

This parallel weight calculation 
algorithm is sufficient fOT calculat­
ing feature weights dynamically 
when there are only a few «100) 
features in a test example, but when 
all features of the entire database 
must be calculated and stored it is 
not as efficient as possible. Since 
each feature must be broadcast in 
turn the algorithm is serial in the 
number of different features whose 
weights need to be calculated. In 
the census application there are 
over 4 million pairwise conjunctive 
features. To calculate these weights 
a more parallel algorithm is used. 

To calculate the weights of 01114.5 
million features, a parallel data 
structure was constructed residing 
in 4.5 million virtual processors. 
This data structure is a composite 
made up of slots for the first field, 
the second field, the category and a 
return address (Figure 6). The pro­
cessor containing each training ex­
ample creates all possible pairs of 
fields and instantiates this new data 

FI..... 5. calculating conditIOnal 
probabilities dYnamically 

'IgU,... calculating conditional 
probabilities fOr all feat\Jres 

structure. The intent of this com­
puter data structure is to act as a 
palette where all 4.5 million fea­
tures can be soned such that identi­
cal features end up within the same 
segments and identical features 
with the same category will be near 
each other within the same subseg­
ment. This can be accomplished 
with a single sort by viewing the 
field slots of the composite number 
as the most significant bits of the 
key and the category slot as the least 
significant. Once the features have 
been organized in this way seg­
mented scans can be used in the 
same manner as previously (the 
global sum can now be replaced by 
a scan across the feature segments). 
Once the weights are calculated 
they can be sent back and stored in 
their originating training example 
via the return address retained in 
the composite data structure. Using 
this method the 4.5 million feature 
weights can be calculated and 

stored in only a few minutes, and by 
using these precomputed feature 
weights the classification system is 
able to run at the high processing 
speeds required by the Census (10 
forms per second). 

The Hardware 
The CM2 is a massively parallel 
computer with a maximum of 
65,536 single bit processors and 
2.048 floating-point accelerators 
shared evenly amongst the proces­
sors [17]. Each processor has its 
own local memory of up to I28KB 
and can communicate with every 
other processor via a hypercube 
network. All programming is per­
formed using a front end interface 
such as a Sun or a Vax computer. 
Typically a large amount of data is 
loaded onto the CM-2 and a user 
program running on the front end 
controls the operations of all the 
CM-2 processors on the data. The 
processors all execute the same 
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