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Abstract
Intelligent Retrieval of Solid Models
Vincent A. Cicirello
Advisor: William C. Regli

Nearly all major commercial computer-aided design systems have adopted a feature-
based design approach to solid modeling. Models are created via a sequence of operations
that apply design features to incremental versions of a design model. Even surfacing, free-
form surface shaping, and deformation operations are internally represented in modeling
systems as features in a “history tree” that generates the final design. Much in the same
manner that Constructive Solid Geometry (CSG) trees for an individual model can be non-
unique, these design feature histories for solid models might be ordered in a number of
ways and still result in the same final geometry and topology. Manufacturing features,
easily obtained from the use of a feature recognition system, often map simply to manufac-
turing operations such as milling operations for some machine tool.

This problem is formulated symbolically and geometric reasoning techniques are pre-
sented to generate a representation of features and feature dependencies that deals with
the non-unigueness problem encountered in design feature histories. It is shown that this
representation is not limited to design features and can be used with manufacturing fea-
tures as well. The representation defined is termed the Model Dependency Graph (MDG)
and alternatively the Undirected Model Dependency Graph (UMDG) and is used as a ba-
sis for developing techniques for managing databases of solid models. Using the MDG,
algorithms are introduced that can assess the similarity of solid models based on design or
manufacturing features and can be used in the retrieval of these models. One of these algo-

rithms computes an approximation to the subgraph isomorphism and graph isomorphism



problems using a random restart gradient descent approach. Another of these algorithms
uses the search method known as A* to detect subgraph isomorphism. It is believed that
these techniques can be used to build intelligent CAD knowledge bases and to identify
meaningful part families from large sets of designs. Lastly, experimental results and per-
formance metrics for these approaches are described. It is shown empirically that although
the worst case complexity of solutions to the subgraph isomorphism problem is exponential
the described algorithms’ performance on random graphs and on the UMDG is tractable in

practice.



Chapter 1

Introduction

1.1 Problem Statement

CAD databases and knowledge-bases are at the core of the modern engineering enterprise.
These emerging digital libraries store all information relevant over a product’s life-cycle
(geometry, topology, features, revisions, etc.). An overview of the problem can be seen in
Figure 1.1 which shows a database of solid models. Given this database, a designer may
need to determine if a given design is contained in this database. Or a design engineer might
encounter a problem of case-based design: how can this designer find previous design cases
based on how similar they are to some new solid model? Given the solid model of some
new part, an engineer might need to design a plan for the manufacture of this new part.
There might be other parts similar to this new part in design and structure stored in the
CAD repository. How can the engineer find the manufacturing plans for these similar parts
efficiently? Or how can a case-based planning system find similar parts from which plans
for some new part can be derived? These are all important questions.

The goal of this research is to develop algorithmic techniques to manage databases of
CAD and Solid Models. To accomplish this goal, techniques for the intelligent retrieval
of solid models will be described. Data structures for the representation of features are

developed. Afeatureis a structural property or a volumetric property of the solid model.



The lack of standard representation schemes for CAD data and features data has been under
significant study. A representation of features data and feature interactions that allows
for the efficient retrieval of CAD and Solid Models from knowledge-bases is important.
The representation developed in the present work is a graph based representation of the
dependencies between features of the CAD model.

Why is a representation of features and feature interactions relevant to solid model
retrieval? Features, whether they are design features or manufacturing features, represent
structural properties of the solid model. So in this way, a representation of features data is
a representation of the structure of the model. If two solid models have similar features and
feature interactions, then in some way the two solid models are similar.

Given this representation scheme, efficient algorithms for performing this retrieval and
for comparing solid models based on this representation becomes key to solving this prob-
lem. Algorithms for the comparison of solid models are described. These algorithms apply
the search techniques of A* and gradient descent to the problems of graph isomorphism and
subgraph isomorphism. These algorithms are used to compare the graph representation of
features and feature interactions that is developed in this work.

In stating that | will incorporate a representation of features and feature interactions in
my approach, you may ask “what is meant by features?” | already stated that a feature
is some structural property of the solid model. But this is a very general definition of a
feature. Many people have many different views of what a feature is. This work attempts
to abstract itself from these varying definitions and to be independent on the class of feature
in question. Thatis, the representation discussed may be applied to design features obtained
from the design feature history for a given model and alternatively the representation may
be applied to manufacturing features that may be obtained by running a feature recognizer
over a collection of CAD models. It may also be desirable to represent both the design

features and the manufacturing features and have multiple views of the data in the given
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Figure 1.1: Overview of the problem of solid model retrieval.

CAD knowledge-base.

Nearly all major commercial computer-aided design systems have adopted a feature-
based design approach to solid modeling. Thus design feature data is easily obtained from
the CAD system in use. Models are created via a sequence of operations that apply design
features to incremental versions of a design model. Surfacing, free-form surface shaping,
and deformation operations are internally represented in modeling systems as features in
a “history tree” that generate the final design. However, much in the same manner that
Constructive Solid Geometry (CSG) trees for an individual model can be non-unique, these
design feature histories for CAD models might be ordered in a number of ways and result
in the same final geometry and topology.

In order to efficiently store and retrieve solid models from a CAD knowledge-base, one
requires a more uniform representation for the feature information used to describe the ar-
tifact. Following, techniques are presented for dealing with ambiguity and variation that

are independent of feature definition. Given that, with a fixed feature library, one might



be able to design an artifact in several alternative ways, techniques are presented to con-
vert these orderings into a representation that removes the ambiguity that results from the
ordering inherent in the feature history. This representation may also be constructed from
manufacturing features obtained from a feature recognition stage along with an interaction
analysis. Once reduced to this form, solid models can be more efficiently hashed or indexed

for storage.

1.2 Overview of Approach

| present geometric reasoning techniques to generate an abstraction of a CAD model’s
design feature history that deals with the ambiguity and non-uniqueness inherent in the
ordering of the design feature history. These same techniques may also be applied to
manufacturing features to result in an alternative view of the CAD knowledge-base. The
representation described is called Medel Dependency GraptMDG) and alternatively

the Undirected Model Dependency GrapdMDG). These schemes represent features as
nodes and feature interactions as edges between the nodes representing the features of the
interaction. Based on the MDG and UMDG, | introduce algorithms that can assess the
similarity of solid models based on features; index models for database storage; and iden-
tify meaningful part families from large sets of designs, such as are stored in engineering
databases. The algorithms described include an inexact solution to the subgraph isomor-
phism and graph isomorphism problems using a gradient descent approach that allows for a
measure of similarity. Also described is a fast A* algorithm for the subgraph isomorphism

problem that I call thé\* Subgraph Isomorphism Check@SIC).



1.3 Outline of Thesis

This paper is organized as follows: Chapter 2 provides an overview of related work and
background in graph matching algorithms, solid modeling and feature-based modeling, and
search algorithms. Chapter 3 presents the formulation of the problem of ambiguous design
history trees and introduces an approach to addressing it based on constraint and graph
algorithms, including defining the MDG and UMDG and describing the gradient descent
approach to the problem and the ASIC algorithm. Chapter 4 describes experimental results
on both randomly generated graphs and on UMDGs of randomly generated CAD models.

Chapter 5 presents conclusions and plans for future work.



Chapter 2

Background

This chapter presents a summary of previous research work in the areas related to the work
of this thesis. In this thesis, | reduce the problem of retrieving solid models based on simi-
larity to various graph matching problems including graph isomorphism, subgraph isomor-
phism, and directed graph D-morphism. This chapter begins with a history and overview of
previous algorithmic solutions to the graph isomorphism and subgraph isomorphism prob-
lems. Next, | present relevant research and background of solid modeling and feature-based
design, including the topics of solid model representations and feature recognition. Finally,
| present various search techniques that | will later use in presenting my solutions to the

problem. These include A* search and hill-climbing or gradient descent search.

2.1 Graph Matching

A graph matching problem is a problem involving some form of comparison between

graphs. Graph matching problems of varying types are important in a wide array of ap-
plication areas. Some of the many application areas of such problems include information
retrieval, sub-circuit identification, chemical structure classification, and networks. Prob-
lems of efficient graph matching arise in any field that may be modeled with graphs. For

example, any problem that can be modeled with binary relations between entities in the



domain is such a problem. The individual entities in the problem domain become nodes in
the graph. And each binary relation becomes an edge between the appropriate nodes.
Graph matching is a very difficult problem. Tlyaph isomorphisnproblem is to
determine if there exists a one-to-one mapping from the nodes of one graph to the nodes of a
second graph that preserves adjacency. Similarlystibbgraph isomorphisiproblem is to
determine if there exists a one-to-one mapping from the nodes of a given graph to the nodes
of a subgraph of a second graph that preserves adjacencyarflest common subgraph
problem is to find the largest subgraphs of two given graphs such that the subgraphs are
isomorphic. Thedigraph D-morphisnproblem is to determine if there exists a one-to-one
mapping from the nodes of one directed graph to the nodes of a second directed graph
that preserves adjacency if you disregard the directions of the arcs. The closely related
problems ofsubgraph isomorphisphargest common subgraphnddigraph D-morphism
are known to be NP-complete [13]. Whether or not gin@ph isomorphisnproblem is in
the class of NP-complete problems is an open question [13]. Although there do exist special
cases of each of these problems that can be solved in polynomial time, there do not exist
known algorithms of polynomial complexity to solve these problems in the general case.
Therefore, the search for more efficient solutions to these problems is of great importance.
The best known algorithm for the graph isomorphism problem rupS§t'e™ time in
the worst case [4, 42]. One class of graphs that poses particular problems for graph isomor-
phism algorithms is the class of strongly regular graphs. A special case that is solvable in
polynomial time is planar graph isomorphism. &xn x log n) algorithm for planar graph
isomorphism can be found in [21] and a linear time solution in [22]. There are other special
cases that are solvable in polynomial time that involve a bound on some nodal property of
the graphs. However, the degree of the polynomial time complexity of these algorithms
is typically dependent on the value of the bound on the given nodal property. So there-

fore unless the bound on the given nodal property is small, these approaches do not seem



very practical. A few examples of such cases include graphs of bounded valence [26],

k-contractible graphs [33], and graphs that are pairwiseparable [32].

2.1.1 Definitions and Background

Graph Isomorphism. The graphsy = (V3, Ey) and H = (V4, E,) areisomorphicif
there exists a one-to-one mapping between their nodésetad V5 that preserves adja-
cency. Thegraph isomorphism problemsks whether or not there exists such a mapping
between a given pair of graphs. Tosph isomorphism problerwan be formally defined
as in [13]: “is there a one-to-one onto functign V; — V5 such that{u, v} € E; if and

only if { f(u), f(v)} € Ey?" Isomorphism is an equivalence relation on graphs.

Subgraph Isomorphism. Thesubgraphisomorphism problegiven graph&: = (Vi, E)
andH = (V4, E,), asks whethe€ contains a subgraph isomorphic &b It is formally
defined in [13] by the question of the existence of a subsét V; and a subselk C E;
such that|V'| = |V,|, |E| = |E2|, and there exists a one-to-one functipn v, — V

satisfying{u, v} € Es ifand only if { f(u), f(v)} € E.

Largest Common Subgraph. Thelargest common subgraph probleasks if there exist
subsets; C E; andFE), C E, with |E}| = |E}| > K for some positive integeK such

that the two subgraphs’ = (V1, E]) andH' = (1%, EY) are isomorphic [13].

Digraph D-morphism. A related problem relevant to directed graphs is thadigfaph
D-morphism For a given pair of directed graplis = (11, E1) andGsy = (14, E;) aD-
morphisms formally defined in [13] as a functiofi: V; — V5 such that for al(u, v) € E;
either(f(u), f(v)) € Ey or (f(v), f(u)) € E, and such that for alk € V; andv’ € V5 if

(f(u),v") € Ey then there existsa € f~!(v') for which (u, v) € E.



Adjacency Lists. One of the more common ways of representing graphs makes use of
what are termecdjacency listd9, 1]. An adjacency listis a list of the nodes that are
adjacent to a given nodAdjacency listare commonly implemented as an array of linked
lists. Each element of the array represents a node of the graph and each linked list is the
adjacency listfor the given node. Thadjacency listrepresentation of a graph is often

advantageous for representing sparse graphs as it only regUifés+ | F'|) storage space.

Adjacency Matrix. Another common representation of a graph is dladgacency ma-
trix [19, 9, 1, 25]. Theadjacency matrixof a graph withn nodes is am x n matrix
A = [a;;] in which g;; = 1 if nodev; is adjacent ta; anda;; = 0 otherwise. A major
drawback to usin@djacency matricess that they requir€(|V|?) space. Thedjacency
matrixof a directed graph is defined similarly wiily = 1 if the directed edgév;, v;) € E.

Theadjacency matriXor undirected graphs is symmetric with a O diagonal.

Strongly Regular Graph. A strongly regular graphs defined in [42] as a graph having
parametergn, k, A, 1) wheren is the number of nodeg; is the degree of each nodg,
is the number of common neighbors of each pair of neighbors in the graph; enihe

number of common neighbors of each pair of non-neighbors of the graph.

2.1.2 Common Approaches

Due to its applicability to such a diverse set of problem domains, the problem of finding
more efficient solutions to the graph isomorphism and subgraph isomorphism problems
have occupied researchers for over 30 years. The simplest complete solution to the problem
of graph isomorphism is a brute force search of the space of all possible orderings over the
nodes of the graphs. For example, arbitrarily orderYheodes of one graph. Next, iterate

over theN! possible orderings of the nodes of the second graph. The orderings of the nodes
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of the two graphs represent a one-to-one mapping. On each iteration check this mapping

and determine if it represents an isomorphism between the graphs.

