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Abstract

The research reported is an extension of work accomplished by

others in automated machine inference of structural models from finite

sets of sample strings. The extension has focused on modifying a key

algorithm, the dynamic programming technique, to make it less costly and

to thus make resulting applications more practical.

Two major modifications of the dynamic programming technique

have been designed and implemented. In one, an algorithm for

eliminating computation of major portions of the dynamic programming

cost matrix was implemented. In the other, a set of redundant calculations

was identified and eliminated from the cost matrix computation. The code

was implemented on several different computer systems. Results reported

here were gathered from code implemented in the C programming

language under the VMS operating system on a VAX 8750 computer.

Elimination of redundant calculations yielded time speedups of

900% over a previous implementation. Eliminating computation of

portions of the cost matrix yielded time improvements of almost 100% but

actually cost more time with the code in which the redundant calculations

had been eliminated. When using the application to recognize / classify

strings drawn from human chromosome data, the partial matrix code

yielded an average 96.5% correct classifications ~ an increase over the

94.25% yielded by the full matrix computation code.
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The research has provided a more time efficient technique for

automated machine inference of structural models using dynamic

programming and has shown that object classification using structural

models can be improved upon by eliminating from computation portions

of the dynamic programming cost matrix.
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Introduction

The purpose of the research reported here is to produce a more

efficient algorithm for dynamic programming inference of Markov

networks.

The following is a brief outline of the material presented in this work.

Chapter 1 introduces the concepts and objectives of the research project.

Beginning with a definition of the paper's title, the chapter discusses object

to string mappings, structural models defined over sets of strings,

automated inference of structural models, and the practical utility of these

structural models. The chapter briefly defines some of the important

terminology used in the paper, including Markov networks, dynamic

programming and the channel constraint.

Chapter 2 defines Markov networks and explains how they function

as structural models. Dynamic programming, the basis of the inference

process, is discussed in Chapter 3. Also discussed is the sizeable

computational cost associated with dynamic programming.

Chapter 4 discusses how the computational intensity of the dynamic

programming algorithm has been reduced via the use of the channel

constraint, the implementation of which is shown to improve the speed of

the algorithm by approximately 100%. Some discussion is also given to a

curious and unexpected side effect in which the channel constraint

generally improves the accuracy of object recognition and classification.

Chapter 5 discusses the computer code (referred to as IFC) produced

for this research project. The code has been implemented on a VAX/VMS



machine using the C programming language. Although stopping short of

a detailed explanation of the various algorithms, the chapter covers at a

fairly high level some of the basic components of the IFC code. These

include the basic algorithms and techniques for structural model inference

and for dynamic programming using the channel constraint.

Finally, Chapter 6 discusses the results of the various pattern

classification experiments. The results focus on timing considerations

(speedup) and on the accuracy of classification experiments.



Chapter 1

Overview

This chapter provides a cursory overview of the research and begins

with the paper's title. Constrained Dynamic Programming Inference of

Markov Networks from Finite Sets of Sample Strings, a convenient means

of introducing a number of important topics. A more detailed discussion

of the key concepts follows.

1.1. Discussion of Title.

Inference is the process by which the computer is fed a set of strings

(each of which represents a specific representation of some type of object)

and automatically constructs a structural model representing key features

of the set of strings. In Figure 1.1 the inference algorithm is illustrated as

processing a set of strings as input to produce a structural model of the set

of strings as output. The inference process discussed in this paper is

completely automatic — human supervision is neither necessary nor

allowed.

"Finite Sets of Sample Strings" The data input to the inference

machine is a finite set of finite length strings, each of which is comprised of

discrete symbols. The set of strings depicted in Figure 1.1 is meant to

represent a set of G-banded type-13 human chromosomes^. Figure 1.2

illustrates how such strings might be generated from a set of digitized

representations of banded human chromosomes. Although human
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Inference

Algorithm

output

Dynamic

Prop-amminp

(software technique
driving inference)

Markov network

fstructural model!

Constrained

(reduction of computational
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Figure 1.1. Constrained D5mamic Programming Inference of Markov
Networks from Finite Sets of Sample Strings.
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chromosome data was used as a source of experimental data for this

research, the method of inferring structural models described in this paper

will work with any class of objects which can be successfully mapped into

finite length strings.

"Markov Networks" are the structural models inferred from the

input strings. The Markov network is depicted in Figure 1.1 as the output

of the inference process. It will be shown that this network structure is

defined such that several very important properties of the set of input

strings are preserved.

"Dynamic Programming" is an optimization technique used within

the inference algorithm to find an optimal alignment of a sample string

with an existing Markov network. Although it does find an optimal

alignment, it does so at a fairly high computational cost.

The term 'constrained' indicates that the computational cost of the

basic dynamic programming algorithm is 'constrained' to be more time

efficient and less computer resource intensive. A large part of the

discussion in this paper explains how the cost of the dynamic

programming is constrained in the computer code.

1.2. String Generation.

Figure 1.2 illustrates the process by which strings of symbols can be

produced from representations of physical objects. In the figure, images of

stained human type-13 chromosomes are represented on the left hand side.

The chromosome images have been partitioned into segments of equal

length and the stain intensity of each segment (which would normally



span some continuous range of values) has been mapped into one of four

discrete values. It is easily noted how this discrete mapping can be

transformed into strings of discrete symbols. This research effort used

strings which had been transformed through one more step ~ into

'difference' strings. Instead of maintaining symbols representing the

segment intensities, differences between the intensity symbols are

maintained. The resulting strings are found on the right hand side of the

figure. The intensity difference mapping is found in the lower right hand

corner of the figure.

It should be noted that although all of the banded chromosome

images are from the same class of chromosomes (human G-banded, type-

13), there are differences in the images which might be due to natural

variations, to noise in the original data, or to error in the mapping process.

This is a typical characteristic of real-world samples of data which must be

dealt with by any process producing structural models. At the same time,

there are similar characteristics in each of the five strings. The success of

any structural model inference process can be measured by how well it

extracts these similar characteristics and represents them in its inferred

models.

The inference described in this paper deals with variation by

attempting to locate landmark substrings, substrings which occur in many,

most or all of the input strings. This concept of landmark substrings is

illustrated in the figure as lines connecting certain symbols or substrings of

symbols in each of the five strings. These connected symbols or substrings

appear in every string and thus represent important structural
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characteristics of the objects from which the strings were generated. It is

shown in the next section that locating and representing these landmark

substrings in the structural models is an important characteristic of the

inference process.

1.3. Structural Models of Sample Strings.

Figure 1.3 illustrates landmark substrings in a set of five sample

strings. A graphic representation of a Markov network is shown below the

set of strings. This network, inferred from the set of five strings, is a

structural model representing important features of the set of strings (and

thus of the set of objects from which the strings were initially generated).

The Markov network may be viewed as a 'merged' version of the set of

strings, i.e., five strings merged into a single network. Each node of the

directed graph (denoted by a circle) has an associated output symbol, a

symbol from the set {e, a. A, b, B, c, C, d, D, =}. The nodes with an e-symbol

are termed 'bookkeeping' nodes. The other nodes are labeled with symbols

in strings from which the network was inferred. Note that just as the

strings are viewed as a left-to-right ordering of symbols, the network is

viewed as a left-to-right ordering of nodes.

1.4 Inference of Structural Models.

Figure 1.4 summarizes the discussion thus far. In the figure, the

inference algorithm receives as input a set of strings and produces as

output a structural model of the set of strings. The construction of this

Markov network proceeds by first constructing a trivial network from the
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Inference
Algorithm

Structural Model

Figiure 1.4. Structural Model Inference.
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first string in the data ~ this initial network is simply a representation of

the first string in the sample set . An optimal alignment with this initial

network is then found for the second string. The network is modified to

incorporate the optimal alignment (so that both strings are represented in

the network). The process continues for each string in the sample set.

Each string is optimally aligned with the current network and the network

is then modified to incorporate the newly aligned string. The process ends

when all strings have been incorporated into the network. The resulting

network represents the entire sample set of strings.

This inference process is order-dependent; i.e., the order in which the

strings are incorporated into the network makes a qualitative difference in

the composition of the structural model. Experience and many

experiments indicate that providing a sufficiently high number of quality

strings minimizes the effect of order dependence on the construction of the

structural model.

1.4.1. Dynamic Programming.

The expensive and difficult portion of the inference process is finding

the optimal alignment of a string to a Markov network. This involves the

use of a technique called dynamic programming in which a cost matrix is

computed. Every cell in this matrix represents the calculation of an

optimal alignment of a prefix substring (one beginning with the first

symbol in the string) with an initial portion of the network (one beginning

with the first node in the network). When the entire matrix has been
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computed, information is contained within the matrix on the optimal

alignment of the entire string to the entire network. This process

maximizes use of the transition probabilities contained within the Markov

network and attempts to reinforce landmark nodes within the network by

aligning symbols in the string with landmark nodes which have identical

output symbols.

Unfortunately, dynamic programming is expensive. Calculating the

matrix with a string of 80 symbols and a network of 500 nodes (typical sizes

for the human chromosome experiments conducted for this research)

requires computation of 40,000 cells. The computation of each of these

cells requires several calculations, comparisons and data transfers. Thus,

although the dynamic programming technique does guarantee an optimal

alignment of the string to the network, it does so at a high computational

cost.

