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decomposition
model



An example decision table v = F'(r.,x2, x3)




Two one-step decompositions
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A Standard Mapsof function “z’

Bound Set
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[Decomposition of Multi-Valued
Relations
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disjoint decomposition
non-disjoint decomposition



Forming a CCG from a K-IMap

b\ Bound Set Columns 0 and 1 and columns 0
a C 0 1 ’) and 2 are compatible

00 - - -

01 = - -

02 L 1 IO ) 1 I ~ CO
% i 0 - - | 2

1 -

o 12 - 1 -
—
lL 20 = - -

2 1 : - O

22 [ - 2,3 | -

Column
Compatibility
Graph



Forming a CIG from a K-IMap
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CCG and CIG are
complementary
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clique partitioning
example.




Maximal clique covering
example.




Map of relation G

\C \C
0 1 2 0 1 2
[0 1] © 1| o J] o | 1
G
From CIG After induction

g = a high pass filter whose
acceptance threshold begins at
c>1



Cost Function

Decomposed Function Cardinality

Cost:=m * 2"



DFC = Decomposed Function
Cardinality

Cr(f) = log, min{cost of I': ' simulates f}




Example ofif DEC calculation

Cost(B2) =23*2=16

Cost(B3) =2°*1=4

Cost(B1) =24*1=16
Total DFC =16 + 16 + 4 = 36

Other cost Tunctions



New Complexity Measures

where:  |o;| 1s cardinality of variable r; € X,
lv;| 1s cardinality of variable y; € Y.

rigeX y; €Y

HF.—:E-’{ |';F":|
|) = H |¢| log, H |31



Comparison ofi RC before and
afiter decomposition
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RC,erore = (3%3*3)*(log,4) = 54

RCafter = [(3)*(|0922)] T
[(2*3*3)*(log,4)] = 3 + 36 = 39



Two-l_evel Curtis Decomposition

Function

disjoint decomposition
non-disjoint decomposition



[Decomposition Algoerithm

» Find a set of partitions (A;, B;) of input
variables (X) into free variables (A) and

pound variables (B)

* For each partitioning, find decomposition

-(X) = Hi(Gy(B;), A;) such that column
multiplicity Is minimal, and calculate DFC

* Repeat the process for all partitioning until
the decomposition with minimum DFC is

found.




Algorithm Reguirements

 Since the process Is Iterative, It Is of
high importance that minimization of
the column multiplicity index Is done
as as possible.

e At the same time, for a given
partitioning, it Is iImportant that the
value of the column multiplicity is as
close to the value




Free Set
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Column Multiplicity-other

example
00 "o 10
00| O 0 — 1 9
B 01| -[1]0[0]| @
Doaf1 | -]1]- (4
L&L’ 1011|1010 9
1 2
Color X:G(C’D)
green X=C In this case

But how to calculate function H?



Decomposition of multiple-valued relation
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Copnwzilgllity of columns for
Ralations Is rot transitve !
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Discovering new concepts

buying
.- 2}
maint .' buying cost -
doors : 4
. — maint -
persons :

lug_boot
lug_boot

safety z
/ ersons
P safety

MVFC=3456 MVFC=125

* Discovering concepts useful for



Variable ordering

¢ Uncertainty (Shannon);

ula) = — Z;..l (@ = a;) log, pla = a;)

i
¢ Conditional Uncertajnty (Shannon);

u(a|b) = u(ab) — u(b)

Select variables
that reduce the
uncertainty the
most - the best

way to separate
zeros from ones

u(y | b)

u(y | bd)

u(y | bda)

u(y | bdac)




\/acuous variables removing

e Variables b and d

u(y)

of y to 0 which
means they provide

uy | b) all the information
necessary for

uly | bd) = 0.0 determination of
the output y

e Variables aand c
are




Example of removing

Inessential variables

variable c is no longer inessential

C
ﬂb 0 1
00 0 -
01| - - \ =
b 0 1
fa
10 - = 0 0 _
0 1
11| - 1 1| - 1 0 1
f
(@) originél function (b) variable a removed (c) variable b removed,



Generalization of

the Ashenhurst-
Curtis
decomposition
model




Compatibility graph
construction for
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MYV relations can be created

THRESHOLD 70 THRESHOLD 50
b

b
a\ ] 1 a 1
Thus our method ol ool o : 01

can handle also
probabilistic and
continuous data )

1 01 11 1

cd

Figure 1: Contingency tables



Our method generalizes the concept of decomposition even in

standard binary case

Example of decomposing a Curtis
non-decomposable function.

gi}ﬁ} ﬁjj)L f:jj P s @,
5D g L, ssnisly

(a) (c) (e)
ab D, ¢ o0
¢ o0 01 10 11 D, 00 01 10 11 D 0 1
0 8] 1 1 0 0 0 1 0 0 1
1l 1 0 0 0 1 1 0 0 0 1 1 0
f F F
b= 1 1 1 d= 0 1 1 1 ’ :
d= 0 0 0 1

(b) (d) (f)



Concluding on decomposition
principles

The most general decomposition ever.