Over the history of the graph isomorphism problem, many approaches have been tried.
One such approach is the search for a graph-theoretical property or some set of properties
that form a sufficient condition to classify graphs through isomorphism [44, 18]. Although
this research direction has yet to arrive at its goal, it has turned up some useful condi-
tions that must necessarily exist for an isomorphism to exist. These conditions, known as
graph invariants, are often incorporated into solutions to the graph isomorphism problem

to reduce the search space immensely.

A second common approach to solving the graph isomorphism problem involves parti-
tioning the nodes of the given graphs based on various graph invariants. A handful of such
approaches to the problem are described in [46, 10, 45, 8, 15, 5, 38, 48]. Upon arriving
at this partition, the simple brute force search is then applied to the reduced search space.
This search can be a depth-first search or a breadth-first search and in some cases is a com-
bination of the two. Some of these methods also incorporate heuristics to either guide the
search or to trim away branches of the search space. An example of such a heuristic that

will be discussed later is Ullmann’s neighborhood consistency check [45].

There have been other approaches to the problem over the years. Some of these include
reductions to other problems. For example, in [2] Almohamad and Duffuaa describe a
linear programming approach. And in [49], Yang shows how a state machine may be
generated from a graph and the resulting state machines then compared for isomorphism.
In [39], an attempt at finding a canonical representation of the adjacency matrix of a graph
is described. Other approaches include the massively parallel structure matcher described
in [3], the decision tree technique described in [30], and the graph decomposition approach

described in [29].
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2.1.3 Invariants

A graphinvariantis a number or a property of a graph that has the same value for any graph
to which it is isomorphic. Another type of graph invariant is a property on the individual
nodes of a graph that must have the same value for the node in the second graph to which
it is mapped in an isomorphism. This type of invariant is sometimes referred to as a nodal
function. Acomplete set of invariantdetermines a graph through isomorphism [19]. No
complete set of invariants for a graph that can be computed in polynomial time is known to
exist. Two simple examples of graph invariants are the number of nodes and the number of

edges. A list of graph invariants and a list of nodal functions follow.

Graph Invariants.
e Number of nodes of a graph.
e Number of edges of a graph.

e The determinant of the adjacency matrix of a graph equals the determinant of any
graph to which it is isomorphic [18]. The proof is trivial. Any graph isomorphicto a
graphA can be represented & A - P! for some permutation matrik. Note that

det(P-A-P71) =det(P)-det(A) - det(P ') = det(A).

e The characteristic polynomial of the adjacency matrix of a graph is equal to that
of any graph to which it is isomorphic [44]. The characteristic polynomial of an
adjacency matri¥ is defined aglet(A <\ - I). A proof similar to that above may

be found in [44].
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Nodal Functions.

e Attribute consistency. Amttributed graphis a graph for which there is a function
mapping each of the nodes of the graph to a subset of a set of possible attributes
or labels. A node of one graph is attribute consistent with the node to which it is
mapped in the second graph if these nodes have the same set of attributes or labels

associated with them.

e The degree of the nodes of the graph [45]. If the graphs are directed this would

include both the in-degree and the out-degree of the nodes [46].

e The number ointh generation descendent$ the nodes [46]. An nth generation
descendent of a nodas a node reachable froiralong a path of length. And sim-
ilarly, the number ohth generation ancestois the nodes [46]. An nth generation
ancestor of a nodeis a node from which can be reached along a path of length
n. Given an algorithm for finding the nth generation descendents, the nth generation
ancestors of a directed graph can be found by finding the nth generation descendents

of the complement of the graph [46].

e The number of nodes in theshell of descendentd the nodes [46, 38]. A node is
in the n-shell of descendents of a nodd it can be reached along a directed path
of lengthn from node: but not by any other path shorter than lengthIn other
words, the length of the shortest path from a node any node in its:-shell isn.
And similarly, the number of nodes in timeshell of ancestorgl6, 38]. A nodej is
in then-shell of ancestors of a nodef node: can be reached along a directed path
of lengthn from nodej but not by any other shorter path. Given an algorithm for
finding then-shell of descendents, theshell of ancestors of a directed graph can be

found by finding then-shell of descendents of the complement of the graph [46].
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¢ A function equal to 1 on nodes includedn@#nlengthunrestricted circuiteand O oth-
erwise [46]. Similarly, A function equal to 1 on nodes includec#engthsimple
circuitsand 0 otherwise [46]. An unrestricted circuit may include an edge more than

once whereas a simple circuit may not include any edge more than once.

2.1.4 Conventional Approaches

The conventional approach to the graph isomorphism algorithm is a modified brute force
algorithm. These approaches make use of one or more invariants or nodal functions to
partition the nodes of the given graphs into sets. Only nodes in corresponding sets may be
mapped to each other. Upon partitioning the nodes of the graphs, either a depth-first search
or breadth-first search can be used. Each search technique has its advantages. If there is no
isomorphism between the graphs then a breadth-first search may determine that the graphs
are not isomorphic more quickly. But breadth-first search requires more space as it keeps
around all of the states of the search space. If there are many isomorphisms between the
graphs, then a depth-first search may find one relatively quickly compared to a breadth-first

search.

GIT: Graph Isomorphism Tester. In [46], Unger attempts to partition the nodes of the
given graphs to as fine a partition as possible. The algorithm he describes begins by gen-
erating a PNPL (possible node pairing list) composed of one partition containing all of the
nodes and then iteratively refines the PNPL into groups of smaller and smaller partitions
representing the nodes that may be paired to each other. On each iteration the algorithm
checks the current ordering to see if it represents an isomorphism. The nodes are first par-
titioned by in-degree and further partitioned by out-degree. The partitions are then refined
by computing the nth generation descendents, nth generation ancestors, the n-shell of de-

scendents, the n-shell of ancestors, a function equal to 1 on nodes included in n-length
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unrestricted circuits and 0 otherwise, and a function equal to 1 on nodes included in n-

length simple circuits and O otherwise.

Unger next describes an EXTEND method of generating additional nodal functions.
Assign each partition a unique number. Then for each node assign it the value that is
the sum of the set values to which each of its descendents belong. And use these values
to further refine the partition. Any symmetric function of the set numbers can be used
and is not limited to sum. The EXTEND method can be used also on the ancestors, n-th

generation descendents, and n-th generation ancestors.

The GIT algorithm works better with graphs with a smaller numbers of edges. There-
fore, if the graphs have more théz@;—l) arcs, GIT first takes their complements. It can do

this because two graphs are isomorphic if and only if their complements are isomorphic.

Using K-formulas. The algorithm described by Berztiss in [5] uses K-formulas. The
K-operatorx is a binary prefix operator. A K-formula represents an arc in the digraph
and consists of the K-operator followed by the node names of the originating node and the
terminal node. A K-formula can represent all of tharcs originating from a given node

by beginning the K-formula with K-operators followed by the originating node name and
then terminal node names. K-formulas can also be used in place of a single node name. A
K-formula can be defined recursively as 1) a node symbol, or2airidb are K-formulas
thenxab is a K-formula. Berztiss describes a procedure for generating a set of K-formulas
that represent a given digraph. The isomorphism algorithm works by generating a minimal
set of K-formulas for one graph and fixing it. It then attempts to generate a K-formula
for the second graph corresponding to this K-formula (having the same pattern) using a

backtracking procedure.
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Ullmann’s Algorithm. Ullmann’s algorithm for subgraph isomorphism is perhaps still
one of the most widely used algorithms for graph and subgraph isomorphism. Even today,
researchers often compare the performance of their algorithms to that of Ullmann’s. The
complete description of Ullmann’s algorithm can be found in [45].

Ullmann first describes a simple enumeration algorithm for subgraph isomorphism us-
ing a depth first tree search. He then presents a refinement procedure to reduce the search
space and incorporates it into the algorithm. The simple enumeration algorithm works as
follows. Let the adjacency matrices of grapfis andG3 be A = [a;;] and B = [b;;].

G, hasp, nodes and, edges (and similarlyzs). M' = [m;j] is a matrix withp, rows
and ps columns. Each row has exactly one 1. No column has more than one 1. Let
C = [e] = M'(M'B)" where™ is transpose. I¥/i, j(a;; = 1) = (¢;; = 1) then M’
specifies an isomorphism betwe@f and a subgraph a¥; (labeled condition 1 in [45]).

If m;; = 1 then the jth point ofZ; is mapped to the ith point af,,. At the start of the
algorithmM/° = [my;] is constructediny; = 1 if the degree of the jth point af; is > the

ith point of G, and is O otherwise. For isomorphism testing changestltomndition to=.

The simple enumeration algorithm generates all possible matricessich that for alkn;,

of M', (mj; = 1) = (mj; = 1). For each such matrix, condition 1 is applied to determine
if it is an isomorphism. Thé/' are generated by systematically changing all but one 1 in
each row ofA/° to a 0 subject to the constraint.

Ullimann’s refinement procedure is then described. It is referred to in [8] as Ullmann’s
neighborhood consistency check. The idea is to eliminate some of the 1’'s from the matrices
M thus eliminating some successor nodes from the tree search. It tests eachta fimd
whetherVz((a;;) = Jy(ma,*by; = 1)). Thatis for every neighbar of node;, there must
exist a nodey of G5 such thaty is a neighbor of vertex andz is allowed to be mapped
to y. It changes the 1 to a O if this condition is not satisfied. It iterates until there is an

iteration in which none of the 1's are changed to QVfsatisfies the condition for being an
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M' matrix (that is, each row af/ contains exactly one 1 and each columniéfcontains
no more than one 1), then if the refinement procedure does notMdltér/ specifies an
isomorphism between the graphs. This refinement procedure is then incorporated into the

simple depth-first enumeration algorithm.

Using Distance Matrices. In [38], Schmidt and Druffel propose using distance matrices
as an improvement over using the degree sequence of the nodes of the graphs to reduce the
search space of the traditional backtracking approach. The distance masrann by n
matrix in which element;; represents the length of the shortest path between nodesl
vj. If © = j, thend;; = 0. If there is no path betweenandj thend;; = co. By using
the distance matrix of a graph, it is possible to obtain an initial partition of the nodes of the
graph that is finer than simply using the degree of the nodes as a partition.

The authors in [38] describe a characteristic matrix. The row characteristic malix
isanN by (N < 1) matrix. xr, is the number of vertices a distanceaway fromuv;.
The column characteristic matriXC' is an N by (N <1) matrix. zc;,, is the number of
vertices from whichy; is a distancen. A characteristic matriX' is formed by composing
the corresponding rows of R and XC'. An initial partition may be obtained fronY. v}
will map to +? in an isomorphism if and only if),, = 22, for all m. An initial partition
based on the distance matrix may be more refined than that based on the adjacency matrix,
and can never be less refined.

The algorithm is a backtracking algorithm that selects possible vertex mappings. It
checks each mapping for consistency using the distance matrix. The mappiag?
is consistent if every elemedt; = d7, andd};, = dz, for all j, s such that; has been
mapped to? and if every element), (wherev; has not been previously mapped) has a
correspondingl?, (wherev? has not been previously mapped) such #at ¢ (that is

they are in the same partition). If the partition does not consist of consistent mappings
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then the mapping is not an isomorphism and it's necessary to backtrack and try another
mapping.

There are some classes of graphs for which the distance matrix does not refine the
initial partition any more than the degree sequences. For example, if there was a single
node attached to all other nodes of the graph the shortest path between any two nodes of
the graph will be 2. But the authors offer a possible solution for some cases. If the two
graphs have an equal number of such nodes they may be removed from the graphs. In the

same way if the graphs have an equal number of O degree nodes they may also be removed.

2.1.5 Other Approaches

Canonical Adjacency Matrix. In [39], an attempt at finding a canonical representation

of the adjacency matrix of a graph is described. The algorithm described is for undirected
linear graphs. The idea is to generate what it terms an“optimum code” from an adjacency
matrix as a sort of canonical representation of the set of graphs isomorphic to the graph
represented by the adjacency matrix. The graphs are undirected so the upper triangle of the
adjacency matrix represents the entire graph. The algorithm attempts to“relabel” a graph
uniquely so that upon this relabeling the binary number obtained by concatenating the rows
of the upper triangle of the adjacency matrix of the relabeled graph is of greatest possible

magnitude. The worst case complexity of this approach was exponential.

Reduction to Isomorphism of Finite State Machines. In [49], Yang shows how a state
machine may be generated from a graph and the resulting state machines then compared
for isomorphism. Algorithms for determining the transition preserving morphisms (en-
domorphism, homomorphism, isomorphism, and automorphism) of state machines using
nontrivial closed partitions over their state sets are described. These algorithms are then

extended to determine the structural preserving morphisms of finite automata by adding a
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constraint of output-consistency to the partitions of their state sets. It is then shown that a
Moore-type sequential machine may be constructed from a directed graph by performing
3 steps: constructing a non-deterministic state machine corresponding to the graph, trans-
forming this to an equivalent deterministic state machine, and defining the outputs of the
states. The isomorphism algorithm for finite state machines is then used on the resulting

Moore-type sequential machines.

