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Abstract

The snake-in-the-box problem was posed by Kautz/[5] in the mi@xt of coding theory in
1958 and is essentially the problem of nding thdongestpath in an n-dimensional hyper-
cube subject to a simple set of constraints. Finding the loegt path for dimensions greater
than 7 is an open problem and cannot be solved with exhaustigearch techniques due to
explosiveness of the search space. Many interesting andatiee techniques have been used
to try to solve this problem, and this thesis continues that tadition by developing a novel
computational and visualization framework aimed to speelyi facilitate the evaluation of
computational heuristic ideas.
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Chapter 1

INTRODUCTION

The purpose of this research is to develop a comprehensivanfiiework to help future
researchers solve the snake-in-the-box problem. The terrmomprehensive" is used because
the framework strives to bridge the gap between theoreticahathematical approaches and
purely heuristic approaches. The snake-in-the-box prolbste is that of nding the longest
open-path in a multi-dimensional hypercube. In order to unerstand the contributions of
the framework, it is important to rst understand snakes andhypercubes. In([3], Harary
introduces standard hypercube terminologyQ, represents ann-dimensional hypercube.
The vertices of the hypercube can be labeled with binary digi For dimensionn, the Q,
graph has 2 vertices. All edge connected vertices have a hamming distanof 1. Hamming
distance refers to the number of bits in which two binary digs di er. For example, the
binary digits 0001 and 0000 have a hamming distance of 1 whil®01 and 1110 have a

hamming distance of 4. The hypercube is de ned recursively.

Qi=Ky Qn=K; Qn (1.1)

Equation|1.1 can be understood by imagining the complete grh on 2 vertices (a line
segment along the x-axis). To get fron@Q; to Q,, draw lines from the vertices 0fQ; in the
direction of the y-axis. Thus, Q, is a square with a vertex at each corner. To get fror®,
to Qs (a 3 dimensional cube), extend the square towards the z-axis general, going from
dimensionn 1 to n involves projecting a copy ofQ, ; onto some new axis and connecting

all the vertices between theQ, ; graph and this projected copy.



Table 1.1: Moves for an optimal dimension four snake

Snake Move (edge) Skin Set Possible Move
0000-0001 0010,0100,1000 0011,0101,1001
0001-0011 0010,0100,1000,0101,1001 0111, 1011
0011-0111 0010,0100,1000,0101,1001,1011 0110, 1111
0111-0110 0010,0100,1000,0101,1001,1011,1111 1110
0110-1110 0010,0100,1000,0101,1001,1011,1111 1010,1100
1110-1100 0010,0100,1000,0101,1001,1011,11112,7010 1101
1100-1101 0010,0100,1000,0101,1001,1011,1111,1010

The snake-in-the-box problem has been described quite wiel[8] and [9], but an example
that shows how hypercube vertices become inaccessible agsult of \moves" of the snake
will serve as a useful reference. Figure 1.1 shows a four-dimsional hypercube in two panels
that are side by side. The image on the left panel shows binatgbeled vertices with the
right-most bit being the least signi cant. The snake startsfrom vertex labeled '0000' and
proceeds to '0001'. The basic rule of the snake-in-the-borgblem is that any vertex adjacent
to a vertex on the snake path is inaccessible. Inaccessibkrtices are known as the \skin".
At times, it will be useful to refer to the collection of inacessible vertices as the skin set.
Table 1.1 demonstrates a list of moves showing a growing sldat when nding the optimal
dimension 4 snake.

Students learning about the snake-in-the-box problem cononly ask if the choice for
the start vertex makes a di erence. The answer is no becausé the symmetric nature of
the hypercube. This has led to the de nition of acanonicalsnake. A canonical snake always
starts from the O vertex. Another de ning characteristic ofthe canonical snake limits the
number of early choices a snake has. For example, table 1.bwh that the rst move is from
0000 to 0001. Actually, the only choice for a canonical snai®0001 because the rule states

that if the snake aims to climb to a higher dimension (i.e., p a bit to 1), and there is a choice