1.4.2. Constraining Computational Cost of Dynamic Programming.

For reasons which will be explained later, information required for

determining the optimal alignment can almost always be found along or

near the main diagonal of the matrix (upper left hand corner to the lower

right hand corner). This means that calculation of much of the matrix is

generally not needed. Much of the effort of this research has gone into

developing an algorithm which will guide the computation of the cost

matrix such that it follows near the main diagonal of the matrix. A

"channel" is thus computed down the center diagonal of the matrix and

thus many of the cell computations are omitted. It should be noted that
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although eliminating computation of parts of the matrix (in this case, the

upper right hand and lower left hand corners) generally does not greatly

affect the optimal alignment solution, it does eliminate the assurance of

optimality.

1.5. Classification Using Structural Models.

A fairly high-level view of a technique to infer structural models

from sets of sample strings has been shown. This section briefly explains

one of the main applications of these structural models ~ automatic object

classification.

In Figure 1.5 a string is represented which is known a priori to

represent a GROUP D human chromosome (a type 13, 14 or 15). The

problem is to identify to which of the three classes this chromosome

belongs. The solution to the problem is initiated by aligning the string

with each of the three networks. The alignment operation yields a value

which represents the relative probability of alignment of the string to the

network. Thus, by aligning the string with each of the three networks,

three values are obtained, the highest of which should indicate the desired

classification. In this case, the alignment with the type-14 network yields

the highest value. Thus, the unknown string is classified as a type-14.

Experiments have proven this method to correctly classify strings an

average of 96 - 98% of the time with G-banded human chromosome data.
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Classification

Problem: Given the following string which is known to represent a GROUP D
chromosome (a type 13,14 or 15), which type is it?

DcBACAaBCaBc

Solution: Ahgn the string with each of the three networks. The string will be
classified as belonging to the network yielding the highest probability of alignment.

Network mferred from human chromosome 13 data

Network mferred from human chromosome 14 data

Network inferred from human chromosome 15 data-

^ 0.000000032323

^ 0.000002432323

■> 0.000000001323

Figure 1.5. Classification.



14

Chapter 2

Structural models - Markov networks

To define the Markov network, this chapter begins by defining the

concepts of Markov processes and Markov chains. The Markov network, a

specific type of Markov chain, is then defined and discussed regarding its

role in this research effort.

2.1. The Markov Process.

The definition of a simple Markov process will refer to Figures 2.1.

and 2.2 The definition is as follows:

(i) The Markov process is a system which at any given
time is in one of a finite number of states.

(ii) The system undergoes transitions from one state to
another at certain discrete intervals of time.

(iii) The probability of a transition from state si to state sj
during the next time interval is dependent only upon
Si and sj, not on the history of the system before it
reached state sf.

(iv) There exists a set of conditional probabilities, pij which
specify that a system which now occupies si will after
the next time interval, occupy sj. This set of transition
probabilities is a matrix P = [pij].

(v) Since the pij are probabilities, it must be true that
0 < pij < 1 for all i, j.

(vi) Since the system must be in some state after the next
transition, we have:

N

Z pij = 1, for all i, where N equals the number
j=l of states.
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Figvire 2.1. Sample Markov Network.

time = t

^0 ^1 ®2 ®3 ^4 ®5 ®8 ®9 ®10 ®11 ®12 ®13
sO 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

si 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
s2 0.00 0.90 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

^ s 3 0.00 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
s4 0.00 0.00 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

s5 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

s6 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

" s7 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

V s8 n.oo 0,00 0 on 0 00 0 on 0,00 0.00 1 00 0 00 0 00 0 00 0.00 0.00 0.00

S s9 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.75 0.00 0.00 0.00 0.00 0.00

-".10 o.nn 0.00 o.on 0,00 0,00 0 00 0,00 0,00 0 7,5 0,00 0,00 0 00 0.00 0 00
si 1 n on 0 on 0 on 0 on 0 00 0 on 0 00 0 00 0 00 1 ,00 1 00 0 00 0.00 0.00

sl2 0 on 0,00 0 nn 0 on 0 00 0 on 0 00 0 00 0 00 0 00 0 00 1 00 0 00 0 00

sl3 0.00 0.00 0,00 0.00 0.00 0.00 0.00 0.00 n.no n.oo fi.no n.oo 1.00 1.00

Figure 2.2. Transition Probability Matrix.
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Figure 2.1 is a graphic representation of a simple Markov process

(which also happens to be a Markov network). Each of the 14 states is

represented by a circle and is labeled by a state identifier Sn- The shaded

states indicate states through which the system might pass during discrete

intervals of time. The time identifiers are labeled as tn- The system in this

example begins in state sq at time ti and then proceeds state by state

through the process imtil it reaches state si3 at time ti2-

Figure 2.2 represents the transition probability matrix P. The states of

the process at time t are shown along the top of the matrix. The states of

the process at time t+1 are shown along the left hand side of the matrix.

The entries of the matrix are the probabilities that the system which is in

state Si at time t will be in state sj at time t+1. Looking at the entries of the

matrix, it is easily noted that parts (v) and (vi) of the definition are

satisfied.

2.2. The Markov Chain.

Next, a Markov chain is a simple Markov process which is

characterized by five items^:

(i) a set of states, S = {so, si,..., sn, sf}, also called nodes.

(ii) a set of outputs assignable to states, V = (vq, vi, ..., vt)
which includes the unobservable empty string vq = e,
and T observable symbols, vi,..., vT.

(iii) an initial state distribution (pOo, p^i,..., pOf}.

(iv) the state transition matrix P with entries pij = probfsj^"'"^
I Sit).
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(v) the output matrix B with entries bij = prob(vk^ I si^).

Referring again to Figure 2.1, the outputs assignable to states (part ii of

the definition) are indicated inside the circles. In the diagram, the vector V

= {e, a. A, b, B, c, C, d, D, =}. The transition matrix (Figure 2.2) indicates that

the initial state distribution is (1, 0, . . . , 0) - i.e., the system begins in a

single state, SQ- Figure 2.3 illustrates the output symbol matrix B. For this

diagram, there is a single output associated with each state. This is evident

in the output symbol matrix. Each state outputs with probability 1 a single

output symbol.

time = t

^0 s ^3 ^5 ^6 ^9 ®10 ^1 ®12 ®13
vO 1.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 1.00 0.00 0.00 1.00 0.00 1.00
vl 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
v2 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
v3 0.00 0.00 0.00 1.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

v4 0.00 0.00 0.00 0 on 0.00 1.00 0.00 1.00 0.00 Q.OO

o
o

0.00 0.00 0.00

v5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00
vb 0,00 0,00 0.00 0.00 O.QO 0.00 0.00 0.00 0,00 0.00 0,0Q 0,00 Q.QO 0.00
v7 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
v8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

v9 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00

Figure 2.3. — Output Symbol Matrix.

2.3. The Markov Network.

Finally, a Markov network is a Markov chain for which^:
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(i) the initial state distribution is (1, 0, . . 0) - there is a
single starting state SQ-

(ii) pii = 0 for i f, and pff = 1, i.e., there is a single
absorbing state sf.

(iii) the states are ordered such that i < j implies pji = 0 — a
realization of the process moves "left to right" from so
without loops or cycles until absorption in sf.

(iv) each state deterministically outputs one specific symbol,
but different states may output the same S5anbol.

2.4. Relationship of Markov Networks to Inference Algorithm.

Again referring to Figures 2.1-2.3, the network graph, probability

matrix and output matrix illustrate an example Markov network ~ one

which might be inferred from the application described in this paper.

An important element of the network is the 'frequency of occurrence'

number found below each node. This is the number of times the symbol

associated with that node has been encountered in the string samples. For

example, the first A-node (located at the left hand side of the graph) has an

associated occurrence number of 20. This is the number of times the A-

symbol is encountered in the sample strings at or near the beginning of

each string.

Probabilities in the Markov network are computed as relative

frequencies of occurrence. For example, the first A-node in Figure 2.2 is

followed by two nodes, an a-node and a b-node. The occurrence numbers

on these nodes indicate that the arc from the A-node to the a-node has

been travelled 18 times (out of 20) and the arc to the b-node has been

travelled 2 times. This means that the transition probabilities from the A-
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node is 0.9 to the a-node and 0.1 to the b-node. This information plays an

important role in the inference process.

Noting the information given in Chapter 1 on how sample strings are

'merged' into the network structure. Figure 2.1 illustrates that the sample

set used in inferring this network consisted of 20 strings, all of which begin

with a A-symbol, 18 of which are then followed by an a-symbol (the other 2

being followed by a b-S)nnbol), all of which then contained the substring

BbB, etc. All of the strings ended with an =-symbol. The diagram

illustrates how the Markov network structure represents important

landmark features of the sample set of data.

In the implementation produced by this research effort, there are two

general classes of nodes, live nodes and bookkeeping nodes. Live nodes

output an observable symbol (drawn from the symbols in the sample set of

strings) and represent the structural and probabilistic information in the

network. Bookkeeping nodes output the unobservable e-symbol and serve

a strictly structural function in the network. For example, in this

implementation there is a restriction that requires only one predecessor

node for any live node. If there is a need for a live node to have two or

more predecessor nodes, a bookkeeping node is placed before the node.

Arcs are then placed from the predecessor nodes to the bookkeeping node.

This situation is illustrated in Figure 2.1 with the set of nodes {s2, S3, S4, S5}.
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Chapters

Dynamic Programming

3.1. Introduction.

The technique used in the inference algorithm for string-to-network

alignment is dynamic programming, "an optimization approach that

transforms a complex problem into a sequence of simpler problems; its

essential characteristic [being] the multistage nature of the optimization

procedure.'"^ Dynamic programming is a general framework for finding

optimal solutions to a variety of problems. An essential characteristic is

the structuring of the given optimization problem into multiple stages.