Linear Programming. In [2] Almohamad and Duffuaa describe a linear programming
approach to the weighted graph matching problem. The problem of matching two weighted
graphs can be formulated as finding an optimum permutation matrix that minimizes a dis-
tance measure between the two graphs. The weighted graph matching problem includes the
graph isomorphism problem as a special case. This paper formulates the problem as a lin-
ear programming problem and uses a simplex-based algorithm to solve it. The idea behind
the weighted graph matching problem is to find the permutation m&tas to minimize

| A, &P« A« PT ||. || A || is the sum of all of the elements of the matrix This

is also equivalent to minimizing A, * P <P = A, ||. They formulate a linear program-

ming problem, solve the linear programming problem using the simplex method and then
obtain approximate 0-1 integer solutions from the real solution of the linear program. The
simplex method is exponential but in practice will find the solution quickly. Approximate
0-1 integer solutions can be found in polynomial time. There is no known algorithm for
finding the exact 0-1 integer solutions in polynomial time. All known methods for exact

0-1 integer solutions such as branch and bound have exponential time complexity.

Graph Decomposition Approach. In [29], an approach to the graph isomorphism prob-
lem based upon decomposing the graphs into common subgraphs is proposed. The idea of

the algorithm is to search for a graph among a collection of model graphs for one that is
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isomorphic to some given query graph. The algorithm described builds a network from the
set of model graphs. It decomposes the model graphs into subgraphs, then subgraphs of
the subgraphs, etc. Thus common subgraphs of the larger graphs can be represented once
in the network. The network algorithm (NA) will then take the input graph and propagate

it through the network to determine a subgraph isomorphism. The authors also describe an
inexact network based algorithm (INA). It is based on their exact algorithm. The authors
compare NA to Ullmann’s. Ullmann’s algorithm improves with more diversity among the
labels. But too many different labels is actually harmful to NA when it breaks the model
graphs down into subgraphs. The network will not be as compact as it would be with less

diversity among the labels.

Decision Tree Approach. In [30], the authors attempt to solve the problem of given a
database of model graphs known a priori and an input graph known only at run-time, find
any of the model graphs for which the input graph is either isomorphic to or isomorphic
to a subgraph of. Their algorithm runs@n 1/?) time if you neglect preprocessing of the
model graphs and does not depend on the number of model graphs.the maximum
number of nodes in any given model graph. They arrive at this polynomial time by building
a decision tree from all permutations of the adjacency matrices of the model graphs. This
decision tree in the worst case is exponential in size.

The authors propose techniques for pruning the decision tree. The first is a breadth-
pruned decision tree. It will no longer support subgraph-isomorphism but the runtime is
still polynomial although now® (M3). One type of breadth-pruning involves transforming
the input graph by ordering the vertices so that each vertex is connected to at least one
other vertex that appears earlier in the ordering. For connected graphs this is equivalent
to finding the spanning tree of the graph (quadratic time). Now any permutations of the

adjacency matrices of the model graphs for which this condition does not hold may be



20

removed from the decision tree. The algorithm is still quadratic and still works for both
graph and subgraph isomorphism but the decision tree is greatly reduced in size. If the
graph is completely connected this pruning will not save any space. A second breadth-
pruning technique increases the runtiméxa@/?*) but no longer guarantees that subgraph
isomorphism may be detected as some of the subgraphs of a given model graph may no
longer be present in the decision tree. But graph isomorphism can still be detected in
polynomial time.

The authors next present depth-pruning the decision tree to use the decision tree as an
index into the collection of model graphs for further testing by a conventional algorithm
such as Ullmann’s. The idea is instead of representing all subgraphs and permutations of
the model graphs in the decision tree, only represent all subgraphs and permutations of size
k < n in the decision tree. When an input graph is now classified against the decision tree,
all graphs associated with the result decision tree node must now be further tested with a
conventional algorithm such as Ullmann’s but Ullmann’s may be initialized based on the
decision tree greatly reducing the search space. Polynomial time is no longer guaranteed
but this technique will reduce the size of the decision tree and make it of practical use for
larger sized graphs.

A technique based on the decision tree approach to the graph and subgraph isomor-
phism problem to find what is termed error-correcting graph isomorphism is described
in [31]. The authors begin by defining error-correcting graph isomorphism. The idea is to
develop a measure of distance between graphs by the cost of making a sequence of edit
operations to transform one graph to the other. The possible edit operations are chang-
ing a nodes label, changing an edge’s label, adding an edge, and removing an edge. The
definition can be extended to include adding and removing nodes. Costs are assigned to
each type of operation and the distance between two graphs is taken to be the minimum

cost to transform one graph into the other. There may be more than one error-correcting



21

isomorphism but the problem is to find the one of minimum cost.

To compute the error-correcting isomorphisms the authors make use of the decision
tree approach described in [30]. They compute all of the error-correcting isomorphisms
of the model graphs and classify them by the decision tree. Then at run-time they use the
decision tree algorithm to find an exact match in the tree. Alternatively, they generate all
of the error-correcting isomorphisms of the input graph some distance away and use the

decision tree attempting to match each in order of distance.

Parallel Methods. The PARKA structure matching algorithm is described in [3, 37]. The
authors describe an algorithm for efficient associative matching of relational structures in
large semantic networks. The goal is to allow for efficient and flexible access to large
knowledge bases for case-based reasoning systems. The algorithm uses PARKA, a mas-
sively parallel knowledge representation system which runs on the Connection Machine.
The algorithm uses parallel search for knowledge structures. Both the retrieval probe and
the stored cases are represented as graph structures in a semantic network. The algorithm
relies on massively parallel hardware (the CM-2) to match knowledge structures in memory
against the retrieval probe.

A knowledge base (KB) defines a set of unary and binary relations. Given a conjunctive
expression of a subset of these relations, the task is to retrieve all structures from memory
that match this expression. This problem of matching knowledge structures can be viewed
in two ways: a subgraph isomorphism problem or a problem of unification or constraint
satisfaction. The authors take the subgraph matching view. Seen this way, case memory is
represented as a graph structure, where cases consist of a set of concepts (nodes) connected
by relations on the concepts (edges). The problem of finding similar cases is reduced to a
problem of structural matching, or of identifying subgraphs in the semantic network that are

isomorphic to the query graph. The structure matching algorithm operates by comparing
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the query case against a KB to find all structures in the KB which are consistent with the

guery. This match process occurs in parallel across the entire KB.

2.2 Solid Modeling and Feature Based Design

2.2.1 Constructive Solid Geometry (CSG)

Constructive Solid Geometry (CSG) is a volumetric representation scheme for three-dimensional
solid geometric models. Solids are represented as a set-theoretic boolean expression of
primitive solid objects, of a simpler structure [20]. Regularized set boolean operations and
motion operations are used to represent a composition of primitive geometric shapes. The
standard primitives that are used in the CSG representation scheme are the parallelepiped
or block, the triangular prism, the sphere, the cone, the cylinder, and the torus [20]. The set
boolean operations that may be used are regularized union, regularized difference, and reg-
ularized intersection. The regularized boolean set operations are extensions of the typical
boolean operations that prevent dangling edges and faces from resulting. A CSG represen-
tation of a solid model can be viewed as a tree. The primitive shapes used in representing
the solid are the leaves of the tree; the boolean set operations and motion operations are the
interior nodes, as shown in Figure 2.1 (a). A CSG representation of a three-dimensional
solid model lacks uniqueness. There may be several ways to represent a single solid model
with multiple CSG representations. One solid may be representable by several valid CSG

representations, as shown in Figure 2.1 (b).

2.2.2 Boundary Representation (B-rep)

A solid can unambiguously be represented by describing its surface and its topological ori-

entation. The boundary representation (B-Rep) consists of a topological description of the
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(b)

Figure 2.1: Examples of CSG trees: two different trees that create the same solid model.

connectivity and orientation of the faces, edges, and vertices and a geometric description
for embedding these surface elements in space. The vertices, edges, and faces are specified
abstractly with their incidences and adjacencies indicated in the topological description.
And in the geometric description, the equations of the surfaces of which the faces are a
subset are specified [20].

The boundary representation (B-Rep) scheme represents three-dimensional solid ob-
jects by a hierarchical description of the faces, edges, and vertices that form the boundary
of the model. A face is specified by the edges that it is bounded by. An edge is specified
by the curve it lies on and its vertices. Vertices are points in three-dimensional coordinate
space. The B-Rep representation scheme is unique unlike that of the CSG representa-

tion [23].

2.2.3 Feature-based Modeling

A feature can be defined differently depending on the context in which itis to be used. Ma-
chining features may differ from forging features [24]. Features of a solid geometric model

are dependent on the use of the model. In the application of machining, some example
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features are holes, slots, pockets. Each such feature of the solid model may correspond to
some manufacturing procedure or step of the design process.

Modeling and design are typically performed by the addition and subtraction of prim-
itive shape components from the solid model. Using this approach, features would be
extracted later using a feature recognition process. However, this is not the only approach
that may be used. Modeling by using design features is an alternate approach. This is
known as feature-based modeling [36, 14].

In [36], it is pointed out that feature-based design has the advantage of keeping relevant
information for applications during the design process. It is also pointed out that manufac-
turing concerns can be considered early in the design process. Using feature recognition,
this may not have been possible. A model may have been designed with “features” that
would be difficult to actually manufacture. In feature-based design, functional meaning is
assigned to the parts of an object during the design phase rather than during the feature
recognition [6].

[11] discusses a combined approach of feature-based design and design recognition.
The feature-based design part of the described approach incorporates a feature library, con-
sisting of predefined design features and user defined design features. The predefined fea-
tures consist of features such as cylindrical holes, rectangular pockets, and slots. User-
defined features can be created by the designer to make up for a deficiency in the features
in the library. These user-defined features can be created with either the feature modeler or

a solid modeler.

2.2.4 Feature Recognition From Solid Models

Much research has been done in the area of automatic feature recognition from three-

dimensional solid models [17, 34, 27, 28, 47]. Although there are other representation
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schemes, the most commonly used representations in systems that perform automatic fea-
ture recognition are the B-Rep and the CSG. This is in part due to the fact that a majority
of solid modeling and CAD systems make use of either the B-Rep or the CSG in their
representations. Some systems may incorporate both into the representation of the solid
models. Boundary representations are often used for rendering and display purposes, while
CSG-like structures supply the history of the operations performed in designing an artifact.
One technique used for feature recognition makes use of the attributed adjacency graph
(AAG) that is generated from the B-Rep of the solid model and is described in detail in [24].
In an AAG, each node represents a face of the solid model. Each edge in the solid model
becomes an arc in the AAG where the endpoints are the nodes that represent the faces that
share the edge. Each arc in the AAG is attributed with an attribute that specifies if the faces
corresponding to the edge are concave or convex. The technique for feature recognition
described in [24] uses graph-based techniques to search the AAG of the solid model in
guestion for subgraphs which correspond to the AAG representations of primitive elements,
and incorporates some special techniques for detecting interacting features. The use of
AAGs for feature recognition is limited to polyhedral parts with polyhedral features [24].
Another technique for feature recognition similar to the use of AAG is presented in [27].
The approach presented incorporates what is termed a cavity graph. A cavity graph consists
of nodes representing the faces of the solid. Links between two nodes represent noncon-
vexity of the corresponding faces. And each node is labeled to show the relative orientation
of the faces in space. The method proposed uses a hypothesis generation and elimination
approach. The hypotheses are generated by decomposing the cavity graph of the object into
maximal subgraphs and searching searching these subgraphs for the known cavity graphs
of primitive components. Rule-based methods are used to eliminate incorrect hypotheses
and generate new hypotheses. The methods described also incorporate the idea of using

“virtual links” to aid in finding interacting features (i.e., additional links are added to the
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cavity graph) [27].

Convex-hull techniques use volumetric properties of solid models rather than surface
features to extract features. The convex-hull technique relies on finding the materials that
must be removed from a solid to form the model of the part. The feature extraction process
uses convex decompositions. An object is represented as a set of convex components with
alternating addition and subtraction of volumes. The convex decompositions are sometimes
known as alternating sum of volumes (ASV) [23]. This decompaosition represents an object
by a series of convex volumes with alternating additions and subtractions. The technique
first finds the convex hull of the object and then finds the set difference between the object
and its convex hull. The technique is applied recursively to find the full decomposition
of the object. The domain of geometric objects that ASV can handle is limited as ASV
will not always terminate. The removed volumes also do not always represent features.
Volumes that may be shared by two or more interacting features will only be applied to

one, for example [23].

In addition to techniques for feature recognition that use B-rep as input, there exist
techniques that use the CSG representation of the solid model. These techniques must first
overcome the problem that the CSG representation is not unique. A single solid model may
be represented by several different CSG trees. Another problem is that nearby nodes in the
CSG tree do not necessarily correspond to features. The set difference operation also does
not necessarily correspond to the removal of manufacturing material; and some removal
operations may be implicit without the use of a set difference operation. Most methods of
performing feature recognition from the CSG representation begin by converting it to some
other representation. Although the potential exists for the CSG representation to more
closely resemble machining operations, in practice there appears to be a lack of a general

relationship between the primitives of a CSG and the features of the design [23].
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2.3 Search Techniques

Many problems can be solved by the application of a search strategy. These search strate-
gies begin at some initial problem state and search through the state space for the given
problem looking for a goal state. This search of the state space can be visualized as a tree
search. Nodes of this search tree represent various states of the problem. The root node of
this tree represents the initial state. The children of a search tree node, or the successors of
the node, represent the states that result from performing successor operations to transform
the problem from one state to the next. Making such a transformation is termed expanding
a search node. The number of new search tree nodes that result from applying the successor
functions to a search node is referred to ashiteching factor Not all search strategies
involve searching the state space in a type of tree search. There are other algorithms known
as iterative improvement algorithms. These algorithms simply maintain the current state
and iteratively make changes to the state that improve some evaluation of the state. These
algorithms tend to halt in polynomial time whereas tree search strategies are often exponen-
tial in the worst case. But they are not complete and suffer from an inability to guarantee an
exact solution. There are several techniques for searching a search space. Each technique

has its advantages and disadvantages. Here | describe a few search strategies.