Figure 1.1: An example of a 4-dimensional hypercube with kany (left) and integer labeled
vertices (right). All canonical snakes start from 0000. Thedges are color coded so that each
color corresponds to a change in a particular bit/dimensianFor example, all yellow edges
represent jumps along the 4th dimension. The image to the hgshows (in black) the edges
that compose the snake built from Tablé 1]1. While the path i$orming, any vertex that is
adjacent to a vertex on the snake path but is not on the snake gabecomes inaccessible.
Inaccessible vertices are referred to as skin, and the whiéeelges connected to skin vertices
are also inaccessible.



among higher dimensions that have not been visited (in thisase the choices are dimensions
1 (0001), 2 (0010), 3 (0100) and 4 (1000) because no bits haeeib ipped before the rst
move, then the snake must climb to the lowest of the unvisitedimensions (dimension 1). In

[6], Kochut discusses the reduction in search space due teth! symmetries of the n-cube.



Chapter 2

OVERVIEW OF THE FRAMEWORK

The framework can be thought of as a heuristic development ronment. Its goal is to
inspire new heuristic ideas that improve our understandingf the snake-in-the-box problem.
It oers tools and APIs that help researchers gain intuition for snake paths in multi-
dimensional hypercube space. It also o ers a branch and badisearch module and an inter-
active visualization environment (IVE). Each module can baised independently or can be
made to work together. This thesis will describe how this igraction can take place, but for
now consider only the branch and bound search module as a dfafone piece of function-
ality. Wikipedia [11] describes branch and bound perfectlgs itp ertains to the framework.
\Branch and bound (BB) is a general algorithm for nding optimal solutions of various
optimization problems, especially in discrete and combitarial optimization. It consists of a
systematic enumeration of all candidate solutions, wherarge subsets of fruitless candidates
are discarded en masse, by using upper and lower estimatecubds of the quantity being
optimized" (Wikipedia, 2007). The BB implementation in the framework attempts to opti-
mize the length of the longest snake and supports the abilitip pre-de ne a set of partial
paths in the hypercube through which the snake path is constined. Henceforth, the search
module will be referred to as PPBBSM to mean the partial path anch and bound search
module. The PPBBSM is e ective because the environment arod the partial path ends
improves the ability to reason about the upper bound snakength for a given partial path
con guration.

The PPBBSM works by doing a depth rst search from a pre-de nd start (forward)

path from the O vertex and automatically connects and mergewith partial paths when

5



necessary. A conservatively de ned start path is (0-1-3-7he initial path shared by all
canonical snakes. After each automated move, many consties are checked and the search
continues if none are violated. The PPBBSM also works with vt it calls a backward path.
A backward path can be induced as a result of the systematicriward path moves enumerated
by the PPBBSM. When a partial path is rst de ned in the initia | con guration, one of its
partial path ends may have several accessible neighbors.wéver, as the PPBBSM grows
the forward path via the depth rst search, this partial path end's neighbors may all become
inaccessible (skin). When this happens, the PPBBSM can regaze that the partial path end
would be a dead end for the snake when the forward path is focceo merge with it. Thus,
what once was a partial path can end up becoming the backwardcih. Once this happens,
there can be no other dead ends for the other partial paths begase the nal snake cannot
have two terminal endpoints. It can only have one starting wex (0 for canonical snakes)
and one terminal vertex. If this were to happen, the PPBBSM add backtrack immediately.

Throughout the discussion thus far, there has been constantention of an initial partial
path con guration. A fair question concerns the source of th initial partial path con gura-
tion. What are the rules that govern a good initial set of paral paths? It seems irrelevant
that the PPBBSM improves the time it takes to nd an optimal snake through an initial
con guration if the initial con guration is itself awed. T he same questions also pertain to
the notion of \seeding" found in the literature. In [1] for example, good snakes from lower
dimensions are used as seeds in higher dimension searcheshdse cases, researchers are
hypothesizing about what makes a good initial seed. It woulle nice to be able to validate
such hypotheses with intuition gained from visual evidenc&he k-cube heuristic discussed
in chapter 4 provides an example of how the IVE supports thisitkd of validation. This
approach o ers a generalization of an initial seed which ishewn to produce interesting
results.

The issue of partial path placement was another motivatingatctor for the development

of the interactive visualization environment (IVE). The features of the IVE are discussed in



detail in section 2.2, but the main idea is that it is an envirament that provides information
about partial path con gurations. The IVE visually displays properties that can be of direct
use in the development and validation of heuristics. Users arbitrarily create any legal
partial path con guration and all de ned paths are interactively editable. The IVE does
not allow illegal snake-in-the-box moves and at times prades an informative error message
when the user tries to make such moves.