Each stage, an optimization problem in itself, is solved sequentially and

contributes to the solution of later stages. When all of the stages for a

given problem are solved, the optimal solution to the original problem is

given. A detailed and formal treatment of dynamic programming will not

be given here ~ the reader is instead referred to the material in the Bradley,

Hax, Magnanti text^.

3.2. Application to Inference Algorithm.

The optimization problem to be solved in the inference algorithm is

described as follows. Given a string, o, and a Markov network, M, an

optimal alignment of o with modified network M' (given by incorporating

the alignment of o with M) is sought which will give: (1) a series of

network modification operations (matches, substitutions, insertions and
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deletions) which if applied to M will give M', and (2) a conditional

probability value, p, which is the maximum probability with which the

modified network M' can generate the string o.

Dynamic programming is thus used to find a minimal cost editing

sequence for mapping a string into a path in a given network. Costs

representing modification of the network structure are assigned to the four

atomic operations on symbols in a string — deletions, insertions,

substitutions, and matches. The desired string to network mapping is the

one which minimizes the total cost of the network modifications.

Figure 3.1 illustrates this mapping problem. The optimal mapping

operation takes advantage of the probabilistic information contained

within the network structure and thus attempts to reinforce landmark

substrings. In Figure 3.1, two different alignments of a string with a

network are shown. The first alignment is optimal ~ it successfully

reinforces landmark nodes by matching symbols of the string with nodes of

the network which occur with relatively high probability. The second

alignment, although a valid alignment of the string to the network, is not

optimal.

Each stage of the inference problem corresponds to finding the

optimal alignment of a prefix substring of the sample string (one which

begins with the first symbol of the string) with an initial sequence of nodes

within the network (a sequence which begins with the first node of the

network). Given a string of 100 symbols and a network of 700 nodes, the

optimal alignment of the string with the network requires the solution of

70,000 stages. The solution of the 70,000th stage (alignment of the initial
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substring of 100 symbols (the entire string) with the initial sequence of 700

nodes (the entire network)) yields the optimal solution to the original

problem.

Dynamic programming proceeds by computing a cost matrix (with

each cell of the matrix corresponding to one stage of the dynamic

programming problem) resulting in a trace from the upper left cell to the

lower right cell of the matrix which gives an optimal alignment of the

string with the network. Figure 3.2 illustrates the resulting editing

sequence drawn from a computed cost matrix. The editing sequence

implies the following: The first 'M' (in the upper left hand corner) implies

a match operation of the first e-symbol in the string with the initial e-node

in the network. The next 'M' implies matching the a-symbol with the first

a-node. Three more match operations are indicated and then a

substitution of the 'b' symbol for the "C'-node is indicated by the letter 'S'.

"Insertions" and "Deletions" are other operations indicated in editing

traces. Also illustrated in Figure 3.2 is the incorporation of this optimal

alignment into the network. The resulting network has reinforced many

of the nodes (for example, the prefix substring 'aBa' has an even higher

probability of occurrence than it did before the new string was

incorporated) and has added one new node (the 'b' node).

Given that we obtain the optimal editing sequence (and thus the

optimal alignment) from information contained in the cost matrix, the

natural issue to deal with next is the computation of the cost matrix. The

following section describes the computation and illustrates the practical

implementation of dynamic programming.
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Figxire 3.2. — Optimal Alignment Editing Sequence.
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3.3. Computation of the Dynamic Programming Cost Matrix.

The cost matrix has dimensions m x n where m is the number of

symbols in the string and n is the number of nodes in the network. It is

helpful to consider each symbol of the string associated with one column

of the matrix. Likewise, each node of the network is associated with one

row of the matrix. Thus, each cell of the matrix is at the intersection of a

network node and a string symbol and thus corresponds to a stage in the

dynamic programming problem. The completion of each stage implies the

optimal alignment of a prefix substring with an initial portion of the

network.

Figure 3.3 illustrates this with a short string and network. The

computation of cell A gives the optimal solution to the mapping of

substring zo..Z2 to the portion of the network comprised of nodes so..S2.

Cell B yields the optimal solution to the alignment of Z0..Z4 to S0..S4; cell C,

Z0..Z2 to S0..S8. When computation of the matrix completes with cell E, the

optimal alignment of the substring Z0..Z7 to the network S0..S14 is given --

this is the solution to the original problem.

As Figure 3.4 indicates, computation of the matrix begins with the

upper left corner cell and proceeds on a row-wise basis until it finishes

with the lower right corner cell of the matrix. The procedure calculates for

each cell the maximum probability with which a modified portion MP' of

the partial network MP could generate the current prefix substring. Thus,

the probability value is the product of the probabilities associated with
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Figure 3.3. Computation of the Cost Matrix.
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nodes on the optimal network path the output symbols of which

(concatenated together) would yield the current substring.

zO

e

zl

a

z2

B

z3

B

z4

b

sO e

si a

s2 a

s3 B

s4 b

s5 B

s6 e

r
f

—f- —►—

->—

—r- —►—

1

r

—►—

f
—

Figure 3.4. Ordering of Computation.

As mentioned at the end of Chapter 2, there are two classes of nodes

in the network, 'live' nodes and 'bookkeeping' nodes. The computation of

cells contained in a row associated with a 'live' node is different from the

computation of cells associated with a 'bookkeeping' node. The following

sections discuss the two algorithms.

3.3.1. Editing Operation Costs for 'Live' Nodes.

The following discussion of costs refers to the two diagrams in Figure

3.5. The top diagram represents the cost matrix. The other represents the

four network modification operations. The matrix is represented with the
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"i-l

'^i+l

d(0.0)

SAMPLE STRING 0,^

2j+l • • • • ̂

d(i-lj-l) ^d(i-lj)

(2)

(3)—^
(1)

d(ij-l) 'd(ij)

Dynamic
Programming
Cost Matrix.

(1) Deletion
(2) Match or

Substitution

(3) Insertion

d(fjn)

network paths —►
to node s-

Network
modifications
in neighborhood of
node Sj.

(1) delete Si

(2) match Z; = Sj

(3) msert Z; after Sj

(4) substitute Zj for Sj

network

^paths from
node^i

Figtxre 3.5. Dynamic Programming Cost Matrix and Editing Operations.
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symbols of a sample string defining columns of the matrix and nodes of a

network defining the rows. Thus, the cell indicated by d(i,j) represents the

optimal alignment of the substring zo-.Zj with the initial portion of the

network so-.Sj. Because of the order in which the matrix is computed, it is

given that the three neighboring cells of d(i,j) (indicated by d(i-l,j-l), d(i-

l,j), and d(i,j-l)) have already been computed and thus the maximum

probability values representing the optimal alignment of zo-Zj-i to so-Sj, of

zo..Zj-i to so-Si-i, and of zo-.Zj to so..Si-i are already known.

The match operation uses the optimal alignment of the zo..Zj.i

substring to the network portion so..Si-i as a base for matching symbol zj to

node Si. The cost of modifying the network structure is simply the

probability value from cell (2) multiplied by the cost of updating the

network structure for a match operation. This operation involves

incrementing by one the frequency count of node Si-i and the frequency

count of the arc connecting nodes Si-i and Si. Thus, the following formula

is used for computing the cost of the match operation.

fi-l i + 1

Because these probability values quickly become so small as to cause

problems with underflow on the computer, the natural logarithm of the

probability value is instead maintained. Thus, the actual value computed

for the match operation is represented by the following formula.

fi-l i + 1
d(i-l,j-l) + log(f._^%l )
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It should be noted that the match operation can only be computed if

symbol Zj is equal to the symbol output by node Si - i.e., the string symbol

must match the output symbol of the node.

The substitution operation uses the optimal alignment of the zo..Zj.i

substring to the network portion so..Si-i as a base for substituting symbol Zj

for the symbol output by node Si. The cost of modifying the network

structure is the probability value from cell (2) added to the cost of updating

the network structure for the substitution operation. The operation

involves incrementing the frequency count by one of node Si-i and the

frequency count of the arc connecting nodes Si-i and Sj. Since the

substitution operation also involves the addition of a new node (with

output symbol Zj) to the network (insertion is after the node which

precedes node Si), the cost of traversing the new arc to the new node must

also be considered. Thus, the following formula is used for computing the

cost of the substitution operation.

d(i -1, j -1) + + log (^^)
The insertion operation uses the optimal alignment of the zo..Zj.i

substring to the network portion so..Si as a base for inserting a node with

output symbol Zj into the network. The cost of modifying the network

structure is the probability value from cell (3) added to the cost of updating

the network structure for the insertion operation. The operation involves

computing the cost of traversing the new arc to the new node. Thus, the

following formula is used for computing the cost of the insertion

operation.
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d(i, j -1) + log(^^)
The final operation to be considered is the deletion operation. This

operation uses the optimal alignment of the ZQ-Zj substring to the network

portion SQ- Si-i as a base for deleting (or bypassing) node si. The cost of

modifying the network structure is the probability value from cell (1)

added to the cost of updating the network structure for the deletion

operation. The operation involves computing the cost of travelling

around node si (and thus adding a new arc to the network structure).

Thus, the following formula is used for computing the cost of the deletion

operation.
fi-1 i + 1 1

d(i-1,j) + log(£._^ ^^) + log(^7Y)

To find the operation which yields the highest probability value, the

insertion, deletion and substitution values must all be calculated. If zj is

equal to the output symbol of si-i, the match operation must also be

calculated. A code representing the operation yielding the highest

probability value is stored for the cell along with the probability value.