2.3.1 Depth-first Search

Depth-first searclproceeds through the search tree by always expanding one of the search
nodes at the deepest level of the tree. It continues in this way until it either reaches a goal
node or until it reaches a goal node with no expansion (i.e. a node for which the successor
functions produce no new search nodes). When the search reaches a dead end such as this
it backs up to a shallower level and continues diepth-first searcldown another branch

of the search tree. The space requirementiepth first searcls only O(b x d) whereb is
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the branching factor a# is the maximum depth of the search tree. The time complexity in
the worst case i©(b¢). But for problems with many solutiordepth-first searcinay take
much less time than this. For problems that have very deep or infinite searcldeptbs

first searchmay get stuck going down a wrong path, and thus for such problems another

search strategy should be used [35].

2.3.2 A* Search

A* searchis a form of informed search [35, 43]. Informed search methods make use of
problem-specific information to guide the search and to help obtain more efficient solutions.
The idea behind\* searchis to minimize the total path cogt(n) = g(n) + h(n) where

g(n) is the cost of the path so far aidn) is the estimated cost to the goal. The function
f(n) can be looked at as the estimated cost of the cheapest solution throldigtin ) never
overestimates the cost to the goal, then it is said tadmissible If 4(n) is admissiblehen

A* searchis both optimal and complete [35A* searchchooses the successor node as to

minimize f(n).

2.3.3 Constraint Satisfaction

The states of aonstraint satisfaction proble@are represented by a set of values for a set of
variables. A goal state for such a problem must satisfy a set of constraints on the variables.
These problems may be solved using search techniques such as those described. There are
some other techniques that may be applied in such situatidresconsistency checking
verifies that every variable has a value in its domain that is consistent with the constraint
set [35]. Values that are inconsistent with any constraint are removed from the domain of
the given variableArc consistency checkingay in some cases result in a solution to the

problem if the domain of each variable is reduced to a single value.
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One form ofarc consistency checking known asforward checkind35]. Whenfor-
ward checkings used, whenever a variable is instantiated, any value in the domain of a
variable that has not yet been instantiated that is inconsistent with the variables that have
been assigned values is removed from the domain of that variable. If the domain of a

variable becomes empty the search backtracks immediately.

2.3.4 Hill-climbing Search

Hill-climbing or gradient desceris an example of an iterative improvement algorithm [35,
43]. These algorithms work by making iterative changes that always improve the current
state. The value of the current state is determined by an evaluation functionhillFhe
climbing algorithmdoes not maintain a search tree and only stores the current state of the
problem. There are two variationBest ascentill always choose the best successor of
the current stateNext ascenthooses the first successor it finds that is an improvement on
the current state.

There are problems withill-climbing algorithms. The first is the problem ddcal
maxima The algorithm may reach a peak in the state space that is lower than the highest
peak and halt with a far from accurate answer. Another problem is thaltdaux A
plateau is a flat area of the search space. The search will wander around randomly on such
aplateau Random restart hill-climbingttempts to combat these problems by starting at
a randomly chosen new initial state when the search reaches a point where it can make no
further progress. It can use a fixed number of restarts or can continue until the best result

found so far has not been improved for a specified number of iterations [35].
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Chapter 3

Problem and Approach

3.1 Problem Formalization

A design,D, is defined as a tupl® = (F, P,T) where: F'is a finite setF' = {fo, ..., fu}

of features (these may be design features or manufacturing featiréshe geometric

and topological model of the artifact (including the boundary representation of the compo-
nent); 7 is a possibly empty set of dependencies or orderings imposed on the features (for
example I’ can be the design history of the artifact). If the featurek are design features
thenT can be thought of as a type of CSG tree and design features are local or global op-
erations on part geometry. In general, the featurds are volumetric representations and

are themselves CAD models, although more primitive then the CAD model as a whole.

The boundary representation (B-rep) of a component (or pBrt)s a representation
of the geometric and topological model of the artifa€tis another representation of the
geometric model—related in some way to the steps that were involved in the design. Most
CAD and three-dimensional geometric/solid modeling packages use either B-rep or CSG
representations, and in some cases both. There also exist techniques for converting (1)
CSG to B-Rep; (2) certain classes of solids from B-Rep and CSG; and (3) feature identifi-
cation from solid models. Hence, history information is either readily available or can be

produced, to a degree, via automated feature identification techniques [41, 16, 40].
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The setF of features is a finite set defined Bs= { /o, . .., f»}. These features can in-
clude any volumetric or surface operation typically used in a commercial CAD environment
(i.e., holes, pockets, slots, bosses, etc.) and alternatively they can include any manufactur-
ing features typically extracted using a feature recognizer (i.e., holes, pockets, slots, etc.).
A feature orderind’, can be either a tree structured representation of the design phase of
an engineering artifact or it can simply be a linear ordering of the steps taken to design the
artifact. The nodes of this tree represent the primitive elements added to or removed from
the component during the design phase, such as blocks, cones, and cylinders, operations on
those primitives, and operations on the component as a whole entity. Some of the possible
operations include blends, chamfers, fillets, extrusions, contouring, and free-form surface
modeling.T can also represent alternatively some ordering on the manufacturing features,
perhaps associated with some sequence of manufacturing operdfioren also be an

empty set.

3.2 Design Histories

The same artifact may be designed in several different ways. One designer may do things in
one order, and another designer in a different order. These different orderings of operations
will result in history trees that can be drastically different and yet represent the same thing.
For example, Figure 3.1 shows a solid model for a torpedo motor housing consisting of
about one hundred design feature instances. Figure 3.1 also shows one possible design
feature history tree for this model that can be used to define this part in a commercial CAD
environment (there may be many other ways of designing this part). The non-uniqueness
of the history tree poses a problem as to how to effectively index and retrieve CAD and
solid model data based on feature information.

This problem is similar to that of the non-uniqueness of CSG models. In the feature
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Motor

Feature History Tree

Figure 3.1: An illustration of a model of a torpedo motor housing and a snhapshot of the
design feature history tree for the torpedo motor (each box is a feature or operation on
the model). This history tree was generated when the motor was modeled using Bentley
Systems’ MicroStation Modeler. The over one hundred features and operations make the
history tree difficult to present in detail—for requiring more detail, this model is available
through the National Design Repository at http://repos.mcs.drexel.edu/.

recognition techniques that use CSG models rather than the B-reps, methods of converting
the CSG to another representation or an ordered representation are usually incorporated to
get around this disadvantage [40]. | will incorporate similar techniques in the use of history

trees for similarity comparisons.

Some operations performed on the design are dependent on other previous operations
and must be performed in a specific order. For example, it is not possible to create a hole in
a block that does not yet exist. But there may be other operations that may be independent
of all other operations that have been performed on a design. For example, if you had a
block and wanted to remove a hole in one side and create a slot in the other side with no

interaction occurring between this slot and hole, then it would make no difference to the
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final product which of these two operations occurred first.

The history tree is initially sorted in the relative order of when each operation was
performed in time relation to each other. This ordering has no bearing on the order of
operations performed during the manufacturing of the component. For example, a designer
may take a block and remove a hole in one side and then a hole in the other side. The
designer may then remove a second hole in the first side. When the manufacturing plan is
later devised by a machinist, he or she may decide that the two holes on the first side can
be drilled at the same time, rather than following the exact steps taken in the design phase.

Hence, to retrieve engineering data from knowledge-bases using the design history as
part of the retrieval probe, it becomes necessary to transform the design history tree in such
a way that it is now ordered solely on the basis of dependencies rather than on an order

based on temporal position.

3.3 Model Dependency Graph

Let's begin by developing a representation to handle design features. Upon doing so, |
will discuss how this same representation may be used for manufacturing features. As
discussed earlier, design history trees, like CSG trees, are non-unique. That is, for a given
solid model, there may be several ways to design it and result in the same final product,
and thus there may be different design history trees that represent the same design.
TheModel Dependency Graph(MDG) attempts to deal with this problem. This graph

is a directed acyclic graph which has some unique characteristics. The model history,
M, is defined as\l = {my,...,m,}. Them; is the complete model at stagef the
design. That isyn; represents the solid model after featytes applied to the model.
There is an ordering inherent in the design history graph. In the case where it is not clear

which operation or feature came before the other, simply impose an arbitrary order on
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Figure 3.2: Pictured is a single solid model and several alternative design feature histories,
and one possible CSG tree, that can produce it. On the right are the MDGs for each of these
alternatives—note that they are all D-morphic to one another.

these operations. The; may be generated and stored at design time. Or they may be
easily generated from the design history. bet(f;) represent the “solid” volume that is

either added or removed from the complete model by the application of fegture

Definition 1: Model Dependency Graptbasic definition

A Model Dependency GrapfMDG) is defined as7 = (V,E). The vertex set is
defined as” = {fo,..., fu}. The indices on th¢; represent the order that the features
were applied during the design process. The edge set can be defified §6f;, ;) such

thati > j, vol(f;) Nwol(f;) # 0}. Note thatn is not a regularized intersection.

One limitation with the MDG as it has been defined in Definition 1 is that it assumes an
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explicit ordering on the features or design operations. In many cases this may be captured
in the solid modeling application in the form of a design history. But can the MDG be used
when dealing with CSG trees? The answer is yes and can be obtained by extending the

definition of the MDG to work recursively down the CSG tree.

Definition 2:  Model Dependency Grapimon-linear definition

LetT = (op left right) be a CSG tree or some non-linear design history whgie an
operation andeft andright are CSG subtrees or primitives shapes.&et= (11, E;) be
the MDG ofleft that results from either the basic definition or the non-linear definition.
Let G = (1%, E») be the MDG ofright that results from either the basic definition or
the non-linear definition. Then the MDG @f can be defined a& = (V, F) such that
V=WViul,andE = E; U E, U E3 whereEs = {(vy,v1),v1 € Vi,vy € V5 such that

vol(v1) Nwol(vy) # 0}. Note thatn is not a regularized intersection.

An example of a solid model with different possible design feature histories is shown in
Figure 3.2. There is a property of the MDG that | will exploit in our similarity assessment
of solid models:digraph D-morphism For a given pair of graph&, = (4, E;) and
Go = (13, E3) aD-morphismis formally defined in [13] as a functiofi : V; — V5 such
that for all (u, v) € E; either(f(u), f(v)) € Ey or (f(v), f(u)) € E and such that for all

u € Vyandv' € Vyif (f(u),v') € By thenthere existsac f~'(v') for which (u,v) € E.

Theorem 1: D-morphisms of Model Dependency Graphet G, andG, be two MDGs
for the same solid model resulting from different orderings of a featurB sef{ fo, . . ., f.}

(such as shown in Figure 3.2}, andG, are D-morphic.

Proof: Pick any two orderings of the sét= { fy, ..., f,,} arbitrarily. Let these orderings

beL = {ly,...,l,} andH = {hy,...,h,} whereVf; € F, 3l; € L, h, € H such that
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fi =1; = hyand3i,0 <= i <= n such that; # h,. LetG, = (V3, E;) be the MDG

that results fromZ and letG, = (5, E,) be the MDG that results fronfl. It is clear
thatV; = V5. By the definition of the MDG, these vertex sets must be equal to the set
F. Now take any two vertices;,v; € V;. Pick out the vertices,,,v, € V5 such that

v, = vy = fi andy, = v, = f;. Note thatvol(vy,) = vol(vy,,) andwvol(v;) = vol(vy).
Thereforepol (vy,) Nvol(v;) = vol(vy,,) Nvol(v,). Hence, from the definition of the MDG,

if there is an edgévy, v;) € E, wherek > [ then either(v,,,v,) € E, wherem > p or

(vp, Um) € Ey wherep > m. Therefore(G, andG, are D-morphic.

Some questions may arise given the definition of MDG and the proof of D-morphism.
One such question is how to generate the MDG of a given model. A possibility is to
generate the MDG at design time. Upon the addition of a feature to the design, a node must
be added to the MDG. Along with this new node, edges must be added from the newly
added node to any previously added node corresponding to any features for which there is
a non-empty intersection with the newly added feature or some interaction with the newly

added feature.

Another question that will arise is how to handle the possibility of the same model being
designed two different ways or with different feature sets. The same model designed with
different feature sets will have MDGs that are not necessarily D-morphic. And related to
this question is the question of what to do if a design history is not available for a given
model. The answer to these questions is to use the manufacturing features rather than the
design features. Use a feature extraction system such as F-Rex [34] or Allied Signal's
FBMach [7] to extract the features. In this way you can use one common set of features
across the entire collection of models. Performing this feature extraction will result in a
unique set of features for the given model. This set of features will become the node set of

the MDG. You can then “order” this set arbitrarily and generate the edge set of the MDG
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by making use of feature interactions detected during the feature extraction phase.

The MDG as defined is a directed graph. What exactly is the significance of the di-
rection of the edges? Well, the direction is an indication of the order the features were
performed. In the case of using design features, the direction represents which design fea-
tures were added to the design earlier in the design phase. If manufacturing features have
been used in the construction of the MDG, then the direction possibly will represent which
operations were performed before which others (for example, if the features are related to
some manufacturing plan). But what meaning does the direction on the edges have to fea-
tures obtained through feature extraction? In the grand scheme of things, there is no clear
meaning. In fact, as stated above the extracted features are “ordered” arbitrarily. There-
fore these directions may result in unintended ambiguity. So instead, defihedmected
Model Dependency GrapftyMDG). The UMDG is defined similarly to the MDG. The
node set consists of the set of features, either design or manufacturing features, and the

edge set consists of edges between any two features between which there is an interaction.

