
explored this question by construct­
ing an experiment that compared 
the overall match-rate (accuracy at 
100% coverage) at different data­
base sizes. To conduct the experi­
ment we performed a nearest k 
neighbors classification (k = 12) by 
randomly selecting increasingly 
larger subsets of the database. This 

Fllure Z. ThreshOld calculations fOr 
coverage and accuracy 

experiment compared the accuracy 
of assigning industry codes by 
matching on the Industry and the 
Company Name fields with cross­
category weighting. A random sam­
ple of 10,000 examples was used as 
a test set. 

We found a difference of 12% in 
the overall match rate accuracy 
when the training set was varied in 
size from 10% to 100% of the full 
132,000 example database 
(Figure 4). More importantly, dou­
bling the database size seemed to 
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343~3 
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yield an improvement of 3-4% 
over the range of the experiment. 
This suggests that doubling the 
database size to 264,000 examples 
would result in an accuracy of up to 
75% at 100% coverage. Empirically 
we found that a 3-4% change in 
accuracy at 100% coverage led to a 
comparable change in coverage at 
human accuracy levels. A 3-4% 
change in coverage would result in 
significant financial savings for the 
Census Bureau. 

We conclude that the perfor­
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mance of PACE is sensitive to data­
base size and that we could not have 
reduced the database size by 50% 
without seriously compromising 
performance. It is also clear that 
the current database size is smaller 
than the optimum. and that enlarg­
ing it could yield significant im­
provements. 

The Data parallel
Implementation 
One of the main advantages of an 
MBR approach to classification is it 
enables the use of massively parallel 
supercomputers by easily accom­
modating the programming model 
most naturally suited to massively 
parallel computers. This program­
ming model is called "data parallel" 
computation and represents prob­
lems and implementations where 
many copies of a given data struc­
ture can be distributed to multiple 
processors and processed in paral­
lel. 

In the census application this 
data structure consisted of the 
fields and features of each training 
example. their corresponding 
weights (if they were precalculated 
and stored). and the class of the 
data item. This data structure was 
instantiated with the fields and cat­
egory of each example and stored 
one per processor on an 8K proces­
sor CM-2 parallel computer (132K 
virtual processors are simulated). J20 ..,30. ·.4Q'. .50.,.. 6~. 70. . 80 .90 
To compare a new example with .,O~~b~,,·Si~('1(IOo/.... '32;QO()'~X81nple$)iPlilroont.
 

the 132k examples stored in the
 
CM-2, features from different
 
fields of the example (typically are grouped together in adjacent Figure I. Relative coding perfOr·
 

mance of different systems (Note that
words) are broadcast serially and processors in what is called a seg­
Human coverage does not achieve

the processors compare the broad­ ment of processors (Figure 5). The 100% as some responses handled by
 
cast features with the features of feature whose weight is desired is human coders may be referred to ex·
 

perts, or may not be codable at allJ
their respective examples in paral­ then matched to each example in 
lel. modifying their cumulative parallel and a I or a 0 is retained in "au.... SenSitivity of Industry cod· 
scores in case of a match. The each processor to signify the pres­ Ing to training database size 
scores are then compared across all ence or absence of the feature in 
examples to find the nearest match the particular example. It should be 
(this is accomplished using a global noted that the conditional probabil­
max operation). ities required for both the per­ called Scan was used. This opera­

Calculations of the cross-cate­ category and cross-category weight. tion can perform the summation 
gory and per-category weights can ings are simply the sum of these Is within each segment in parallel in 
also be accomplished under the and Os within each segment divided slightly less time than one general 
data parallel model. To accomplish by the sum across all segments. To communications step. The summed 
these calculations efficiently. exam· accomplish these summations a value of each segment is left in the 
pies belonging to the same category powerful data parallel operation processor at the end of each seg-
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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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