Also maintained is the node from which the operation was calculated. If

the insertion operation yielded the highest value then this 'previous-

node' value is set equal to node si. Otherwise, it is set equal to si-i. The

operation code and the previous node values comprise the information

needed for the optimal editing trace. The probability value will be used in

the later stages of the dynamic programming problem.
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3.3.2. Editing Operation Costs for 'Bookkeeping' Nodes.

Bookkeeping nodes play a special structural role in the networks and

must be handled differently in the dynamic programming computation.

First, it is important to note that the single-predecessor restriction placed

on 'live' nodes does not apply to bookkeeping nodes. This is illustrated in

Figure 3.6 in which the bookkeeping node sg has three predecessor nodes

S5, S6 and sj. Since the bookkeeping node outputs an unobservable

O O
Ni.7

Figure 3.6. Multiple Predecessor Nodes of Bookkeeping Nodes.

symbol, the standard editing operations are not applicable. Instead, in

computing cells in the row associated with a bookkeeping node, the

equivalent to a 'match' operation is computed from the predecessor node

yielding the maximum value. Figure 3.7 illustrates a cost matrix

corresponding to the partial network of Figure 3.6. Cell D is in the row

corresponding to the bookkeeping node. To compute the probability value



33

SAMPLE STRING

.  . "j-l 1 +1

d(0,0)

S2

W

M

d(f,m)

Figiire 3.7. Computation for Rows Associated with Bookkeeping Nodes.
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for this cell, the maximum probability value must be calculated from the

three cells A, B and C. The calculation for each of these is

fnn i 1
d(pn, j) + log( )

where pn indicates "predecessor node".

Thus, to compute the probability value for a cell in a row

corresponding to a bookkeeping node, the above calculation is applied to

every predecessor node. The probability value is set equal to the

discovered maximum value. The previous-node element of the cell is set

to indicate the predecessor node yielding the maximum value. A special

operation code is maintained for the cell indicating that the bookkeeping

node operation was used.

3.3.3. Computation Summary.

The computation of the dynamic programming cost matrix is as

follows: Beginning with the first cell in the cost matrix, the algorithm

proceeds on a row-wise basis, calculating for each cell a probability value,

an operation code and a previous node value. The algorithm used for a

given row depends upon whether the corresponding network node is a

live node or a bookkeeping node. When calculation of the matrix is

complete, two sources of information are available: An optimal editing

trace is embedded in the cost matrix; and the maximum probability with

which a modified version of the network can generate the string is located

in the bottom right hand corner cell of the matrix.
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3.4. Computational Complexity.

The complexity of the described computation is proportional to m*n

where m is the length of the string and n is the number of nodes in the

network. Thus, the complexity is proportional to the number of stages to

be solved in the dynamic programming problem. For most practical

applications, this cost of the matrix computation is prohibitive because the

size of the sample strings and of the network is usually large. It is shown

in the next chapter how efforts to lessen this prohibitive cost have been

implemented.
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Chapter 4

The Channel Constraint

4.1 Introduction.

The primary motivation behind this research was to develop an

algorithm which would allow the matrix computation step to ignore those

portions of the matrix which rarely contribute to the string-to-network

alignment problem. Figure 4.1 illustrates an important fact concerning the

solution of a dynamic programming problem. Even though the solution

of the problem (the optimal editing trace) is found only in the black-shaded

cells, the previously described algorithm requires computation of all the

cells in the matrix.

Although computation of the entire matrix does guarantee the

optimal alignment of string to network, it would be very unlikely for the

outer corner regions (upper right, lower left) of the matrix to be needed for

the solution. For one of the two outer regions to contain a portion of the

optimal trace, one of two unlikely situations would have to occur: (1) a

high number of insertions would have to be followed by an approximately

equally high number of deletions, or (2) a high number of deletions would

have to be followed by an approximately equally high number of

insertions. Experience and many experiments have shown that since the

match and substitution operations are such commonly encountered

operations in optimal editing traces and since they tend to guide the trace
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down a diagonal of the matrix, most computations tend to follow along or

near the main diagonal.

4.2. Restricting Computation to a Channel Through the Matrix.

The desired computational set-up is to restrict computation of the

matrix to that portion surrounding the main diagonal. This portion of

cells surrounding the matrix is referred to as the channel. This concept is

illustrated in Figure 4.2. There are two problems with this solution.

The first problem is that ignoring any part of the matrix eliminates

the assurance of an optimal mapping of string to network. Unfortunately,

there is no solution to this problem ~ it must be hoped that an optimal or

near-optimal trace will fall within the computed channel. Of course, the

width of the channel can always be increased ~ but only with

corresponding increase in computational effort.

The second problem is in the increased complexity of the matrix

computation. It is a trivial matter when computing the entire matrix to

select the cells to be computed ~ they are all computed. It is not trivial to

guide the selection of cells to be computed so that the computation

proceeds along the main diagonal and finishes with the last cell in the

matrix. The next section will describe how this has been accomplished.
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4.3. The Channel Constraint.

To guide the computation of the matrix along the main diagonal,

there are several important factors to be considered. First, it must be

ensured that the last cell in the matrix is included among the cells that are

computed (it is the trace from the last cell to the first cell which gives the

editing alignment solution). Second, the selection of cells should be such

as to proceed near the main diagonal. Third, there should be a way of

describing how large a portion of the matrix surrounding the main

diagonal should be computed -- different string to network mapping

problems may require different 'widths' of the computed channel.

In this implementation, the width of the channel is constrained by

computing cells for which the absolute value

I cumulative number of insertions - cumulative number of deletions I

falls within a supplied parameter value which must be > 1 and < m (where

m is the length of the string). This parameter is called the channel

constraint.

In the implementation, it is necessary to associate two additional

values with every cell in the matrix. This is illustrated in Figure 4.3. The

full matrix computation implementation requires a probability value, an

operation code value and a previous node value. The constrained matrix

computation requires two additional elements — number of insertion

operations and number of deletion operations. These two elements

contain the cumulative number of the described operation encountered in

the trace from the first matrix cell to the current cell. By constraining these

two elements to remain within a set range of each other, the computation
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Probability

Node
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Figxire 4.3. New Cost Matrix Cell Elements.
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is prohibited from extending too far into both the upper right and lower

left hand regions.

4.4 Implementation of the Channel Constraint.

The basic algorithm for using the channel constraint differs in many

respects from the earlier described algorithm. This section will discuss the

algorithm and will also discuss the problems and the encountered

overhead. It should be noted that the overhead involved in managing the

channel is quite large and does reduce the improved performance of the

technique.

4.4.1. Absolute Value Computation.

One of the prices to be paid for use of the channel constraint is that

extra work is required when computing every cell of the channel.

Performing the absolute value calculation before deciding to compute a cell

and maintaining the number of insertions and number of deletions

elements requires additional computations for each cell in the channel.

4.4.2. Checking of Neighbor Cells.

There is also an additional step when computing the probability value

for a cell as it must first be ensured that the cells from which the

computation is based (i.e., all neighboring cells) are themselves computed

cells. When the matrix is initialized for use with a given string, all

probability values are set equal to a special value. If the computation of a
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cell in the matrix encounters that special value in a neighboring cell, then

it is known that that neighboring cell has not been computed. Figure 4.4

illustrates a cell to be computed and its three neighboring cells. Before the

probability value for an insertion operation can be computed, it must first

2

(match or

substition)

1

(deietion)

3

(insertion)

Cell being

computed

Figure 4.4. 'Neighbor' Cells.

be ensured that cell #3 was computed. If cell #3 was not computed then

the insertion operation is not considered for the cell. This also holds for

the deletion operation with cell #1 and for the match/substitution

operations with cell #2. For bookkeeping nodes, the appropriate matrix

cell associated with each predecessor node must be checked. Obviously,

this checking of neighbor cells adds to the overhead of the channel

constraint solution.
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4.4.3. Restricring the Matrix View.

Another problem with the proposed channel constraint is that every

cell in the matrix must still be dealt with even if the probability value is

not computed for the cell ~ it was discovered in an earlier implementation

that this overhead completely eliminated the computational savings of the

channel constraint. Thus, the following solution, illustrated in Figure 4.5,

was implemented.

For each row in the matrix, two new data elements were added. The

channel_begin element indicates the column of the matrix in which

computations are to begin for that row. The channel_end element

indicates the column in which computations are to end for that row.

Whenever processing of a row in the matrix has concluded, the

channel_begin and channel_end parameters are computed for all

successor nodes (those which follow the associated node via output arcs) .

This is easily accomplished by looking at the insertions and deletions

elements in the first and last cells computed in the current row and

computing, for example, how much wider (if any) the channel for the

successor node row should be. By the time the successor node row is

encountered in the matrix, its channel_begin and channel_end parameters

are already known.
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4.4.4. Ensuring a Valid Solution.

It is possible when using the channel constraint to constrain

processing so that the last cell of the matrix is not computed. This is

illustrated in Figure 4.6. Computation of the last cell of the matrix

concludes the problem of finding the near-optimal mapping of the entire

string to the entire network. If this last cell is not reached during the

computation, then the algorithm has failed to find a solution to the

problem. The solution to this problem is fairly simple but differs based on

whether the dynamic programming is being used for inference or

classification.

Because the inference algorithm requires the editing trace

information (to incorporate the string into the network), the last cell must

be reached. If this cell is not reached, then the channel constraint

parameter is incremented by some integer and the matrix re-computed.