Definition 3: Undirected Model Dependency Graph

An Undirected Model Dependency GrapdMDG) is defined as an undirected graph
G = (V, E). The vertex set is defined &= { f, ..., f.}. The edge set can be defined as
E = {{fi, f;} suchthawol( f;)Nvol(f;) # 0}. Note that is not a regularized intersection.

Theorem 2: Isomorphisms of Undirected Model Dependency GrapbsG, andG, be
two UMDGs for the same solid model resulting from the use of the features resulting from
two executions of a consistent and unambiguous feature extraction systeandG, are

Isomorphic.
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Proof: Let F' = {fo,..., fn} be the feature set resulting from the first execution of the
feature extraction system. Lét= {l,...,[,} be the feature set resulting from the second
execution. The feature extraction system in question is assumed to be consistent and there-
fore, F = L. ThereforeVf; € F, 3l; € L such thatf; = [; andVl, € L, 3f; € F

such thatl, = f;. Therefore, the node set§ andV, of G and G, are the same.

Now take any two verticegy, f; € Vi. Pick out the vertices,,, f, € V5 such that

fr = fm andf; = f,. Note thatvol(f) = vol(f,) andvol(f;) = wvol(f,). Therefore,

vol(fi) Nwol(f;) = vol(fm) N wol(f,). Hence, from the definition of the UMD& an
undirected edg€ f;, fi} € Ey < 3 an undirected edgéf,,, f,} € E.. Therefore, the

edge set#’; andF, of G; andG, are the same and therefarg andG, are Isomorphic.

Theorem 3: Subgraph Isomorphisms of Undirected Model Dependency Grayehss,
be the UMDG for a solid model/. Let G, be the UMDG for the solid model/’ that

results from adding a featur® to solid model). G is isomorphic to a subgraph 6f;.

Proof: Let F' = {fo,..., fu} be the feature set fab/. The feature set foh!’ is F' =
{fo,.--, fn} U{f'}. The node set of?, isV, = F = {fo, ..., f»} and the node set af,
isVo =F'={fo,..., fa}U{f'}. The edge set aF is thereforeF, = E, U{{f’, fi} such
thatvol(f;) Nwol(f') # 0}. Note thatl; C V5. To put this strongeV; = V;, <{f'}. Also
note that; C E, and to say this strongét, = Ey<{{f’, f;} such thavol(f;) Nwvol(f') #
(}. Remove the nod¢’' from V; and remove all edges that haffeas an endpoint fronfs.

You have now obtained’;. Therefore(7; is isomorphic to a subgraph 6.
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3.4 Comparison and Retrieval

To compare the similarity of 2 solid models, test the MDGs of the models for a D-morphism
or for a subgraph D-morphism. Accomplish this by testing the corresponding UMDGs for
isomorphism or subgraph isomorphism. The general problem of determining if there exists
a subgraph isomorphism for a given pair of graphs is NP-complete and the graph isomor-
phism problem is an open question. Therefore, there is currently no known polynomial time
solution for these problems [13]. However, there are two aspects of this problem domain

that can be exploited to significantly reduce this complexity:

e First, it is not necessary to completely solve the isomorphism and subgraph iso-
morphism problems: Since we are only concerned with similarity, knowing if two
UMDG's are “almost” isomorphic is sufficient. Hence, we can use a heuristic method
for the Isomorphism test. Specifically, an algorithm that is a variant of gradient de-
scent (or hill-climbing) that exploits the feature information we have in the design

feature history will be described.

e Second, there is a great deal of domain knowledge present in the CAD model and
in the feature history that can reduce the search space. For example, we will only
consider mappings that compare similar feature types (i.e., holes map to holes, not to
pockets). Additional constraints about vertex degree and size, location, and orienta-

tion can also be considered.

In the following subsections, two graph isomorphism algorithms will be described.
First, 1 will describe a gradient descent approach to the problem. This approach is not
guaranteed to find an isomorphism if one exists, but allows for a measure of similarity based
on the best result obtained from executing some number of restarts of the algorithm. Next,

| describe Ullmann’s algorithm for subgraph isomorphism [45]. And finally | describe a
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variation of Ullmann’s algorithm that employs an A* search and incorporates more nodal
invariants in the initialization. | call this variation of Ullmann’s algorithm #hveSubgraph

Isomorphism Checkear ASIC.

3.4.1 Gradient Descent

In testing for an isomorphism, first, arbitrarily choose an initial mapping between the nodes

of the two graphs (i.e., for each node@f choose at random a node Gf, such that no

two nodes ofG; are mapped to the same node(®f). Next, swap the mappings of the

two nodes that reduce the value of the evaluation function the most. If there is no swap
that reduces the value of the evaluation function, but there are swaps that result in the same
value (i.e., a plateau has been reached), choose one of those at random. The algorithm ends
when either every possible swap increases the value of the evaluation function or it makes
P random moves on the plateau. Valuesfofanging from constant values 8 = |V; >

(whereV] is the vertex set in the smaller graph) have been experimented with.

The evaluation function is the count of the number of mismatched edges. That is, the
evaluation functionH = |E| such thatG, = (V4, Ey) is the smaller of the two graphs
being compared, = (V5, E») is the larger of the two graphs, add = {(u,v) € E;
such that(((paired(u), paired(v)) ¢ E2 A (paired(v), paired(u)) & Es)) V label(u) #
label (paired(u)) V label(v) # label(paired(v)}. As a measure of similarity employ

W whereH,, ..., H, are the values off from up ton ran-

the valueH* =
dom restarts of the algorithm arfg, is the edge set of the smaller graph. The function
“paired(x)” above returns the nodee V5 that is currently mapped to the nodec V;.

This value may be null in the case of subgraph isomorphism testing as not all nodes in the
larger graph may be mapped to a node if the number of nodes of the graphs differs. The

function “label(x)” used above returns the label, or attributes, of the mode
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Algorithm 3.1: Subgraph Isomorphism Approximation (Gradient Descent)
Input: G; = (W1, E1), Gy = (Vs, Es), the two graphs being testeB.is the
number of moves to make on a plateau before giving up.

Output: H = 0 if the graphs are found to be isomorphic or if one is found
to be subgraph isomorphic to the other. Otherwigas returned wheré{

is the number of mismatched edges when the algorithm halts.

| SOMORPHISMAPPROXIMATIONGRADIENTDESCENT(GY, G2, P)

(1) Pairings = GETRANDOMPAIRINGS(G1, G2)

2 i=0

(3) BestResult = H(G1,Gs,Pairings )

(4)  while (BestResult > 0)A (i < P)

(5) if H(Gy,Go,APPLYSWAP(Pairings ,BestSwap)) < BestRe-
sult

(6) Pairings = APPLYSwAP(Pairings ,BestSwap )

(7) 1=0

(8) BestResult = H(G1,G,, Pairings )

(9) else

(10) if H(G1, Gy, APPLYSWAP(Pairings ,BestSwap )) = BestRe-

sult

(11) Pairings = AppPLYSwWAP(Pairings,BestSwap )

(12) t=1+1

(13) else

(14) i=P

(15) return BestResult

The node labels may contain as little or as much information as you choose. For the
experiments that are described later, the node labels were simply the type of feature, such
as “hole” or “pocket”. However, by incorporating more information into the node labels
such as dimensions or orientation, you may restrict allowable mappings which will increase
the algorithm’s performance by reducing the search space. Incorporating more information
in the node labels will also obtain a more meaningful similarity measure. For example, if
some notion of dimension was incorporated into the labels then a really large block with a

tiny hole will not be found similar to a little block with a larger hole.

Algorithm 3.1 is the algorithm developed and described for the Subgraph Isomorphism

Test using gradient descent. In the algorittiajrings  refers to the mapping between
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Algorithm 3.2: Similarity

Input: G, = (V4, Ey),Go = (13, Ey), the two graphs being comparef.

is the number of restarts.

Output: S = 0 if the smaller of the two graphs is the largest common sub-

graph. Otherwise$ is returned wheré is the smallest result ok restarts

of IsomorphismApproximationGradientDescent divided by the number of

edges in the smaller of the two input graphs.

SIMILARITY (G, G, R)

1 i=1

(2) BestResultThusFar = |SOMORPHISMAPPROXIMATIONGRADIENT-
DESCENT(G1, G2, P)

(3) while (BestResultThusFar > 0) A (1 < R)

4) BestResultThusFar = min { BestResultThusFar ,|SOMOR-
PHISMAPPROXIMATIONGRADIENTDESCENT(G1, G2, P) }
(5) t=1+1
BestResultThusF
©)  retum Petfiiure:

the nodes of the two graphs. AndEEGRANDOMPAIRINGS returns a random mapping as
described aboved is the evaluation function that counts the number of mismatched edges
given two graphs and a mapping between the nodes in these two gaestSwap is

the swap from the set of all possible swaps between pairings that results in a mapping with
the smallest value foH. APPLYSWAP returns the mapping that results from applying the
given swap to the given mapping. The algorithm is of polynomial time complexity. It takes
O(N?) time to choose the best swap. In the worst possible case, by choosing the best swap
at each step the evaluation function is simply reduced by one and therefore can look for the
best swap as many &5| times. It takes time iV (| E|) to compute the evaluation function.

Also in this worst case, the algorithm reaches a plateau as often as possible anft takes
random moves on each of these plateaux before finding the swap that reduces the evaluation
function. So therefore the worst case complexity of the algorith@(iB * E? x N?). If

P is a constant then the complexity is simgly E? x N?). To obtain a similarity measure,

the smallest result of executions of this algorithm is divided by the number of edges
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Algorithm 3.3: Ullmann Subgraph Isomorphism

Input: G; = (V4, Ey), Gy = (13, E,), the two graphs being tested.
Output: true if the graphs are found to be isomorphic or false otherwise.
ULLMANN (G, G3)

@ M= INITULLMANN (G1, G2)

2 if REFINE(M,G1,G2) =0

3) return false

4) else

5) N = SoRrT(V1)

(6) return ULLMANN DFS(M, G1, G2, N, LENGTH(N)—1)

in the smaller of the graphs. Algorithm 3.2 is the random restart algorithm for similarity
assessment. The similarity algorithm simply calls the gradient descent algoriinmes.

Sincer is constant the complexity @(E? x N?).

3.4.2 Ulimann’s Algorithm

Ullmann’s algorithm for subgraph isomorphism is perhaps still one of the most widely used
algorithms for graph and subgraph isomorphism. Even today, researchers often compare
the performance of their algorithms to that of Ullmann’s. The complete description of
Ullmann’s algorithm can be found in [45].

Ullmann’s algorithm for subgraph isomorphism is a depth first tree search. Each state
in the search space is represented by a matrixThis matrix isn x m where there are
nodes in the smaller graph andnodes in the larger. The matrix elements are O if the
corresponding nodes may not be mapped to each other in any isomorphism and 1 otherwise.
The initial state is generated based on the degrees of the nodes. And although not discussed
in [45], it is clear that to handle attributed graphs simply incorporate the attributes into the
initialization stage. Ullmann’s algorithm proceeds depth-first. Each successor state binds a
node mapping by setting all but one 1 in a row of the matrixo 0. After this binding is

performed, an arc consistency check is made iteratively to each remaining 1 in the matrix
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Algorithm 3.4: DFS for Ullmann Subgraph Isomorphism

Input: Gy = (W4, E1), Gy = (V4, Ey), the two graphs being tested/ is
the mapping matriX/ previously describedV is a sorted list of the nodes
of the smaller graplir;. Level is the current level of the DFS.

Output: true if the graphs are found to be isomorphic or false otherwise.
ULLMANN DFS(M, G, Gs, N, Level)

(1) forall vy in V5 do

2 if M[N[Level],v3] =1

(3) Mnew= BIND(N[Level], M, v3)

(4) if REFINE(Mnew,G1,G2) =0

(5) DO NOTHING

(6) else

(7) if Level =0

(8) return true

(9) else

(10) if ULLMANN DFS(Mnew, G1,G9, N, Level — 1) =true
(11) return true

(12) return false

M. This check is referred to as Ullmann’s neighborhood consistency check. Basically, for
eachm,; = 1in M it checks to ensure that for all neighbaref : in graphG,;, there must
exist a neighboy of j in graphG, such thatn,, = 1. If this condition does not hold,
thenm;; is changed to 0. If all rows o/ have exactly one 1 and all columns &f have
no more than one 1, and if the neighborhood consistency check does not/atlemn A/
represents an isomorphism. Ullmann’s algorithm is described in algorithms 3.3, 3.4, 3.5,
3.6, and 3.7.

The worst case complexity of Ullmann’s algorithm is exponential. This occurs if all or
a large number of the elements of thematrix are 1 and if the refinement procedure fails
to reduce the search space. In practice, this worst case is far from typical as can be seen

later in chapter 4. The initialization stage takegV1| « |V5]) to initialize the M matrix.
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Algorithm 3.5: Initialization Ullmann Subgraph Isomorphism

Input: G; = (V4, Ey), Gy = (13, E,), the two graphs being tested.

Output: The matrixM of allowable mappings between the nodes of the
graphs.