Binary, multi-valued, fuzzy, continuous,
probabilistic, nominal, metric, reversible,
quantum.....

Synthesis can be exact or for noisy data.

Many applications: Field Programmable Gate
Arrays (Xilinx), VLSI design (Intel), robot
control, epidemiology, layout........



Evaluation
of numerical
results




Decomposition of binary =D

(MCNC) benchmarks o e are

the best
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rd84 §/4 208 G72 320 171 [32.6]
5202 10/4 1848 al6 168 441 [47.2] |




Our program

Benchmark Cost for Various Decomposers -
o [
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SBSD comparison
to FLASH on
Wright Lab
pbenchmark
functions.

Here we show that we are comparable to
program from Wright Labs, which is
however much slower since it uses
exhaustive search while we use heuristics for

variable partitioning.
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Some
Applications



APPLICATIONS

FPGA SYNTHESIS
VLSI LAYOUT SYNTHESIS

DATA MINING AND KNOWLEDGE
DISCOVERY

MEDICAL DATABASES

EPIDEMIOLOGY

ROBOTICS

FUZZY LOGIC DECOMPOSITION
CONTINUOUS FUNCTION DECOMPOSITION



Example of a

application
Knowledge

discovery In data
with no error




Michalski’s Trains

1. TRAINS GOING EAST 2. TRAINS GOING WEST




Michalski’s Trains

Multiple-valued functions.

There are 10 trains, five going East, five going West,
and the problem is to nd the simplest rule which, for a
given train, would determine whether it is East or

Westbound.

The best rules discovered at that time were:

— 1. If a train has a short closed car, then it Eastbound and
otherwise Westbound.

— 2. If a train has two cars, or has a car with a jagged roof then
It 1Is Westbound and otherwise Eastbound.

Espresso format. MVGUD format.



Michalski’s Trains

type nv

1 32

o 1

LAl size load w@ 1O 50 n0 1ls0 wl 11l sl nl lsl wid 12 52 nd lsd w3 L3 83 nd Lls3
abcdefghil]

.ok direction

Amv 4 2 2 104 4 2 2 10 4 227 34228623 2222222222

Lomv 2

o1
QQ
QQ




wllere:

i nwnber of nput varables (attributes)
.2 nwmnber of output variables (attributes)
Ll nput varlable names

ek oculpul varlable names

Ly cardinalities of Lnput variables

emv cardinalities of output varialles

Varlables 1-2; general attributes
gize nuwmber of cars (integer in [3-5])
lead nwnber of different loads (integer in [1-4])
Variables 3-22; 5 attributes for each of cars 2 through 5 (20 attributes total)

"
1l
g

I
1z

Variables 23-32; 10 Boolean attributes describing whetlier 2 types of loads are on adjacent cars of the train

a

LR B0 Mo BT

nuwmnber of wheels (integer in [2-3])

length (short or long)

dhape (closedrect dblopnrect ellipse engine hexagon, jaggedlop, openrect, opentrap.
slopetop. ushaped)

mwnber of loads (integer 1o [(H3])

load shape (circlelod, hexagonlod, rectanglod. trianglod)

rectangle next to rectangle (0 flse. | i true)
rectangle next to trangle (0 if false, 1 if true)
rectangle next to hexagon (0 if false, 1 if true)
rectangle next to crcle (0 &lse. 1 true)
triangle next to triangle (0 if false, 1 I true)
triangle next to hexagon (0 if false; | il true)
trangle next to circle (0 if false, 1 if true)
hexagon next to hexagon (0 if false, 1 1f true)
hexagon next to drole (0 if false. 1 if true)
circle next to circle (00 if false. 1 if true)

S




Michalski’s Trains

o Attribute 33: Class attribute (east or west)
— direction (east = 0, west = 1)

e The number of cars vary between 3 and 5. Therefore, attributes
referring to properties of cars that do not exist (such as the 5

attributes for the “5th" car when the train has fewer than 5 cars)
are assigned a value of “-".

e Applied to the trains problem our program discovered the
following rules:
— 1. If a train has triangle next to triangle or rectangle next to triangle on
adjacent cars then it is Eastbound and otherwise Westbound.