This is repeated until the last cell is reached during the computation.

As the classification algorithm does not modify the network with the

editing trace information but rather merely reports the probability value

(found in the lower right corner cell), one solution is to just report a

probability value of 0 and assume that the string so poorly mapped into the

network that the value of 0 is reasonable. The other solution is to

continue incrementing the channel constraint parameter and recomputing

the matrix until the last cell and thus a solution is reached.



tring

Problem: The dynamic programming solution aligned the
entire string to only a portion of the network. The probjef
at hand is to find the near-optimal alignment of the^Hflre
string to the entire network. To do so, this cell -sfiould
have been included in the computed cells.

Figure 4.6. Problem of Channel 'Missing' the Solution.
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4.5. Channel Constraint Summary.

The channel constraint algorithm is a heuristic which enables the

matrix computation step to ignore large portions of the matrix and thus

lessen the computational cost of the dynamic programming algorithm. It

functions by accepting a supplied parameter value called the channel

constraint and by then forcing the difference of cumulative number of

insertions and deletions in every editing trace to be less than or equal to

the parameter value. Although the overhead of guiding the channel near

the main diagonal of the matrix is great, it will be shown in Chapter 6 that

use of the channel constraint can subtract almost 50% from the amount of

time required by the dynamic programming algorithm.



49

Chapters

The IFC Implementation

5.1. Introduction.

Several versions of the inference algorithm have been implemented

during the course of this research effort. This chapter will begin with a

brief history of the implementations and will then describe at a fairly high

level the data structures and algorithms of the IFC code.

5.2. History of IFC Implementations.

The research reported here began during September, 1985. Although a

version of IFC (produced by Drs. Mike Thomason and Erik Granum) had

already been implemented under the UNIX operating system on a VAX

8200, a version was desired that would run efficiently on an IBM PC AT

using the Turbo Pascal compiler and programming environment.

Initially, this work was to be done in conjunction with researchers at Johns

Hopkins University who were interested in building structural models of

EKG wave patterns for analysis and monitoring of various human heart

conditions. Although the PC version was completed during the winter of

1986, the strict memory constraints imposed by the DOS operating system,

the relatively slow speed of the 16-bit, 6 Mhz PC AT and problems mapping

EKG wave patterns into strings caused the research to take a different focus.

It was decided that the basic algorithm of the dynamic programming

computation should be altered so that a 'channel' would be computed in
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the cost matrix and thus large portions of the matrix eliminated from the

computation. During the summer of 1986, a PC version was finished in

which the channel constraint was in place. Unfortunately, the notion of

restricting the view of the matrix using the channel_begin and

channel_end elements (described in Chapter 4) was not incorporated and

thus the time savings realized were rather minimal — at best, savings of 10

- 30% were noted. A similar version of this code, without a graphics

interface, was later implemented on a Texas Instruments PC XT

compatible. Another version was ported to an Apple Macintosh Plus.

These PC versions of the IFC code were very limited because of the

memory constraints and speed of the machines. Problems of reasonable

size could not be solved. Thus, it was decided in late 1986 to take the

implementation back to the VAX series of machines. In early 1987, work

began on a VAX 8200 UNIX machine using the C programming language.

For various reasons this work was abandoned and the effort moved to a

much more powerful VAX 8700 using the VMS operating system and the

C programming language. This version was completed during the late

summer of 1987 and is the version described by this effort.

The results of this work were presented at a conference on pattern

recognition in Aalborg, Denmark in mid-December, 1987. While in

Aalborg and during the month following the trip, some important

modifications to the code were made which produced rather dramatic

speedups in execution time. This revised implementation was also ported

to the UNIX environment. Some preliminary results are reported in

Chapter 6.
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Work is currently underway towards producing a version of the IFC

code which will run on a parallel processing machine under UNIX. Early

speedup results have been highly encouraging but the implementation

requires a great deal more work and thus the results are not reported in

Chapter 6.

5.3. The Implementation.

It was noted earlier that the version of the IFC code on which most of

the reported results are based has been revised. The description of the data

structures and the algorithms which follows is based on the older version

but wherever there are important differences between the two versions,

they will be reported. It should be noted that the major revision made in

the new code is the elimination of redundant calculations in the matrix

computation. The elimination required additional data elements in some

of the data structures and subtle changes in some of the routines. These

will be noted as encountered.

5.3.1. Data Structures.

There are four primary data structures used in the IFC

implementation—the network, the dynamic programming matrix, a string

buffer and an editing trace buffer. These are described as follows.

5.3.1.1. The Network.

The network data structure is the representation of the Markov

network. It is represented in the IFC implementation as a data structure
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with three elements. One of the elements is a large array of pointer

elements each of which points to a node structure. Also contained is an

integer which points to the final node in the network and another integer

which points to the next available element in the array of pointer

elements. Each node structure is dynamically allocated and is comprised of

the following data elements:

symbol

visits

input_arcs

This is the output symbol for the given node.
For a live node, this value is drawn from the set

of observable symbols. For a bookkeeping node,
it contains the value of the unobservable symbol.

This is the frequency count on the given node ~
i.e., the number of times this node has been
visited in traversals through the network during
the inference process.

This is a pointer to a chain of input arcs. Each of
the elements of the chain consists of:

output_arcs

node the node from which the input arc
travelled.

freq the number of times the arc has
been traversed.

next_arc points to the next arc on the chain.

This is a pointer to a chain of output arcs. Each
of the elements of the chain consists of:

next

node the node to which the output arc
travels.

freq the number of times the arc has
been traversed.

next_arc points to the next arc on the chain.

Points to the next node structure to be processed
during the dynamic programming step.
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Points to the previous node structure to be
processed during the dynamic programming
step.

The network node data structure was modified for the new IFC

version. A quick review of the five operations used in calculating the

probability value for each cell of the matrix shows that each of the

calculations requires an addition of a calculated number to a probability

value from a neighboring cell. It was not realized until recently that these

calculated numbers, different for each of the five operations, only had to

be computed once per node of the network and thus per row of the matrix.

Earlier versions of the code required these values to be computed for every

cell of the matrix. By calculating these numbers once and storing them

with the network structure, a large number of calculations were

eliminated. The following describes the additional data elements

associated with each node structure to accommodate the storage of these

calculated values.

match num

subst num

The result of the match calculation between the

current node, i, and its predecessor node, i-1. It is
set equal to the value of the following
calculation:

log(-rfi
fi-l,i + 1
-l + 1 )

The result of the substitution calculation

between the current node, i, and its predecessor
node, i-1. It is set equal to the value of the
following calculation:

,  , fi-l,i +1 , , , 1 ,
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The result of the deletion calculation between

the current node, i, and its predecessor node, i-1.
It is set equal to the value of the following
calculation:

,fi-l,i +1 , , , 1 ,

insert num The result of the insertion calculation. It is set

equal to the value of the following calculation:

Because the bookkeeping nodes do not necessarily have a single

predecessor node, the calculated value associated with the bookkeeping

node 'operation' must be attached to the input arcs of the bookkeeping

node. Thus, the following data element is added to the input arcs data

type.

empty_op_num The result of the
deletion calculation between

the current node, i, and its
predecessor node, i-1. It is set
equal to the value of the
following calculation:

,  fi-l,i + l

5.3.1.2. The Dynamic Programming Cost Matrix.

The cost matrix structure is an array of pointers (the same size as the

array of pointers to node structures) each of which points to a structure

consisting of: (1) an array of pointers each of which points to a cell in the
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matrix, (2) the channel_begm element, and (3) the channel_end element.

Each of the cell structures is comprised of the following data elements.

prob The probability value representing the
maximum probability with which the modified
network can generate the prefix substring.

operation The operation which produced the probability
value.

pnode The predecessor node from which the cell's
calculation is based.

inserts The cumulative number of insertions on the

editing trace which ends with the cell.

deletes The cumulative number of deletions on the

editing trace which ends with the cell.

It should be noted that the current implementation requires two

levels of addressing indirection (to the row and then to the cell). This

allows the dynamic allocation of only as many rows and cell elements as

are absolutely required. It requires, however, more time to resolve the

addresses. If enough storage is available to allow static allocation, the

modification of the code to address a statically allocated matrix might

prove beneficial.

5.3.1.3. The String Buffer.

The string buffer is used for holding the sample strings used in the

inference and in the classification algorithms. It is a data structure

consisting of three elements: (1) a large buffer of characters (a contiguous
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array of characters), (2) an array of pointers pointing to strings in the buffer,

and (3) an integer indicating the number of strings in the buffer.

5.3.1.4. The Editing Trace Buffer.

After the inference algorithm completes computation of the cost

matrix, it must obtain the editing trace information from the matrix. This

trace information is read into the trace buffer which is simply an array of

elements each of which consists of: (1) an operation code (indicating the

operation to apply to the given symbol in the string) and (2) an identifier of

the node with which the editing operation is to be applied.

5.3.2. Code Structure/Algorithms.

Before discussing the routines and algorithms in the code, it may be

helpful to look at a couple of command level invocations of the IFC

application. There are two basic applications which can be run with IFC:

(1) inference ~ a new network is inferred from a sample set of strings, and

(2) classification — an existing network structure is used to assign

probability of generation values to a set of strings. These values can then

be compared to values generated by other network structures (for the same

set of strings) to obtain classification of each string.

