


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).
To compare a new example with
the 132k examples stored in the
CM-2, features from different
fields of the example (typically
words) are broadcast serially and
the processors compare the broad-
cast features with the features of
their respective examples in paral-
lel, modifying their cumulative
scores in case of a match. The
scores are then compared across all
examples to find the nearest match
(this is accomplished using a global
max operation).

Calculations of the cross-cate-
gory and per-category weights can
also be accomplished under the
data parallel model. To accomplish
these calculations efficiently, exam-
ples belonging to the same category
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are grouped together in adjacent
processors in what is called a seg-
ment of processors (Figure 5). The
feature whose weight is desired is
then matched to each example in
parallel and a 1 or a 0 is retained in
each processor to signify the pres-
ence or absence of the feature in
the particular example. It should be
noted that the conditional probabil-
ities required for both the per-
category and cross-category weight-
ings are simply the sum of these 1s
and Os within each segment divided
by the sum across all segments, To
accomplish these summations a
powerful data parallel operation

70 80 .90
ples), par cent

100

Figure 3. Relative coding perfor-
mance of different systems (Note that
Human coverage does not achieve
100% as some responses handled by
human coders may be referred to ex-
perts, or may not be codable at all.)

Figure 4. Sensitivity of industry cod-
Ing to training database size

called Scan was used. This opera-
tion can perform the summation
within each segment in parallel in
slightly less time than one general
communications step. The summed
value of each segment is left in the
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 for 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 all 4.5
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

Figure 5. Calculating conditional
probabilities dynamically

Rigure 6. Calculating conditional
probabillities for all features

structure. The intent of this com-
puter data structure is to act as a
palette where all 4.5 million fea-
tures can be sorted 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 128KB
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

Prqcessor
Addrass

O= 1> 2‘3'4 5§ 67 8 910111213141516171819.
Classo

Class 1

Class 2

+soan > _+scan

e e

; class 0 class 4

e L e o [ [y g oy e

= EBE =EHEEE
V

Feature F,

August 1992/Vol.35, No.8/COMMUNICATIONS OF THE ACM




2

.

10.

11.

12,

13.

14.

15.

demic Publishers, Boston, Mass.,
(1991), 37-66.

Anderberg, M. Cluster Analysis for
Applications. Academic Press, New
York, 1973.

Appel, M. Automated industry and
occupation coding. Development of
Statistical Tools Seminar on Devel-
opment of Statistical Expert Sys-
tems (DOSES), Luxembourg., Dec.
1987.

Appel, M.V. and Hellerman, E.
Census Bureau experiments with
automated industry and occupation
coding. In Proceedings American Sta-
tistical Association, (1983), 32—40.

. Appel, M.V. and Scopp, T. Auto-

mated industry and occupation
coding. Presented at Development
of Statistical Expert Systems
(DOSES), Luxembourg, Dec. 1987.
Atkeson, C. Roles of knowledge in
motor learning. MIT AI Lab Tech-
nical Report 942, Sept. 1986.
Chen, B.C., Creecy, R.H. and
Appel, M.V. On error control in
automated industry and occupation
coding. In Proceedings American Sta-
tistical Association, Survey Methods
Section, (1991), to appear.
Church, K. A stochastic parts pro-
gram and noun phrase parser for
unrestricted text. Unpublished
manuscript, AT&T Bell Labs, Mur-
ray Hill, N.J., 1986.

. Church, K. and Gale, W. Enhanced

Good-Turing and Cat-Cal: Two
new methods for estimating Proba-
bilities of English Bigrams. AT&T
Bell Laboratories, 1989.

Corbett, ]J.P. Encoding from Free
Word Descriptions. Draft Memo-
randum, Bureau of the Census,
1972.

Cover, T.M. and Hart, P. E. Nearest
neighbor pattern classification.
IEEE Trans. Inform. Theor. 13,
(1967), 21-27.

Creecy, R.H., Causey, B.D. and
Appel, M.V. A bayesian classifica-
tion approach to automated indus-
try and occupation coding. In Pro-
ceedings  of American  Statistical
Association, Statistical Computing
Section, (1990).

Dasrathy, B.V., Ed. Nearest Neighbor
(NN) Norms: NN Palttern Classifica-
tion Techniques, IEEE Computer
Society Press, 1990.

Dempster, A.P. A generalization of
Bayesian inference. J. Royal Statisti-
cal Soc., Series B. 30, (1968), 205—
247.

Fukunaga, K. and Flick, T.E. An

optimal global nearest neighbor
metric. JEEE Trans. Pattern Anal.
Machine Intell., Vol. PAMI-6, 3 (May
1984), 314-318.

Harman, D. How effective is suffix-
ing. J. Amer. Soc. Inform. Sci. 42, 1
(1991), 7-15.