The framework's comprehensive label comes from the fact thiss main components are
highly extendable in a cooperative fashion. The PPBBSM endds a speedy answer to the
guestion of the longest possible snake through a given setpafrtial paths (chapter(3). An
uninformed approach would be to perform a basic depth- rstesarch using nothing more than
an adjacency matrix. Appendix B shows that the PPBBSM reliesn a sophisticated object-
oriented model of a hypercube and its paths to give informatn about the promise of a
particular line of search. The uml class model in appendix B.shows that this model has the
vocabulary to check for the satisfaction of many types of catraints. Section 2.4 discusses the
main constraints made possible by the object-oriented mold&hese constraints are checked
after each forward path move. As such, the PPBBSM can be used an evaluation measure
for other heuristic search strategies because it signi ctlp improves the time it takes to nd
the longest snake through the initially de ned paths. This @inctionality supports viewing
the problem from the perspective of how to evolve the ideal g¢ement of a small number
of initial partial paths. The IVE allows for the meaningful visualization and validation of
a partial path placement strategy. Chapter 4 introduces arnteérative improvement heuristic
approach that elegantly solve€); and performs respectably irQg. When solving dimension 7,
the iterative improvement technigue evolved partial path on gurations containing 3 partial
paths with only 3 vertices speci ed on each path. This apprad was inspired by intuition
gained from working with the IVE. The extension points have ben carefully considered so
that the framework can also be of relevant use to future resehers. The PPBBSM can be

extended in two main ways. As previously described, the PPBEBMV uses a depth- rst search



from the forward path through the hypercube. When necessarig merges with partial paths
along the way. By default, the PPBBSM exhaustively tries ewy accessible neighbor of every
vertex on the forward path end. The existence of partial pathreduces the branching factor,
but this reduction is still insigni cant in higher dimension hypercubes. The framework o ers
utility methods that supply valuable information that can be used to limit the number of
choices to consider at each step. For example, gure B.2 sh®what the SnakeUtils java
class can return the mean degree in terms of accessible \@$ for a given list of vertices.
This could be used as part of a heuristic approach that rankdtarnative move choices. The
SubCubeGenerator allows one to track properties of any suldwe in the hypercube. This
was useful when implementing the k-cube heuristic, which wstrains the snake to follow
an initial path de ned by a chain of sub cubes. The framework elnes a Java interface
called the ForwardNeighborSelector. Any implementation fothe ForwardNeighborSelector
has access to these utilities. The choices can be limited byitmg a ForwardNeighborSelector
implementation that returns only a subset of all neighborsrébm the forward path end. The
PPBBSM visits only the forward neighbors provided by an im@mentation of this interface.
The k-cube heuristic approach is also an example of how intioin from the IVE can lead to an
informed implementation of the ForwardNeighborSelectonterface. This approach allows for
the speci cation of a high level search plan that de nes thenitial \shape" of the snake's start
path. It is the IVE that gives us the ability to meaningfully discuss notions such as the shape
and rationale (see Section 4.1) of successful snakes. Thex®an unprecedented vocabulary
to the heuristic development e ort. It is in this sense that ve refer to the framework as a
heuristic development environment.

The second extension point is the UpperBoundEstimate inteace. The PPBBSM back-
tracks when constraints are violated. A thorough treatmenbf these constraints can be found
in section 2.4, but the upper bound constraint is one such cstmaint that is checked after
every forward move of the PPBBSM. The PPBBSM is initialized wth a con guration le

(see Appendix A.1) that allows for the speci cation of a desed lower bound. For example,



if the lower bound property had the value of 25 for a search inimdension 6, the PPBBSM
would not return a snake with a length less than 25. The idea that a researcher's growing
mathematical understanding of the problem can be encapstda in the implementation of

the UpperBoundEstimate Java interface. Section 2.4.1 shevthat the UpperBoundEstimate

implementation can work with properties of a partial path ca guration to produce an esti-

mate for an upper bound. When the upper bound estimate fallsetow the desired lower
bound, the PPBBSM backtracks. A more sophisticated upper humd implementation means
more fruitless regions of the search space can be discardgdle PPBBSM when the esti-
mate falls below the desired lower bound. This is the way in w¢h the framework bridges the
gap between a theoretical mathematical approach and traddnal heuristic approach. The
reasoning in section 2.4.1 is an example of the type of thetical mathematical reasoning

that the UpperBoundEstimate extension point allows.