A typical invocation of the inference application is:

ifc i/sampIes=ldl/output=ldljietwork/channel=3

where the 'i' indicates inference mode, 'Idl' is the name of the file

containing the sample strings, 'Idl.network' is the name of the file in
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which the network will be stored and '3' is the size of the

channel_constraint parameter.

An invocation of the classification application is:

ifc c/samples=tdl/input=ldljietwork/results=tdl.ldl/channel=2

where the 'c' indicates classification mode, 'tdl' is the name of the file

containing the sample strings, 'Idl.network' is the name of the file from

which the network will be loaded, 'tdl.Idl' is the name of the file in which

the probability values will be stored and '2' is the size of the

channel_constraint parameter.

The remainder of this chapter will focus on the important routines

and algorithms of the IFC code.
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5.3.2.1. The Main Routine.

The main routine is, of course, the driver for the IFC application. The

following pseudocode describes the structure of this routine:

MainO

perform necessary initializations (set flags, open files, etc.)

process the user-supplied command line options
if errors found in command line options exit program

fill string buffer from the string samples file
if no strings found exit program

if the modejndicator = T

allocate and initialize the cost matrix structure

perform the inferenceO routine

else if the modejndicator = 'C
load the network from the network input file
allocate and initialize the cost matrix structure

perform the classifyO routine

if user supplied a file r\ame in which to store the network
perform the save_network() routine

if user indicated a desire for network analysis
perform the network_analysis() routines
print the analysis information to the analysis file

close files and exit program

The main routine does little other than call routines to perform

necessary work. The non-trivial routines in this implementation are those

called by the InferenceO and ClassifyO routines.
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5.3.2.2. The Inference Routine.

This routine performs all the work needed to infer a network from a

sample set of strings. The following pseudocode outlines the structure of

the routine:

inferenceO

Call initial_network() to build the initial linear Markov network from the first
string

in the sample set

While more strings in the sample set do

set the constraint equal to the user-supplied channel_constraint

Until a valid solution is found do

constraint = 0 {indicating that channel is not to be used - entire
matrix is to be computed}

call the ready_matrix_b() routine
{compute the first row and first column of matrix}

call the compute_matrix_b() routine
{computes the entire matrix}

indicate that a valid solution was found

else {constraint is > 0)
call the ready_matrix() routine

{compute the first row and first column of matrix}
call the compute_matrix() routine

{computes the appropriate channel of the matrix )
if last cell in matrix was not reached by the computation

indicate that a valid solution was not found

zero out the matrix

increment the constraint value by 1
else

indicate that a valid solution was found

call get_trace() to obtain the editing trace information from the matrix

call modify_network() to apply the editing trace to the network

call zero_matrix() to zero out the cost matrix

The inference routine first builds a trivial network from the first

string in the sample set. It then sequentially incorporates each string into

the current network structure until there are no more strings. Since the
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cells in the first row and first column of the matrix have no neighboring

cells and thus cannot be handled by the normal cell computation, they are

computed by a special routine before the compute_matrix routine is called.

If the user indicated that the channel constraint was not to be used, then

the entire matrix is computed. Otherwise, the channel is computed in the

matrix. If the last cell is not reached in the computation, the constraint

value is incremented and the matrix is computed again.

Once a valid solution to the problem is found, the editing trace

information is gathered from the matrix and is then applied to the current

network. The matrix is then re-initialized and the process begins again

with the next string.
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5.3.2.3. The Classify Routine.

This routine performs all the work needed to produce probability

values for each string in a sample set of strings by aligning those strings

with a pre-existing network structure. The following pseudocode outlines

the structure of the routine:

classifyO
While more strings in the sample set do

set the constraint equal to the user-supplied channel_constraint

Until a valid solution is found do

if constraint = 0 {indicating that channel is not to be used — entire
matrix is to be computed)

call the ready_matrix_b() routine
{compute the first row and first column of matrix)

call the compute_matrix_b() routine
{computes the entire matrix }

indicate that a valid solution was found

else {constraint is > 0}
call the ready_matrix() routine

{compute the first row and first column of matrix}
call the compute_matrix() routine

{ computes the appropriate channel of the matrix }
if last cell in matrix was not reached by the computation

indicate that a valid solution was not found

zero out the matrix

increment the constraint value by 1
else

indicate that a valid solution was found

call 2ero_matrix() to zero out the cost matrix

The classify routine aligns each string with the network structure.

The computation is identical to the inferenceO routine except that there is

no need to gather the trace information and no need to update/modify the

network.
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5.3.2.4. The Initial Network Routine.

This routine builds the initial Markov network from the first string in

the sample set. The following pseudocode describes the algorithm:

initial_network()
allocate a new node in the network (the first node)

initialize the new node as a bookkeeping node

while more symbols in the string do
allocate a new node

initialize the new node as outputting the current symbol

allocate a new node in the network (the final node)

initialize the new node as a bookkeeping node

5.3.2.5. The Ready Matrix Routines.

The purpose of these two routines is to compute the first column and

the first row of the dynamic programming matrix. Computing the first

column of the matrix solves the problem of mapping the first symbol of

the string (always assumed to be the empty string symbol) into the

network. Computing the first row of the matrix corresponds to mapping

the string into the first node of the network (a bookkeeping node). With

the first row and first column computed, the matrix has 'neighbors' ready

for the normal dynamic programming computation. Ready_matrix is

called if the user is utilizing the channel constraint. Otherwise,

Ready_matrix_b is called.
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ready_matrix()
Calculate the first cell (upper left hand comer) of the matrix

{compute the first column of the dynamic programming matrix)

while more nodes in the network do

if current node is a bookkeeping node
look at all input arcs and compute 'best' bookkeeping operation

else {if current node is a 'live' node)
compute 'deletion' operation from predecessor node

{compute the first row of the dynamic programming matrix)

while number_of_consecutive_insertions <= channel_constraint do
compute insertion operation

compute the channel_begin and channel_end values for all successor nodes of
(the starting node)

ready_matrix_b()
(ialculate the first cell (upper left hand comer) of the matrix

{compute the first column of the dynamic programming matrix)

while more nodes in the network do

if current node is a bookkeeping node
look at all input arcs and compute 'best' bookkeeping operation

else {if current node is a 'live' node)
compute 'deletion' operation from predecessor node

{compute the first row of the dynamic progranuning matrix )

for (i = 1 to length_of_current_string) do
compute insertion operation
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5.3.2.6. The Compute Matrix Routine.

Most of the computational time spent by the IFC application is spent

in this routine (or in the corresponding compute_matrix_b routine). The

compute_matrix routine is called if the user supplied a valid channel

constraint value. The compute_matrix_b routine is used if the user does

not wish to use the channel constraint. The following pseudocode

describes the algorithm:

while more nodes to process in network do
if current node is a bookkeeping node then do

for i = channel_begin to channel_end do

look at appropriate cell of each node immediately preceding
current node (via an input arc) to find the one with
highest probability of travel to current node

assign values to cell[i] of current node

for all nodes connected to current node via an output arc
calculate the channel begin and channel_end values

else do

for i = channel_begin to channel_end do
compute insertion operation for cell[i] (if possible)

assign results to best_operation
compute deletion of)eration for cell[i] (if possible)

if better results than best_operation assign results to
best_operation

compute match/substitution operations for cell[i] (if possible)
if better results than best_operation assign results to

best_operation

assign best_operation results to cell[i]

if best_Of)eration was an INSERTION or DELETION
increment inserts/deletes count appropriately

if last cell computed was not on the boundary of the channel,
(i.e., if more insertions / deletions allowed)
compute more cells on the current row of the matrix

for all nodes connected to current node via an output arc,
calculate the channel begin and channel_end values
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5.3.2.7. The Compute Matrix B Routine.

This routine is called if the user did not request use of the channel

constraint. The following pseudocode describes the algorithm:

while more nodes to process in network do
if current node is a t)ookkeeping node then do

for i = 1 to length_of_current_string do

look at all nodes immediately preceding current node (via an
input arc) to find the one with highest probability of
travel to current node

assign values to cell[i] of current node

for all nodes connected to current node via an output arc
calculate the channel begin and charmel_end values

else do

for i = 1 to length_of_current_string do

compute insertion operation for cell[i]
assign results to best_operation

compute deletion operation for cell[i]
if better results than best_operation assign results to

best_operation
compute match/substitution operations for cell[i]

if better results than best_operation assign results to
best_operation

assign best_of)eration results to cell[i]



66

5.3.2.8. The Get Trace Routine.

The get_trace routine gathers the editing trace information from the

cost matrix and places the information in the trace buffer. It is described by

the following pseudocode:

get_trace()
Set current node equal to the very last node in the network (and thus the last

row in the matrix)

Set i = 0

until first node in the network (and first row in matrix) is reached do

tracelil.node = current node
trace[i].operation = celUcolumn] .operation

current_node = cell[column].previous_node

if traceli].operation = MATCH, INSERTION, or SUBSTnUTION
column = column -1

i = i + 1



67

5.3.2.9. The Modify Network Routine.

The modify_network routine is responsible for applying the optimal

editing trace information to the network, thus incorporating the current

string into the network structure. It moves through the trace buffer

element by element applying editing operations with the current string

symbol to the network. The following pseudocode describes the algorithm:

modify_network()
Set curr_node equal to the first node in the network
Set string_index equal to 0 {to point to first symbol in string}

while more elements in the trace_buffer do
case current trace_element.Of)eration of

t)Ookkeeping node operation:
perform match operation on current node from the predecessor node

match operation:
perform match operation on current node from the predecessor node
increment the string_index by 1

substitution operation:
perform substitution operation from the predecessor node with

current string symbol
increment the string_index by 1

insertion operation:
perform insertion operation with current string symbol
increment the string_index by 1

deletion operation:
perform the deletion operation from the predecessor node

5.4. Implementation Summary.

The IFC implementation is comprised of approximately 40 routines

which are in turn comprised of a total of 5,000 lines of C code (including

some documentation). Although the code is written in as generic a C

dialect as possible, there are some calls made to VMS library clock routines
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which make the porting to other environments (such as UNIX) a small

amount of trouble. Although the code is generally robust, there is the

potential for trouble if insufficient memory is available or if the I/O

routines attempt to write to a full device. The code has been executed in

literally thousands of experiments and has run satisfactorily. One potential

weakness of the code is its use of arrays of pointers to address dynamically

allocated data structures. Although this does allow the code to consume

only as much memory as needed, it introduces addressing indirection

which costs time in this very memory-busy application.
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Chapter 6

Results

The most important result of this project is the time savings realized

by using the channel constraint. These time savings are discussed in

section 6.1. Also important are the results from classification experiments

in which the Markov networks are used to classify/recognize strings.