— 2. If the shape of car 1 (s1) is jagged top or open rectangle or
u-shaped then it is Westbound and otherwise Eastbound.



hair
feathers

eggs .

milk
airborn
aquatic
predator

toothed :
backbone
breathes

venomous

fins

legs

tail
catsize

domestic

MYV benchmarks: zoo

egas 2

venomous _-|

toothed

aquatic -

tail _2|

MVFC = 25*2 15 t=99s MVFC = 197




MYV benchmarks: shuttle

stab =
4
err =

sign =

wind —
4
mag =

Visib ==

MVFC = 256 t=1.8s MVFC = 51




MYV benchmarks: lenses

3 lenses

3
- |lenses

MVFC = 38 MVFC = 30




Example of a

application
Medical data bases

WIth error




Evaluation of results for
learning

e 1. Learning Error

# of tncorrectly classified samples
error = ————————————————

total #f of samples

e 2. Occam Razor , complexity




A machine learning approach
versus several logic synthesis

approaches

Original | Known Average Error Number of Samples
Function | DIFC C4.5 | Decomp. | Espresso || C4.5 | Decomp. | Espresso
kddl 2 (0 (0 0 8 7 9
kdd2 8 (.32 0 0.96 31 25 40
kdd3 8 (.35 (0 5.64 83 25 al
kdd4 12 2.48 3.72 2.64 74 G7 TG
kdd5 12 1.28 2.72 3.02 Gl 76 4
kdd6 16 2.76 2.4 12.8G 97 126G 113
kdd7 20 17.52 8.13 17.16 200 GO 181
kdds 20 13.79 (.55 16.54 224 104 205
kdd9 28 20.6G9 10,53 5.G9 2506 126G 5l
kdd 10 36 10,52 11.11 8.44 249 251 229
Average 7.07 4.52 7.35 128.3 8G.7T 100.9




Finding the error, DFC, and time of
the decomposer on the benchmark

TR P R

+%$$$$¢¢¢¢¢¢+¢t po

i o

+

i 100 150 200 25 a0 ik 150 20 50 50 100 150
Wumber of Training Samplas Mumber of Training Samples Mumber of Training Samples

We use learning curves to evaluate quality of our software
variants and compare our software to the competitors




The average error over 54 benchmark functions.

.-"WII"rEi:J-‘- ERRORE over 54 func*ti::lns,

0.45 I |
"shad'-o—
od 54—
"hint” B—
| "wan" ¥— _
0.4
o
bl
035 [ 7]
03| 7]
025 [ 7]
0z | 7]
015 | N
01| 7]
0.0s [ 7]
[] — 4 a5 —H Ko o . " ot
0 50 100 150 200

Mumbear of Training Samplas



MV benchmarks:

I 1)
clump ==
, P70
USize =

1)
ushape;

!

adhesion = adhesion
1 ()

sesize = bare

bland )
sesize

1 ()
mitoses —

MVFC =10 9 t=1880s MVFC = 496




Conclusion

o Stimulated by practical hard problems:
— Field Programmable Gate Arrays (FPGA),
— Application Specific Integrated Circuits (ASIC)
— high performance custom design (Intel)

— Very Large Scale of Integration (VLSI) layout-
driven synthesis for custom processors,

— robotics (hexapod gaits, face recognition),
— Machine Learning,
— Data Mining.



Conclusion

Developed 1989-present

Intel, Washington County epidemiology office,
Northwest Family Planning Services, Lattice
Logic Corporation, Cypress Semiconductor,
AbTech Corp., Air Force Office of Scientific
Research, Wright Laboratories.

A set of tools for decomposition of binary and
multi-valued functions and relations.

Extended to fuzzy logic, reconstructability
analysis and real-valued functions.




Conclusion

Our recent software allows also for bi-decomposition, removal of
vacuous variables and other preprocessing/postprocessing
operations.

Variants of our software are used in several commercial companies.

The applications of the method are unlimited and it can be used
whenever decision trees or artificial neural nets are used now.

The quality of learning was better than in the top decision tree
creating program C4.5 and various neural nets.

The only problem that remains is speed in some applications.
Recent version included in MVSIS tools from U.C. Berkeley.

This is still work in progress and you can contribute to new
applications and software variants tuned to them.



Conclusion
e On our WW\W page,

the reader can find many benchmarks from various
disciplines that can be used for comparison of machine
learning and logic synthesis programs.

* We plan to continue work on decomposition and its various
practical applications such as epidemiology or robotics
which generate large real-life benchmarks.

 We work on FPGA-based reconfigurable hardware
accelerator for decomposition to be used on a mobile robot.

* We are interested in potential other applications for which
large database exist and the is large benefit of practical
application.