INITULLMANN (G, G5)

() forall v; in V; do

(2) forall v; in V5 do

3) if |[Vi| = |Va| and|E| = | Es]

(4) if DEGREHv;) = DEGREHwv;) and ATTRIBUTES(v;) = AT-
TRIBUTES(v;)

) M{vi,v;] =1

(6) else

(7) M{vi,v;] =0

(8) else

(9) if DEGREHwv;) < DEGREHv;) and ATTRIBUTES(v;) = AT-
TRIBUTES(v;)

(20) Mlv;,vj] =1

(12) else

(12) M[Ui, ?)j] =0

Algorithm 3.6: Bind for Ullmann Subgraph Isomorphism

Input: Node is the node being bound to a mapping/ is the mapping
matrix. Node2 is the node of7, to which Node is being bound.

Output: Returns the new/

BIND(Node, M, Node2)

(1) forall v;in V5 do

(2) if v;! = Node2

(3) M[Node,v;] =0
(4) forall v;in V; do

5) if v;! = Node

(6) M{vj, Node2] =0

@) return M



Algorithm 3.7: Neighborhood Consistency

Input: Gy, = (Vi, Ey),Gy = (Va, Es), the two graphs being tested. The
matrix M of allowable mappings between the nodes of the graphs.
Output: false if there is an all zero row and true otherwise

REFINE(M, G, G3)

(1) do

(2) Changed = false

(3) forall v; in V; do

4) ZeroRow = true

(5) forall v; in V5 do

(6) if Mv;,v;] =1

(7) forall = adjacent tov; do
(8) GoodOne= false

9) forall y adjacent tov; do
(10) if Mlz,y] =1

(11) GoodOne= true
(12) break

(13) if GoodOne= false
(14) M[Ui, ?)j] =0

(15) Changed = true
(16) else

a7 ZeroRow = false
(18) if ZeroRow = true

(29) return false

(20)  while Changed
(21) return true
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Algorithm 3.8: A* for ASIC

Input: Gy = (W4, E1), Gy = (Va, Ey), the two graphs being tested/ is
the mapping matrix/ previously described is a sorted list of the not yet
bound nodes of the smaller graph.

Output: true if the graphs are found to be isomorphic or false otherwise.
ASTAR(M, G,,G5, H)

() S = (REATESTATE(M, H)

2 h(S) = LENGTH(H)

@) 9(5)=0

(4) INITPQUEUE(Q)

(5) ADDTOPQUEUE(Q, S, h(S) + ¢g(95))

(6) while NOTEMPTY(Q)

(7) S = REMOVEMIN(Q®)

(8) M = GETM(S)

9 H = GETH(S)

(20) forall v9 in V5 do

(11) if M[H[h(S) —1],ve] =1

(12) Mnew= BIND(H [h(S) — 1], M, v3)

(13) if REFINE2(M new, G1,G9, Hnew) =0

(14) DO NOTHING

(15) else

(16) if LENGTH(Hnew) =0

a7 return true

(18) else

(29) Snew = QEATESTATE(M new, Hnew)
(20) h(Snew) = LENGTH(Hnew)

(21) g(Snew) =g(S) +1

(22) ADDTOPQUEUE(Q, Snew, h(Snew) + g(Snew) )

(23) return false

3.4.3 A* Subgraph Isomorphism Checker (ASIC)

As stated previously, Ullmann’s algorithm for subgraph isomorphism is still widely used
today. In the worse case, it requires exponential time. But in practice on graphs encountered
in everyday applications, the time complexity is tractable. However, can we do better?

In an attempt to do better than Ullmann’s algorithm for subgraph isomorphism, | de-
scribe theA* Subgraph Isomorphism CheckgkSIC). ASIC is a variation of Ullmann’s

algorithm that incorporates an A* search rather than a depth-first search. It includes some
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Algorithm 3.9: A* Subgraph Isomorphism Checker (ASIC)

Input: G; = (V4, Ey), Gy = (13, E,), the two graphs being tested.
Output: true if the graphs are found to be isomorphic or false otherwise.
ASIC(G4,G))

(1)  M=INITASIC(G1, Gy)

2 if REFINE2(M,G1,G2, H) =0

3) return false

4) else

(5) if LENGTH(H) =0

(6) return true

(7) else

(8) H = SORT(H)

(9) return ASTAR(M,G1,Gs, H)

other modifications as well. ASIC is described in algorithms 3.8, 3.9, 3.10, 3.11, 3.12,
and 3.13.

The first of these modifications is in the initialization of the matkik Ullmann’s
algorithm initializes this matrix solely on the basis of the degrees of the nodes and the
attributes of the nodes. ASIC will instead initializé¢ based om-Region Density The
n-region density of a node is the number of nodes reachable frenalong a path no
longer tham:. If the graphs are of the same size and isomorphism is being tested then for
alln =1,2,..., N <1 then-region density must be the same for any two nodes that are
mapped to each other. And for subgraph isomorphism testing, a node in the larger graph
must have at least as many nodes innitsegion density as does the node in the smaller
graph to which it is to be mapped for all=1,2,..., N < 1. Then-region density for all
n and for all nodes of a graph is easily calculate@ifiv?) time whereN is the number of
nodes in the graph. Also incorporated into the initialization stage is the sum of the degrees
of the adjacent nodes of a node. For isomorphism testing this value must be equal and for
subgraph isomorphism testing this value for a node in the smaller graph must be no larger
than that of a node in the larger graph to which it is mapped. This new initialization stage

is described in algorithm 3.11.
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The next modification is the use of A* search rather than depth-first. Algorithm 3.8
shows this modification. Rather than choosing a successor state at the deepest level of
the search space, ASIC chooses a successorsstdo minimize the functiorf(s) =
g(s) + h(s) whereg(s) is the depth the stateis in the search space ahds) is the number
of yet unbound nodes in the graph. This heuris{ig) is not admissible as the refinement
procedure will remove some 1s from the matfik and possibly result in nodes being
bound as a side effect, but this is not important. We do not care particularly whether or not
we took the optimal path to find the isomorphism as we are only interested in finding an
isomorphism. To calculat(s), the refinement procedure of Ullmann’s algorithm has been
modified and both refinement and this calculatiom.f) are computed simultaneously.
The modified refinement algorithm is described in algorithm 3.10.

The complexity of ASIC in the worst case is still exponential and occurs under the
same conditions as the worst case of Ullmann’s algorithm. | will explore in chapter 4
experimentally how ASIC performs compared to Ullmann’s algorithm. ASIC does however
suffer from a higher complexity initialization stage. To calculate the neighbor degree sums,
if the graph was completely connected, would tékeV) time. To compute the-region
density, you must first compute all pairs shortest path@(iiv?) time. The initialization

stage is therefor® (N?).
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Algorithm 3.10: Neighborhood Consistency with Heuristic Calculation
Input: G, = (V4, Ey),Gy = (Va, Es), the two graphs being tested. The
matrix M of allowable mappings between the nodes of the graphis an
output variable and will upon completion contain a list of the not yet bound
nodes of grapldr .

Output: false if there is an all zero row and true otherwise

REFINE2(M, G+, G, H)

@ do

(2) Changed = false

(3) CLEAR(H)

4) forall v; in V; do

5) ZeroRow = true

(6) NumberOfOnes =0

(7) forall v; in V5 do

(8) if Mv;,v;] =1

(9) forall x adjacent towv; do
(10) GoodOne= false

(12) forall y adjacent tov; do
(12) if M[z,y] =1

(13) GoodOne=true
(14) break

(15) if GoodOne= false

(16) M[Ui, ?)j] =0

a7 Changed = true

(18) else

(29) ZeroRow = false
(20) NumberOfOnes = NumberOfOnes + 1
(21) if NumberOfOnes = 2
(22) APPENDH, v;)
(23) if ZeroRow = true

(24) return false

(25)  while Changed
(26) return true
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Algorithm 3.11: Initialization for ASIC

Input: G; = (V4, Ey), Gy = (13, E,), the two graphs being tested.

Output: The matrixM of allowable mappings between the nodes of the
graphs.

INITASIC(G,, G5)

(1) RegionDensityl = GMPUTEREGIONDENSITY(G)

(2) RegionDensity2 = GMPUTEREGIONDENSITY(G2)

) DegreeSumsl = A CNEIGHBORDEGREESUMS(G1)

(4) DegreeSums2 = A CNEIGHBORDEGREESUMS(G)

5) forall v; in V1 do

(6) forall v; in V5 do

(7) if [Vi| = |Va| and|Ey| = [ Ey|

(8) if DegreeSums1f] = DegreeSums2|;] and ATTRIBUTES(v;) =
ATTRIBUTES(v;)

9 Mlv;,vj] =1

(20) else

(ll) M[Ui, ?)j] =0

(12) break

(13) else

(14) if DegreeSums1f] < DegreeSums2f] and ATTRIBUTES(v;) =
ATTRIBUTES(v;)

(15) Mlv;,vj] =1

(16) else

a7 M{v;,vj] =0

(18) break

(19) for k from 1to |V3| — 1 do

(21) if RegionDensity};, k] = RegionDensity2j;, K]

(22) DO NOTHING

(23) else

(24) M{v;,v;] =0

(25) break

(26) else

(27) if RegionDensityd;, k] < RegionDensity2};, K]

(28) DO NOTHING

(29) else

(30) M{v;,v;] =0

(32) break
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Algorithm 3.12: Neighbor Degree Sum Calculation

Input: G, = (V3, Ey) a graph.

Output: an array DegreeSums containing the sum of the degrees of the
adjacent nodes for each node.

CALCNEIGHBORDEGREESUMS((G)

Q) forall v; in V; do

(2 DegreeSumsf] =0

3) forall v; in V; do

4) forall z adjacent tov; do

(5) DegreeSumsjf] = DegreeSumsj;] + DEGREHx)

(6) return DegreeSums

Algorithm 3.13: n-Region Density Calculation

Input: G, = (V3, Ey) a graph.

Output: an matrix RegionDensity containing the n-Region densities as de-
scribed.

COMPUTEREGIONDENSITY(G)

() Paths = AL PAIRSSHORTESTPATHS(G)

(2) forall v; in V; do

(3) for k£ from 0to |V;]| — 1 do

4) RegionDensity];, k] =0

(5) forall v; in V; do

(6) forall v; in V7 do

(7) if Vj 7'5 Vg

(8) for £k from Pathsp;, v;] to |[Vi| — 1 do

9) RegionDensity;,, k] = RegionDensity};, k] + 1

(10) return RegionDensity
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Chapter 4

Experiments

In this chapter, | will report the results of experimental studies of the algorithms. In sec-
tion 4.1, | present the results of experiments on randomly generated graphs. These exper-
iments were for isomorphism. That is, only pairs of graphs of the same size were tested.
In section 4.2, | present experiments conducted on pairs of randomly generated graphs of
varying sizes. These experiments test each pair of graphs for a subgraph isomorphism. In
section 4.3, | present experiments on MDG graphs. The algorithms have been implemented
in C++ using the LEDA graph library. The MDG experiments were performed on a Sun
UltraSPARC 30 workstation running Sun Solaris 2.6. The isomorphism and subgraph iso-
morphism experiments were performed on a Sun UltraSPARC 10 workstation running Sun

Solaris 2.7.

The randomly generated graphs used for the experiments of section 4.1 and section 4.2
were generated for varying numbers of nodes and edge densities. The edge density of the
graph is the probability that an edge exists between any given pair of nodes. These random

graphs follow the&x,,,, model.
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4.1 Isomorphism Experiments

Figure 4.1 shows surface plots of the timing results for the ASIC algorithm, Ullmann’s
algorithm, and two variations for pairs of isomorphic graphs. Alongatfexis of each

are number of nodes. Along theaxis is the edge density. The edge density is a value
between 0 and 1. Edge density 1 is a complete graph. Edge density O is a completely
disconnected graph. CPU time is on thaxis. As can be seen, Ullmann’s algorithm
performs terribly for isomorphic graphs, especially for very dense graphs. For example,
for 150 node graphs with edge density 0.8, Ulimann’s algorithm takes over 600 seconds.
ASIC performs much better. The plot for ASIC does not go up as steep as Ullmann’s.
The timing results are more uniform across edge densities as well, whereas with Ullmann’s
algorithm, denser graphs take an enormous amount of extra time. Ulimann’s algorithm
with the addition of ASIC's initialization stage performs roughly the same as ASIC. ASIC
has a slight timing advantage not clearly visible in the plots. Both ASIC and Ullmann’s
plus ASIC’s initialization take approximately 30 seconds of CPU time for the 150 node 0.8
edge density case. One particularly interesting thing to note is the performance of ASIC
with relaxed initialization. The initialization was relaxed to only use node degrees, but the
algorithm still uses A* search. For this variation of ASIC, graphs of 300 nodes and edge
density 0.8 only require approximately 60 seconds of CPU time. The surface plot for ASIC
with relaxed initialization is far less steep, although like Ullmann’s denser graphs require

more time.

Figure 4.3 shows the ASIC algorithm, ASIC with relaxed initialization, Ullmann’s algo-
rithm, and Ullmann’s algorithm with the addition of ASIC’s initialization for three different
edge densities: 0.8, 0.5, and 0.2. The data presented is for pairs of isomorphic graphs. In
all cases, ASIC with relaxed initialization far out-performs the other three algorithms by a

large margin. Ullmann’s algorithm performs the worst in all cases for all edge densities.
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Figure 4.1: Surface plots of timing results of (a) ASIC; (b) ASIC with relaxed initialization;
(c) Ullmann’s with ASIC’s initialization; (d) Ullmann’s for pairs of isomorphic graphs.