These results are of particular interest since the channel constraint is a

heuristic which would be expected to give worse classification results than

earlier IFC implementations which guaranteed optimal string-to-network

alignments. Not only has this proven not to be the case, but use of the

channel constraint almost always gives better classification results. These

results are discussed in section 6.2. Some thoughts on why the better

classification results have been realized are presented in section 6.2.1.

Some problems are presented in 6.2.2.

6.1. Timing Results

Figure 6.1 gives the average number of CPU seconds required by the

compute matrix routines for different values of the channel constraint

parameter. To obtain these values, 6 experiments were run for each of the

22 G-banded human chromosomes. Each experiment involved computing

the alignment of 100 sample strings of a chromosome data set with a

network which had earlier been inferred from the same set of strings. Each

of the 6 experiments used a different channel constraint parameter ~ from
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0 (indicating that the channel constraint was not to be used) to 5 (meaning

the absolute difference between insertions and deletions was kept less than

or equal to 5). The amount of CPU time required by the compute_matrix

or compute_matrix_b routine was reported for each string-to-network

alignment. These values were averaged for the set of 100 strings. These

values were then averaged over the 22 different chromosome types. The

result is the average amount of CPU time required for different values of

the channel constraint parameter. The version of the IFC code used in

these experiments was the earlier one in which the editing operation

values were re-computed at each cell of the matrix. The cost of computing

each cell was relatively expensive. Use of the channel constraint, by

eliminating computation of many of these 'expensive' cells, gives fairly

good time savings.

Average CPU Seconds Per String
in Computation

of Dynamic Programming Cost Matrix

No Channel

Channel = 5

Channel = 4

Channel = 3

Channel = 2

Channel = 1

28% decrease

31% decrease

34% decrease

39% decrease

45% decrease over

no channel constraint

0.000 0.500 1.000 1.500 2.000 2.500 3.00

CPU Seconds

Figure 6.1 ~ Timing Results from First Version of IFC Implementation.
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The results in Figure 6.2 were obtained by running experiments

similar to those run for Figure 6.1. However, the newer version of the IFC

code (with the redundant cell computations eliminated) was used to obtain

the timing information. Because the computation of each cell of the

matrix was far less expensive, the overhead involved in guiding the

channel plays a much greater role. The result is that even for the smallest

values of the channel constraint, it actually requires more time to compute

a channel through the matrix than it does to compute the entire matrix.

The implication is that the greater the cost of computing each stage of the

dynamic programming problem, the more likely the channel constraint is

to give beneficial time savings.

No Channel

Average CPU Seconds Per String
in Computation

of Dynamic Programming Cost Matrix

Channel = 5

Channel = 4

Channel = 3

Channel = 2

Channel = 1

42% increas

37% increase

31% increase

24% increase

14% increase over

no channel constraint
.  I

0.000 0.050 0.100 0.150 0.200 0.250 0.300 0.350 0.400 0.450 0.500

CPU Seconds

Figure 6.2. Timing Results from New Version of IFC Implementation.
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Figure 6.3 combines information from Figures 6.1 and 6.2 to present

the time savings realized by eliminating the redundant calculations from

the dynamic programming problem. When the channel constraint is not

used (parameter value = 0), the speedup is 924%.

Average CPU Seconds Per String
Comparison of IFC Versions

924% speed

% spwedup

spieedup

dup

0.000 0.500 1.000 1.500 2.000 2.500 3.000

CPU Seconds

H Previous version B Current version

Figxire 6.3. Timing Comparisons Between Two Recent IFC
Implementations.

6.2. Classification Results.

Classification experiments were run with all 22 sets of G-banded

human chromosome data. For each type of chromosome, two sets of 100

strings were used — a learning data set (used to infer the Markov network)

and a test data set. The following describes how the classification

experiments were conducted.
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Before running the experiments, networks were inferred from each of

the 22 learning data sets. The classification experiments were run in

groups corresponding to the grouping of human chromosome types

shown in Figure 6.4. Thus, for the Group A experiments, every string in

the type 1 data set was aligned with the type 1, type 2 and type 3 network.

The result of each alignment was a probability value indicating the

probability with which the given network could generate the string. Thus,

for every Group A string, three probability values were generated.

Classification of the string as a type 1, 2 or 3 chromosome was based on

which network yielded the highest probability. This process was repeated

for every type 1 string in the learning data set, then for the two other

Group A learning data sets, and then for all other learning data sets in

Groups B - G. Finally, the same set of experiments was run with the 22 test

data sets. All of the experiments were repeated six times — once for a

channel constraint parameter of 0 (indicating that the channel constraint

was not to be used) and then once each for the five parameter values, 1, 2,

3,4,5.
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Group A Types 1,2, 3

Group B Types 4,5

Group C Types 6,7,8,9,10,11,12

Group D Types 13,14,15

Group E Types 16,17,18

Group F Types 19,20

Group G Tj^es 21,22

Figtire 6.4. Chromosome Groupings.

It would be reasonable to expect that since the channel constraint is a

heuristic which yields sub-optimal string-to-network alignments, the

classification experiments would yield fewer correct classifications. Also,

since decreasing the size of the channel constraint decreases the number of

cells computed in the matrix, it would be expected that lower values of the

constraint parameter would yield even lower correct classifications. As the

data represented in Figure 6.5 and the following graphic figures show,

however, both expectations prove false.
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Figiire 6.5. Classification Experiment Results Summary.

Figure 6.6 shows the correct classification percentages averaged over

all strings in the 22 learning data sets. Figure 6.7 is a similar graph but is

based on experiments using the test data sets. Since the strings in the

learning data sets were used to infer the Markov networks, the

experiments expectedly yield a higher percentage of correct classifications

than those strings in the test data sets. Both graphs show a relatively high

percentage of correct classifications. Each also shows, however, that

decreasing the size of the channel constraint parameter increases the

correct classification percentage.
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Figure 6.6. Correct Qassification Percentages — Learning Data Sets.

Correct Classification Percentages
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Figure 6.7. Correct Classification Percentages — Test Data Sets.
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Figure 6.8 shows scaled confidence values averaged over all strings in

the 22 learning data sets. The scaled confidence value for a given string is

obtained by: (1) summing its network probability values (obtained by

aligning the string with each network in its corresponding chromosome

'Group'), (2) dividing the highest probability value by this sum, (3)

multiplying this value by 1000. This number represents, in a sense, the

confidence with which that string was identified by a network. For

example, a value of 1000 would indicate that one network yielded a much

higher probability value than the other networks in that group. Lower

values would indicate that another network (or networks) yielded a

probability value(s) closer to the highest probability value - thus the

confidence in the classification would not be as great. Figure 6.9 shows the

same graph for the strings in the test data sets. Both graphs show higher

confidence values for smaller values of the channel constraint.
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6.2.1. Speculation on Results.

The classification experiments just described yield results entirely

opposite to those expected. Much work remains to be done towards

discovering exactly why the experiments using smaller values of the

channel constraint parameter yield higher classification results and

correspondingly high levels of confidence. However, some preliminary

work has been done which has thus far confirmed initial suspicions.

When a string is aligned with a network using the full cost matrix, the

dynamic programming procedure has full freedom to map the string into

the network using any series of editing operations. The resulting

alignment is, of course, optimal. When the channel constraint is used, the

dynamic programming procedure does not have this full freedom ~ it

must restrict its editing trace to one in which the difference between

number of insertions and number of deletions falls within the supplied

parameter value. It thus confines its mapping to those cells computed in

the channel. A string which maps well into the network will still find an

optimal or near-optimal alignment and thus will generate a relatively high

probability value. A string that does not map easily into the network will

either (1) not find a valid mapping at all (this happens when the channel

does not reach the last cell in the matrix) and thus will yield a probability

value of 0, or (2) will generate an editing trace which includes a relatively

high number of expensive operations (insertions and deletions) and thus

will yield a low probability value - thus, strings which do not 'fit' are

penalized more heavily than in the procedure of the full matrix

computation. Thus, strings which map best into a given network are
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those which are of the same type as the network ~ this has proven

especially true with the procedure when using the channel constraint.

Figure 6.10 illustrates in more detail the results. The figure presents

all scaled confidence values generated for chromosome type 6 classification

experiments. The first six sub-tables represent the scaled confidence values

generated by each of the 7 networks (chromosome types 6 - 12) with which

each string of the learning data set was aligned. The first table was

generated when the channel constraint was not used (the entire matrix was

computed). The tables following represent experiments in which

successively smaller values of the channel constraint parameter were used.