16.

17. Hillis, D. The Connection Machine.
MIT Press, Cambridge, Mass.,
1985.

18. Lorigny, J. Quid. A general auto-
matic coding method. Surv. Method.
14, 2 (1988), 289-298.

19. Lyberg, L. and Dean, P. Interna-

tional review of approaches to auto-

mated industry and occupation
coding. Presented at the Advanced

Computing in the Social Sciences

conference, Williamsburg, Apr.

1987, (1990).

O’Reagan, R.T. Computer assigned

codes from verbal responses. Comm.

ACM 15, (1972), 455-459.

Pearl, J. Probabilistic Reasoning in

Intelligent  Systems, Morgan-Kauf-

mann, Los Altos, Calif., 1968.

22. Quinlan, R. Learning efficient clas-
sification procedures and their ap-
plication to chess end games. In
R.S. Michalski, ]J. Carbonell, and T.
Mitchell, Eds., Machine Learning: An
Artificial Intelligence Approach. Tioga
Publishing, Los Angeles, Calif.
(1983), 463-482.

23. Rumelhart, C., et al. Parallel Distrib-

uted Processing. MIT Press, Cam-

bridge, Mass. 1986.

Shannon, C. and Weaver, W. The

Mathematical Theory of Communica-

tion. University of lllinois Press,

Urbana, Ill., 1949.

25. Short, R.D. and Fukunaga, K. The

optimal distance measure for near-

est neighbor classification. IEEE

Trans. Infor. Theor., Vol. IT-27, 5,

(Sept. 1981), 622-627.

Swanfill, C. and Kahle, B. Parallel

free-text search on the Connection

Machine System. Comm. ACM. 29,

12 (Dec. 1986), 1229-1239.

27. Swanfill, C. and Waltz, D.L. The
memory-based reasoning para-
digm. In Proceedings of Case-Based
Reasoning  Workshop,  Clearwater
Beach, FL, (May 1988), 414-424.

28. Stanfill, C. and Waltz, D.L. Toward

memory-based reasoning. Comm.

ACM. 29, 12 (Dec. 1986), 1213-

1228.

Waltz, D.L. Massively Parallel Al. In

Proceedings of National Conference on

Al, (AAAI '90), Boston, Mass.,

(Aug. 1990).

30. Waltz, D.L. Memory-based Reason-

20.

21.

24.

26,

29

ing. In M.A. Arbib and J.A. Robin-
son, Eds., Natural and Artificial Par-
allel Computation, The MIT Press,
Cambridge, Mass., (1990), 251-
276.

31

Wolpert, D. Generalization theory,
surface-fitting, and network struc-
tures. Ph.D. Thesis, Physics Dept.
University of California, Santa Bar-
bara, Winter 1989.

Zadeh, L.A. Knowledge representa-
tion in fuzzy logic. IEEE Trans.
Knowl. Data Eng. 1, 1 (1989).

32.

CR Categories and Subject Descrip-
tors: D.2.9 [Management]: Productivity;
D.2.m [Miscellaneous]: Rapid Proto-
typing; H.3.2 [Information Storage]:
Record Classification; 1.2.1 [Applica-
tions and Expert Systems]: Natural
Language Interfaces; 1.2.6 [Learning]:
Concept Learning; 1.2.7 [Natural Lan-
guage Processing]: Text Analysis; 1.5.4
[Applications]: Text Processing; ].!
[Administration Data Processing];
Government.

General Terms: Algorithms, Perfor-
mance

Additional Key Words and Phrases:
Automated system building, case-based
reasoning, empirical learning, memory-
based reasoning, textual database classi-
fication.

About the Authors

ROBERT H. CREECY is director of the
Integrated Statistical Laboratory of the
Statistical Research Division of the U.S.
Bureau of the Census. He is responsible
for modernizing the Census Bureau’s
research computer systems and direct-
ing a research program in statistical
computing. Author’s Present Address:
U.S. Bureau of the Census, Statistical
Research Division - 3215-4, Washing-
ton, D.C. 20233, creecy@midgard.
umd.edu.

BRIJ M. MASAND is a research scien-
tist at Thinking Machines Corp. His
current research interests include ex-
ploring principles of massively parallel

Al, automatic programming tech-
niques, parallel enumeration algo-
rithms. Author’s Present Address:

Thinking Machines Corp., 245 First St.,
Cambridge, MA 02142-1214, brij@
think.com,

STEPHEN J. SMITH is a research sci-
entist at Thinking Machines Corp., and
is also graduate student at Harvard’s
Department of Applied Sciences. His
current research interests include

COMMUNICATIONS OF THE ACM/ August 1992/Vol.35, No.8