So it appears that the true power of ASIC is from using A* search. The extra initialization

adds time to the comparison of isomorphic graphs.

Figure 4.2 shows surface plots of the timing results for the ASIC algorithm, Ullmann’s
algorithm, and two variations for pairs of non-isomorphic graphs. Along:thgis of each
are number of nodes. Along theaxis is the edge density. CPU time is on thaxis.
The ASIC algorithm and Ullmann’s algorithm with the additional initialization of ASIC
appear to behave roughly the same. These plots are roughly uniform across edge densi-
ties. Graphs of 150 nodes take approximately 25 seconds to compare. For non-isomorphic
graphs, however, Ullmann’s algorithm and ASIC with relaxed initialization are much faster.

Their surface plots increase at a very slow gradual rate with a few odd cases here and there
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Figure 4.2: Surface plots of timing results of (a) ASIC; (b) ASIC with relaxed initialization;
(c) Ullmann’s with ASIC's initialization; (d) Ullmann’s for pairs of non-isomorphic graphs.

“jumping off the surface.” The odd cases take in the range of 8-10 seconds. Most cases

however, up to 400 node graphs of all densities, require far less time.

Figure 4.4 shows the ASIC algorithm, ASIC with relaxed initialization, Ullmann’s algo-
rithm, and Ullmann’s algorithm with the addition of ASIC’s initialization for three different
edge densities: 0.8, 0.5, and 0.2. The data presented is for pairs of non-isomorphic graphs.
In all cases, ASIC performs roughly the same as Ullmann’s with the addition of ASIC’s
initialization. Also in all cases, ASIC with relaxed initialization performs roughly the same
as Ullmann’s algorithm. These results are to be expected. Considering that the test graphs
in these cases are non-isomorphic and assuming that the neighborhood consistency check

effects both Ullmann’s and ASIC in the same way, both of these algorithms should ex-
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amine the same number of search states regardless of using A* or depth-first search. The
initialization stage should be expected to be the sole cause of timing differences for the
algorithms for non-isomorphic graphs as we have seen.

From these experiments, we can see that ASIC with the relaxed initialization stage is
the best choice for graphs of the same number of nodes and edges. For isomorphic pairs, it
tends to find the isomorphism far faster than the other algorithms examined. This is due to
the guidance of the heuristic in the A* search. And for non-isomorphic pairs, ASIC with
relaxed initialization performs no worse than the other algorithms examined. So is there
any benefit to using the additional initialization stage? This question will be answered in

the next section.
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Figure 4.3: Timing results for pairs of isomorphic graphs of edge densities (a) 0.8; (b) 0.5;
(c) 0.2.



Figure 4.4: Timing results for pairs of non-isomorphic graphs of edge densities (a) 0.8; (b)
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4.2 Subgraph Isomorphism Experiments

Figure 4.5 shows surface plots of the timing results for the ASIC algorithm, Ullmann’s algo-
rithm, and two variations for pairs of subgraph isomorphic graphs of differing sizes. These
experiments search for a subgraph of the larger graph that is isomorphic to the smaller
graph. Along ther-axis of each are the number of nodes of the larger graph. Along the
y-axis is the difference in the number of nodes of the graphs. The edge density of both
graphs is 0.5. CPU time is on theaxis in seconds. These four plots appear to be very
similar to each other and do not appear to suggest any one algorithm having a large advan-
tage over the others. The plots are flat for the particularly small test cases and then as the
graphs increase in size, this flat area begins to have sharp peaks. For all four algorithms,
these peaks appear as the difference in size of the pair of graphs gets further apart. This is
to be expected as the nodes of the smaller graph have a larger number of nodes in the larger
that they may map to. One significant difference in the performance of the algorithms is
that for Ullmann’s algorithm these peaks in the surface begin appearing when the graphs
are closer in size to each other as compared to when they appear in the ASIC algorithm
and in the ASIC with relaxed initialization algorithm. Also note that ASIC appears to be
the best choice of algorithm as the graphs get further apart in size. The peaks in the plot
for ASIC are not as steep as they are for the other algorithm variations. This suggests that
for subgraph isomorphism testing, as the graphs get further apart in size, ASIC with full

initialization is the best choice of algorithm.

Figure 4.6 shows surface plots of the timing results for the ASIC algorithm, Ullmann’s
algorithm, and two variations for pairs of non-isomorphic graphs of differing sizes. These
experiments search for a subgraph of the larger graph that is isomorphic to the smaller
graph. Along ther-axis of each are the number of nodes of the larger graph. Along the

y-axis is the difference in the number of nodes of the graphs. The edge density of both
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Figure 4.5: Surface plots of timing results of (a) ASIC; (b) ASIC with relaxed initializa-
tion; (c) Ullmann’s with ASIC’s initialization; (d) Ullmann’s for pairs of random subgraph
isomorphic graphs of different sizes.

graphs is 0.5. CPU time is on theaxis in seconds. Ullmann’s algorithm appears to be

the slowest for these experiments. Just as with pairs of subgraph isomorphic graphs, there
is significant improvement in the use of the ASIC algorithm for pairs of non-subgraph
isomorphic graphs.

Although we saw that for graphs of the same size, ASIC with relaxed initialization
performed the best, it has been shown here that the true power of the added initialization
lies in subgraph isomorphism testing. This is especially true as the size of the graphs
being tested become further apart. Subgraph isomorphism is a harder problem than graph
isomorphism in terms of complexity [13]. So the added initialization does not overwhelm

the complexity of the overall algorithm for subgraph isomorphism as it does for graph
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Figure 4.6: Surface plots of timing results of (a) ASIC; (b) ASIC with relaxed initialization;
(c) Ullmann’s with ASIC’s initialization; (d) Ullmann’s for pairs of random non-isomorphic
graphs of different sizes.

isomorphism. From examining these results and those of the previous section, we can
conclude that for graphs of the same size or close to the same size, the best choice of
algorithm is ASIC using relaxed initialization. And for graphs of drastically different sizes,

the best choice of algorithm is ASIC with the full initialization stage.
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(a) TEAM (b) TEAM-2

Figure 4.7: Two of the test parts from the DOE TEAM Project. Both of these parts are
available from the National Design Repository at http://repos.mcs.drexel.edu.

4.3 MDG Experiments

A family of 10,002 solid models were generated using the ACIS 3D Toolkit running on
450MHz Pentium Il running Microsoft Windows NT 4.0. These models were pseudo-
random variations on the US Department of Energy’s Technologies Enabling Agile Man-
ufacturing (TEAM) Project test parts pictured in Figure 4.7. These parts have a variety
of standard feature types, such as pockets, slots, holes, counterbore holes, and bosses; in
addition, many of the features interact and intersect, leading to a variety of different possi-
ble orderings for design feature histories and manufacturing process plans. The two parts
pictured have several subtle differences that make them a useful target domain for experi-
mentation.

The random “TEAM part” generator is based on the work of Alexei Elinson at the
University of Maryland at College Park [12]. It operates by varying the number of features,
the location features, and the number of different feature types over the part ( depressions
and protrusions, pockets, holes). For each of the 10,002 models generated, the design

feature history of each model was stored. Using this feature information, the MDG for
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Figure 4.8: The MDGs for the randomly generated Query Models.

each model was generated and converted to UMDG form.

Next, two arbitrary Query Models were selected from the set of 10,002 random models—
these are shown in Figure 4.9. The figure shows the design histories of these parts; their
MDG graphs are shown in Figures 4.8 (a) and 4.8 (b). Each of the query parts was com-
pared to each part from the set of randomly generated parts. To perform MDG comparison,
the random restart gradient descent algorithm was used with number of restarts fixed at
1000. These matching tests searched for a subgraph of the larger of the query UMDG and
the given UMDG from the set of 10,002 that was isomorphic to the smaller. The match-
ing algorithms are implemented in C++ using the LEDA graph library. The tests were

performed on a Sun UltraSPARC 30 workstation running Sun Solaris 2.6.

Figure 4.10 shows the results of these two queries. The histograms show that each query
model partitioned the set of 10,002 random parts into distinct subsets, based on the result of
the subgraph isomorphism test. For both query parts, there was a high percentage of parts
found to be “similar.” This is to be expected, since the set of parts consist of a family of

parts generated at random from a limited set of operations based on the TEAM parts. This
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Figure 4.9: Two randomly generated query models with their design feature histories.

is also to be expected because the nodes of the UMDGs were attributed only with feature
type. If other attributes such as dimension, orientation, tolerances, and so forth had been
used then it could be expected that the models would have been distributed more uniformly
across similarity classes or possibly more heavily clustered toward the less similar range.

For both queries, the query models were successfully retrieved.

Results for Query Model 1. For Query Model 1, 3128 models were found such that
their SMDGs were subgraph isomorphic to that of the query model or that the SMDG of

the query model was subgraph isomorphic to it. Among this set was the query model itself.
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Also among this set was model (a) in Figure 4.10. If you look at this model you will see
that, like Query Model 1, it consists of two pockets each cutting through two faces, one
with 2 holes and the other with 3 holes. Also common to @trery Model 1 and (a) is

a slot adjacent to one of the pockets. These two parts are very much alike. In fact, in this
case, the parts were not only subgraph isomorphic, but were actually isomorphic.

Next, notice model (b). This model was among 2406 models where the ratio of “mis-
matched” edges to total edges at the completion of the matching test was greater than 0 but
less than or equal to 0.125. The actual value of this particular case was 0.07. Aside from
the interaction between one of the pockets and the siQuiery Model 1, the UMDG for
the query model would be isomorphic to that of model (b).

Models (c), (d), (e), and (f) were in the next four groups shown on the histogram for
query 1 respectively. Model (c) has an additive feature on one of its side faces while the
guery model had no such feature. Model (d) has 5 pockets and holes in each and lacks the
slot that theQuery Model 1 has. Model (e) has two additive features on two of its side
faces while theQuery Model 1 has no such additive features. None of the edges of the
UMDG of model (f) matched any of that of the query model. This part has one additive
feature at one end and no other features. The query model does not have an additive feature

like this one.

Results for Query Model 2. For Query Model 2, 2440 models were found such that

they were subgraph isomorphic to the UMDG of the query model or that the UMDG of the
guery model was subgraph isomorphic to it. Among this set was the query model itself.
Also among this set was model (g) in Figure 4.10. If you examine these two models, you
will see that each has an additive feature on one side face and each has two pockets each
cutting through two faces with holes in each. They are very much alike.

Model (h) is one of 3923 models with a ratio of mis-matched edges to total edges
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greater than 0 and less than or equal to 0.125. This ratio for model (h) was actually 0.09.
The difference between these two models is that (h) has a slot @hiey Model 2 has
an additive feature on on of its side faces.

Models (i), (j), (k), and (I) are in the next four groups on the histogram. Model (i) has
two slots not in the query model and the query model has the additive feature on one of
the side faces. Model (j) is the same model as (d). This model was about the same in
dissimilarity to both query models. The UMDG of model (k) is a 50 percent match to that
of the query. This model has a pocket cutting through two faces with one hole through the
pocket. Similarly the query model has a pocket like this. Model (k) also has two slots, but
the query model does not. Every edge in the UMDG for model (I) was mis-matched when
compared to that oQuery Model 2. Model (I) has a slot in two of its side faces and no

other features. The query model has no slots.

Statistics. All 10002 models used in this experiment along with their design history are
available as ACISsat files at http://repos.mcs.drexel.edu/CICIRELLO-THESISDATA.

To compareQuery Model 1 against all 10002 models took a total of 23 hours, 17 min-
utes, and 23 seconds of CPU time on the Sun UltraSPARC 30 (an average of 8.38 seconds
per comparison). The fastest comparison took less than 0.01 seconds. The slowest compar-
ison took 183.35 seconds. There were a few cases where the random initial starting point
represented an isomorphism, but this was a rare occurrence. On average, the algorithm
made 3153 swaps of node mappings with a high of 7699 node mapping swaps.

To compareQuery Model 2 against all 10002 models took a total of 14 hours, 8 min-
utes, and 33 seconds of CPU time on the Sun UltraSPARC 30 (an average of 5.09 seconds
per comparison). The fastest comparison took less than 0.01 seconds. The slowest compar-
ison took 104.37 seconds. There again were a few cases where the random initial starting

point represented an isomorphism, but again this was a rare occurrence. On average, the
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Table 4.1: Accuracy of the Gradient Descent Algorithm using 1000 random restarts.

Query | Found Isomorphic Actual Isomorphic Percent Accurate

1 3128 3515 88.99

2 2440 2611 93.45

algorithm made 3026 swaps of node mappings with a high of 6493 node mapping swaps.

Table 4.1 shows how accurate the gradient descent algorithm is. For 88.99 percent of the
UMDGs subgraph isomorphic to the UMDG of Query model 1, the subgraph isomorphism
was found. For 93.45 percent of the UMDGs subgraph isomorphic to the UMDG of Query
Model 2, the subgraph isomorphism was found.

If you are willing to trade off accuracy for time, then fewer random restarts result in
faster runtimes. But, the gradient descent algorithm will find the isomorphism when it
exists less often. Table 4.2, table 4.3, and table 4.4 show the accuracy of the gradient
descent algorithm with 100, 10, and O restarts, respectively. If you reduce the number of
restarts to 100 then for query 1, 80.06 percent of the subgraph isomorphic pairs were found
to be subgraph isomorphic and for query 2, 90.46 percent of the subgraph isomorphic pairs
were found to be subgraph isomorphic. And for queries 1 and 2, respectively, with no
restarts, 74.82 percent and 88.85 percent of the subgraph isomorphic pairs were found to
be subgraph isomorphic. So in terms of similarity assessment, it is not really necessary to

have high numbers of restarts.