The last sub-table summarizes the confidence values generated by the type

6 network.
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Confidence values for any string in the learning set can be traced

along a row in the first six sub-tables. The confidence values are observed

to remain the same or to increase for each string as the channel constraint

value decreases. This does not mean that the corresponding probability

values increase ~ indeed, if the probability values were included they

would be shown to decrease as the channel constraint parameter decreases

(this is necessarily true since the full matrix computation finds an optimal

mapping which cannot be improved upon). But relative to the probability

value produced by the type 6 network, the type 7-12 networks generate

smaller probability values. This accounts for both the increased percentage

of correct classifications and for the increased confidence in those

classifications.

6.2.2. Problems.

Until the above described phenomena has been studied further, it is

best to consider the channel constraint more as a potential CPU time-saver

(depending upon the cost of the stages of the given dynamic programming

problem) rather than as a technique for obtaining better classification

results. However, the results are consistent enough for the human

chromosome data to warrant additional work.

A problem surfaced, however, when 'playing around' with the IPG

code with some human speech data. Learning data sets of digitized human

utterances of the words 'zero', 'one', ... 'nine' were used to construct 10

networks and then to perform classification experiments. The results were

entirely consistent (and even more dramatically so) with the work
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presented above (i.e., lowering the channel constraint bettered

classification percentages) with one important exception. The 'zero'

network steadily improved correct classification percentages for channel

constraint values of 5, 4, 3 and 2. However, when the constraint was set

equal to 1, the correct classification percentage dropped to less than 20%.

Some investigative work was done to try to find the problem but, thus far,

no clear answers have become evident. There are some indicators that the

channel constraint concept should not work as well with relatively short

strings (like the speech data strings), but the fact that the procedure did

work consistently for the other nine speech network experiments does not

readily support those indicators. At this point, the issue must be put aside

for further study and at least a cautionary statement issued about the

problem.
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Chapter?

Summary and Conclusion

7.1. Summary.

A method has been presented for the automatic inference of structural

models from sets of sample strings. It has been shown how Markov

networks serve as structural models and how dynamic programming has

been used as an optimal string-to-network alignment technique.

Variations on the basic dynamic programming technique have been

shown which can potentially lessen the computational cost of the

algorithm. It has also been shown that the primary application of the

inferred structural models, classification / recognition of strings, has been

improved, at least for work with the human chromosome data, and quite

possibly for other applications as well.

Unfortunately, the project has left as many questions unanswered as it

has answered others. Thus, this paper will conclude with a brief discussion

of some of these questions and some possible new directions for this

research.

7.2 New Experiments with Existing Implementation

7.2.1. Use of IFC Code Using Longer Strings

The human chromosome data consisted of strings which ranged in

length from 20 to 100 symbols. It was shown in Chapter 6 that use of the



85

channel constraint lessened the computational cost of the technique for the

older, more expensive implementation but actually cost more time with

the new code. It would be interesting to run the new code with much

longer strings (for example, strings with 500 to 1000 symbols). There might

be a break-even point where the channel constraint yields an

improvement in the speed for applications using long strings as larger

portions of the matrix would be eliminated from the computation.

7.2.2. Use of Channel Constraint in Inference of Markov Networks.

All of the networks used in this research were inferred without use of

the channel constraint parameter ~ thus, the entire cost matrix was used in

building the networks. The code is already constructed to handle inference

using any value of the channel constraint parameter. Some interesting

results might be obtained from inferring networks from a given sample set

of strings using different values of the channel constraint. These networks

could then be used in classification experiments to see if those networks

inferred with smaller channel constraints yielded better or worse

classification results.

7.3. Increased Efficiency of IFC Implementation.

By eliminating the several levels of addressing indirection in the

current implementation, the speed of the code might be improved

dramatically. A conservative 'guestimate' is made that the speedup might

be as high as 200%. If the dynamic allocation of the very large data

structures is not important to the research or to production work, then it
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might be worthwhile to statically allocate the network and cost matrix and

thus eliminate the indirection.

There are probably plenty of other opportunities for tightening and

making more efficient the current code. These changes should probably

not be made, however, without regard to standard structured

programming techniques -- one advantage of the current implementation

is that its structured code should be amenable to modification.

7.4. Study of Better Classification Results When Using Smaller Values of
the Channel Constraint.

With the one exception noted at the end of Chapter 6, decreasing the

size of the channel constraint parameter yields an increase in the

percentage of correct classifications. This is a potentially important area of

study — if it can be discovered exactly what makes the smaller constraint

values yield better results then perhaps the procedure could be optimized

for the purpose of bettering classification results.

7.5. Continuation of Work on Parallel Implementation.

Possibly the most interesting work to date with the inference

implementation has been re-writing sections of the code to take advantage

of parallel architectures. Although not 'embarrassingly parallel', the

algorithm does appear amenable to 'parallelizing'. From initial

experiments run on a UNIX-based simulator (simulating a shared-memory

architecture) with the same strings used in the serial implementation, the

technique appears to produce speedups which level off at 65% of linear

speedup when using 15 - 20 processors. The code which has been run on



87

the simulator is a 'first try', however, and can definitely benefit from

additional optimization.

Experiments with distributed parallel architectures (meshes,

hypercubes, etc.) should also be conducted. It may be that the use of large

numbers of processors in these architectures (which currently run as high

as 65,000) might open new doors for this research.
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1. Introduction

The following describes how to use the IFC application — both the

VMS and UNIX versions.

Note that the commands listed for the UNIX version are case-sensitive.

Those for the VMS version are not case-sensitive. To use the IFC application

in VMS a special command must be set up within the user's LOGIN.COM file

(or in another .COM file which must then be executed). This command is

described later.

There are two basic uses of the IFC application, inference and classifica

tion. The inference procedure constructs a new network from a set of strings.

The classification procedure produces probability values each of which repre

sents the alignment of a string with a network. Invocation of these two proce

dures is described below.

2. Inference

To run the inference code, only one parameter is required. An T must

be specified to inform the application of the inference request. Although an

input set of strings is normally specified, if it is not given then the standard

input file will be assumed. The following show sample invocations under

VMS and UNIX.

VMS UNIX

$ifci %ifci

(sample strings from the standard input)

i ifc i/samples=filename % ifc i,samples=filename
(sample strings from specified file)



92

In the previous command examples, the network file would have

produced but would not have been written to a disk file. To save the network

to disk, use the following parameter:

VMS UNIX

$ ifc i/samp\es= filename/ % ifc i,sainp\es=filename,
outpvit=networkfilename ovilpvLt=networkfilename

The obvious difference between the VMS and UNIX versions is the

parameter delimiter character. The VMS version uses the 7' (slash) character

while the UNIX version uses the (comma) character. There are no other

visible differences between the two versions.

By default, IFC produces for each string processed two items of infor

mation: timing information consisting of three numbers (number of nodes in

network, number of cells processed in dynamic programming matrix, and

amount of CPU time spent in compute_matrix routines) and the probability of

alignment value. Both items are sent to the standard output device by default.

To redirect the timing information to a file, use the following additional pa

rameter:

ifc i/sa.mp\es= filename/ou\:pnt=networkfilename /keeptime=fime/f/c

To suppress the timing information use the following:

ifc i/sa^mples=filename/output=networkfilename /nokeeptime

Similarly, the probability information is redirected or suppressed as

follows:

ifc i/sa.mples=fileruime/output=networkfilename /xesult=resultfile

ifc i/samp\es=filename/output=networkfilename /noresult
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Other options which can be specified at invocation include;

Analysis

Network analysis information can be requested by specifying the fol

lowing:

ifc i/.. . /analysis=fl«fl/i/sis/i7e

If the '=analysisfile' is omitted, the analysis information will be sent to

the standard output device. By default, the analysis information is not pro

duced ~ it must be requested explicitly.

Channel Constraint

By default, the inference routine does not use the channel constraint ~ it

assumes a channel constraint parameter of 0. To change this and thus utilize

the channel constraint code, specify the following:

ifc i/... /channel=N

where N = a positive integer (> 0).
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3. Classification

To run the classification code, two parameters are required. A 'C must

be specified to inform the application of the classification request. A filename

for the input network file must be also specified.

Although an input set of strings is normally specified, if it is not given

then the standard input file will be assumed. The following shows a sample

invocation under VMS.

ifc c/inpui=inputnetworkfile/samp\es=santplefile

All other parameters with the exception of the output parameter work

exactly as they do with the inference code. Since the classification code does

not modify the network structure, it would not be consistent to allow the

network file to be saved to an output file.
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4. Comparing Classification Results

Once a set of classification experiments has been run and a series of

result files (with probability values) has been produced, classification com

parison results are often desired. A special (and separate) application has

been written which gives the user comparison results from up to 15 files.

This procedure is invoked as follows:

compare outputfile inputl input2 ... inputN

where N is a positive integer < 15.

The comparison results obtained from processing inputl...inputN are

written to outputfile.
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5. Special Note for VMS Users

So that the IFC application can be invoked from the monitor prompt, it

is necessary to have a version of each of the two following command set-ups

in an executable .COM file (such as the LOGIN.COM file).

$ IFC :== $ DISKDEVICENAME:[DIRECTORY]IFC.EXE

and

$ COMPARE :== $ DISKDEVICENAME; [DIRECTORYlCOMPARE.EXE

where the values of DISKDEVICENAME and DIRECTORY depend

upon the local account where the IFC code is installed.
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