ASIC and the UMDG. Next, these same experiments were executed using the ASIC
algorithm, Ullmann’s subgraph isomorphism algorithm, and the two variations discussed

previously. The disadvantage of these algorithms is that they only detect whether or not
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Table 4.2: Accuracy of the Gradient Descent Algorithm using 100 random restarts.

Query| Found Isomorphic Actual Isomorphic Percent Accurate
1 2814 3515 80.06
2 2362 2611 90.46

Table 4.3: Accuracy of the Gradient Descent Algorithm using 10 random restarts.

Query| Found Isomorphic Actual Isomorphic Percent Accurate
1 2616 3515 74.42
2 2317 2611 88.74
Table 4.4: Accuracy of the Gradient Descent Algorithm using 0 random restarts.
Query | Found Isomorphic Actual Isomorphic Percent Accurate
1 2630 3515 74.82
2 2320 2611 88.85
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Table 4.5: CPU performance of various algorithms on query 1 in seconds.

Algorithm Total Time Average Longest Shortest
ASIC 188.72 0.019 0.37 <0.01
ASIC (relaxed) 41.61 0.004 0.11 <0.01
Ullimann’s 61.11 0.006 04 <0.01
Ullmann’s (ASIC init) 180.5 0.18 0.32 <0.01

Gradient Descent (1000) 83843.82 8.38 183.35 < 0.01

Gradient Descent (100)|] 9396.74 0.94 18.55 < 0.01

Gradient Descent (10) | 1011.42 0.101 207 <0.01

Gradient Descent (0) 101.77 0.0102 0.22 <0.01

a subgraph isomorphism exists and do not provide an easily quantifiable estimation of
“similar” the graphs are. However, these algorithms perform far faster than the gradient
descent approach. Timing results for both query 1 and query 2 can be seen in table 4.5
and table 4.6, respectively. For query 1, ASIC with relaxed initialization performed the
fastest. For query 2, Ullmann’s outperformed ASIC with relaxed initialization by a very
small margin. ASIC with complete initialization for query 1, the worst case was better than

Ullmann’s worst case, although on average it was slower.

Even with no restarts the gradient descent algorithm still does not compete with ASIC
in terms of time performance. However, the gradient descent algorithm provides a measure

of similarity based on the lowest value of the evaluation function. This is an advantage
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Table 4.6: CPU performance of various algorithms on query 2 in seconds.

Algorithm Total Time Average Longest Shortest
ASIC 167.21 0.017 0.38 <0.01
ASIC (relaxed) 36.74 0.004 0.11 <0.01
Ullmann’s 25.63 0.003 0.06 <0.01

Ullmann’s (ASIC init) 151.88 0.015 0.33 <0.01

Gradient Descent (1000) 50913.13 5.09 104.37 < 0.01

Gradient Descent (100)| 5467.47 0.55 1148 <0.01

Gradient Descent (10) 622.87 0.062 1.33 <0.01

Gradient Descent (0) 70.59 0.007 0.14 <0.01
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over the ASIC algorithm. The ASIC algorithm determines isomorphism and subgraph iso-
morphism quickly but does not provide such a measure of similarity in the case when no
isomorphism exists. An attempt was made to use the minimum value of the heuristic func-
tion as a measure of similarity. However, it was not found to be useful. The result was that
all of the isomorphic or subgraph isomorphic graphs to the query graph were partitioned
into one set. And all but a few of the non-isomorphic graphs were in another set at the
highest possible value of the heuristic. The few remaining cases were scattered between.
These few cases accounted for less than 1 percent of the cases. This is good and bad news.
The good news is that it means that the ASIC algorithm for subgraph isomorphism testing
of UMDG graphs eliminates most non-isomorphic cases almost immediately, either with
the initialization stage or with the neighborhood consistency check. The bad news is that

the heuristic value cannot be used as a measure of similarity.
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Figure 4.10: Example output data from examining subgraph isomorphism over the database
of 10,002 solid models for the two query models in Figure 4.9. The histogram shows the
number of models (from the 10,002 in the database) that fall into distance categories based
on the subgraph isomorphism test. Read from left-to-right, the returned models are in order
of decreasing similarity to the query model.
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Chapter 5

Conclusions

5.1 Contributions

This thesis has presented an approach to the problem of retrieving solid models from
knowledge-bases of CAD data based on the similarity of the models’ structure. The idea
is to enable the intelligent retrieval of solid models along with other data related to the

parts that these models represent. The ultimate goal is to improve the techniques in which

knowledge-bases of CAD data are managed in a positive way.

The retrieval techniques presented are based on comparing solid models for feature-
based similarity. This thesis has defined similarity to mean similar in shape or structure.
More specifically, it has defined similarity to mean that two models have the same features
and feature interactions. To accomplish this feature-based similarity assessment, represen-
tations of features and feature interactions, termedvbdel Dependency GraptMDG)
and alternatively th&ndirected Model Dependency Grapiave been developed. These
representations make use of a very general definition of a feature as a structural or vol-
umetric property of the solid model and are not specific to any one definition of feature.
The MDG and UMDG prove useful for representing manufacturing features and feature
interactions as well as design features. Constructive solid geometry (CSG) primitives may

also be seen as features under this definition of feature. The MDG and UMDG also par-
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tially handle the problem of variation and non-uniqueness associated with design feature
histories.

Upon defining the MDG and UMDG, algorithms for the comparison of solid models
based on these representations were developed. These algorithms determine if two solid
models are similar in structure based on features by checking for a graph isomorphism or
a subgraph isomorphism between the UMDGs associated with the solid models in ques-
tion. One of the comparison algorithms that are described is an inexact method based on
a gradient descent approach to the problem. This algorithm is not guaranteed to find an
isomorphism if it exists but it allows for a measure of similarity. This measure of similarity
can be seen as a sort of “approximation” to the largest common subgraph problem. | put
approximation in quotes as the algorithm does not guarantee the solution to any degree of
certainty. If the size of the largest common subgraph found by the gradient descent al-
gorithm is some “large” percentage of the UMDGSs in question then the associated solid
models are considered to be similar in structure based on features and feature interactions.

Another approach to the comparison problem that has been described is a fast subgraph
isomorphism algorithm named ASIC that uses the A* search technique. This algorithm has
proven to be fast in comparisons of UMDGs, but has a drawback: although it is guaranteed
to find an isomorphism or a subgraph isomorphism if it exists, if an isomorphism or a
subgraph isomorphism does not exist it does not allow for a measure of how “close” the
graphs are to being isomorphic.

The ASIC algorithm is not limited to the CAD model comparison problem and can be
used for comparing other types of graphs as well, other than the UMDG, for isomorphism
and subgraph isomorphism. ASIC has proven to be far faster than Ullmann’s subgraph
isomorphism algorithm [45] when comparing graphs of the same size for isomorphism.
For graph isomorphism testing, the relaxed initialization variant of the ASIC algorithm

has proven to be far faster than ASIC itself suggesting that the true power of the ASIC
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algorithm lies in the A* search technique. But as the size of the target graphs diverge, the
added initialization of ASIC results in faster subgraph isomorphism comparisons. These
results suggest the use of ASIC with relaxed initialization if the graphs are close in size and
the use of ASIC with full initialization if the graphs vary greatly in size.

The data structure calledModel Dependency Grapmnd its variation, th&ndirected
Model Dependency Graplalong with the subgraph isomorphism algorithms described,
can be used to manage knowledge-bases of CAD and Solid Modeling data. These data
structures and algorithms can be used as the basis for a search and retrieval mechanism
for a CAD knowledge-base. These algorithms may also prove useful in the development of
case-based design and variant design systems as well as case-based manufacturing systems.
It is my belief that this representation scheme and these comparison algorithms will have
an impact on the way CAD models are retrieved.

Based on the UMDG and the gradient descent algorithm, it has been shown that one
can create query artifacts that partition the database of solid models into different classes—
based on how similar in structure each model is to the query model. It is believed that
this approach can be refined to detect meaningful part classes and families in large sets of
engineering models. This can form the basis for more intelligent Product Data Management

(PDM) systems and tools for variational design and variant process planning.

5.2 Limitations

Non-unique Design Histories. The MDG and UMDG deal with the non-uniqueness of
design histories and of the CSG representation of solid models to some degree. But it does
not handle all cases of ambiguity. Any given CAD system may have its own set of design
features and operations. There is no standard set of design features and design operations

across all CAD systems. Individual designers may also design the same artifact in differ-
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ent ways using different features even given the same CAD system. The representations
described will circumvent the problem of non-uniqueness given different orderings of the

same set of features or operations that produce the same artifact but is limited to this.

Consistent Feature Set. Regardless of whether design features or manufacturing features
are used, it is a requirement that this is a consistent set of features across the database of
solid models. If one model is represented using the feature set of one feature recognition
system and a second model from the feature set of another feature recognition system then it
would be essentially meaningless to compare the resulting UMDGSs. The same is true with
design features from CAD systems. The models under comparison must be represented

using a consistent set of design features.

Strongly Regular Graphs. The UMDG does not tend to be strongly regular. So for
the comparison of solid models this is not a limitation. However, it was noted that the
ASIC algorithm could potentially be used for subgraph isomorphism tests of other forms
of graphs. One class of graphs for which ASIC should not be used is that of strongly
regular graphs. For these graphs, as with Ullmann’s algorithm, the worst case exponential
time complexity will be reached. In addition, the worst case exponential space complexity

will be encountered as well.

Space Complexity. Although the worst case exponential space complexity of ASIC does
not seem to appear in practice, constrained space may still potentially cause a problem.

One possible solution may be to investigate the udeeodtive Deepening A{IDA*).

Scalability. The empirical results show that the ASIC algorithm is practical for graphs
of up to 200 nodes or so. Also, graphs of 1000 nodes have been tested for isomorphism

with the ASIC algorithm in under an hour on a Sun UltraSPARC 30. Relaxed initialization
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saved some time in this case and took roughly 15 to 20 minutes. These 1000 node graphs
were unattributed. With the addition of node attributes this time can be reduced. But 20
minutes for one test case is too long in terms of retrieving from a database if several of
these comparisons must be performed. Perhaps simplifying the UMDG representation of a
large complex model by combining multiple features into a single node may be a solution.

For example, combining a group of holes in the model into a single node of the UMDG.

5.3 Future Work

Database Problem. In developing a CAD knowledge-base, it will be necessary to de-
velop techniques to reduce the number of CAD models to examine in performing the
search. Knowledge-bases of CAD data can potentially be gigabytes in size. It would be
infeasible to test a query UMDG against every UMDG in the knowledge-base for subgraph
isomorphism. Some possible solutions to this future problem may include using the depth-
pruned decision-tree technique of [30] as an index into the knowledge-base. Although this
technique generates a decision tree of exponential size, if the tree is pruned to some depth
then it may be of tractable size and may prove useful as an index. It can also provide a
starting point for ASIC more finer than obtained through its initialization procedure.

Another possible direction to pursue is the use of the determinant as an index. The
determinant of the adjacency matrix of a graph is equal to that of any graph to which it is
isomorphic [18]. This is a necessary but not a sufficient condition for isomorphism. It may
prove a useful indexing technique for the UMDGs of a CAD knowledge-base.

Other possible directions to pursue with regards to the database problem include pre-
computing thex-Region density of the UMDGs and storing this information in the database.
This would greatly enhance the performance of the ASIC algorithm considering its biggest

bottle-neck appears to be the initialization stage.
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Machining Features. All experiments involving the MDG and UMDG presented in this
work have been performed using design features. Future explorations will include the use
of manufacturing features obtained from the use of a feature recognition system (such as
FBMach from Allied Signal Inc. [7, 16]). It may also prove desirable to index the models of

a CAD knowledge-base using both design features and machining features for alternative

views of the data.

Node Attributes. It will be desirable to make use of more attributes on the nodes such
as position, dimensions, orientation, tolerances, and materials of the feature they represent.
The experiments presented in this work made use of the type of feature such as hole, slot,
pocket, and so forth but did not consider any of these other possible attributes. Using
more attributes on the nodes will reduce the search space of the problem resulting in faster
comparisons and will also require that two models be more “similar” in structure in order

for a match to occur.

Other CAD Data. The experiments presented and described in this work incorporated
mechanical engineering models. But the approach is not limited to solid models of this
type. Similar experiments can be performed on other forms of CAD data such as civil

engineering data like bridges, buildings, roads and so forth.

Assemblies. The techniques described are not limited to solid models of individual parts.
The ASIC algorithm for subgraph isomorphism as well as the gradient descent algorithm
for inexact comparisons can be applied to assembly contact graphs for electro-mechanical
assemblies. In this way, knowledge-bases of electro-mechanical assemblies may be devel-
oped with intelligent retrieval systems. An assembly planning system can also incorporate

these algorithms for the retrieval of assembly plans for similar assemblies.
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National Design Repository. It will also be desirable to perform larger-scale experi-
ments on large knowledge-bases of real designs such as those contained in the National
Design Repository (http://repos.mcs.drexel.edu), whereas the experiments presented have
been performed on pseudo-randomly generated variations of a test part using design fea-
tures. The UMDGs of the parts of the National Design Repository can be generated using
machining features extracted using feature recognition techniques. The models may then
be indexed based on these UMDGs. A World Wide Web based search engine incorporating
the ASIC and gradient descent algorithms can then be developed to search the repository.
This could enable researchers from around the world to search the National Design Repos-

itory in a more efficient manner.
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