2.1 RELEVANT APPROACHES IN THE LITERATURE

The idea for the extensible framework has been inspired byrse truly creative work from
previous researchers. In [1], Casella and Potter use a pogidn-based stochastic hill-climber
(PBSHC) as an evolutionary approach to nding snakes. The PBBSM and IVE have been
motivated by the desire to improve tness evaluation measws for creative approaches such
as the PBSHC.

In [6], Kochut is actually searching for longestoils, which are like snakes but must return
in the end to the start node (closed-path). He discusses primg snakes that cannot possibly
be closed to form a coil. After each move, he checks the envinoent to see that it is still
possible to form a closed path. The notion of continuous canaint checking has inspired
many features found in the framework.

In [8], Dayanand Rajan introduces the notion of a reversiblenake. He discusses that in
even dimensionsl 6, there is a unique longest d-snake. This longest snake happ to be a

reversal of itself as witnessed by a suitable permutation df In order to understand this, it is
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important to understand the di erence between the transiton sequence and node sequence
ways to represent the snake. In Table 1.1, the snake that isrgiructed has a decimal node
sequence of (0, 1, 3, 7, 6, 14, 12, 13). However, if you aligre thinary labels of vertices of
the snake path from top to bottom, you see that each binary digdi ers by one bit from

the digit(s) it is next to. Observe the binary node sequenceedbow, the bit that is ipped
represents the snake move (or edge) in the transition sequenrepresentation. The integers

in parentheses represent the growing snake as a transitioegsience.

0000

0001 ... bit 1 is flipped ... (1)

0011 ... bit 2 is flipped ... (1, 2)

0111 ... bit 3 is flipped ... (1, 2, 3)

0110 ... bit 1 is flipped ... (1, 2, 3, 1)

1110 ... bit 4 is flipped ... (1, 2, 3, 1, 4)
1100 ... bit 2 is flipped ... (1, 2, 3, 1, 4, 2)
1101 ... bit 1 is flipped ... (1, 2, 3, 1, 4, 2, 1)

This yields atransition sequence of (1, 2, 3, 1, 4, 2, 1). The unique canoni€y optimal

snake has the transition sequence found below ...

1,2,3,4,2,1,54,1,6,51,2, 45,1,35,2,1,5,4,2,6,4,5

The gap in the middle is the halfway mark for the snake. Rajanbserved that for even
dimensionsd 6, the last half of the snake from right to left is a permutatio of the rst
half of the snake from left to right. To understand this, revese the list of transition values
found in the right half and place them under the transition vdues on the left to get the

following...

1,2,3,4,2,154,1,6,5,1,2
54,6,2,45,1,2,53,1,5,4

Everywhere there is a one on the top row; there is a 5 beneath Everywhere there is
a 2 on the top row, there is 4 beneath it. Everywhere there is 31ahe top row, there is a

6 beneath it. Everywhere there is a 4 on the top row, there is al®neath it. Everywhere
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there is 5 on the top row, there is 1 beneath it. Everywhere the is a 6 on the top row, there
is a 3 beneath. This shows that the last half of the snake is anpeutation of the rst half.
Rajan used this idea to develop an algorithm that nds snakethat are \reversible". The
advantage of his approach is that it narrows the search to alegively small class of snakes
that can be more easily enumerated. The validation of this gpoach comes from the fact
that it led to nding a length 97 snake in Qg. After more than ve years, this is still the Qg
lower bound.

Table shows that the forward and backward snakes are alseversible in the sense
of hamming distance from each end. As the snake grows from thtart vertex 0, the 3¢
column in the table below displays the hamming distance of el vertex from 000000. In
the 4" column starting from the bottom, the numbers correspond tohe hamming distance
of each snake vertex from the terminal vertex 10 (001010). Ehcould lead to a simpler
algorithm for reversible snakes than the one described in][8

Finally, in [9], Tuohy et al. take the approach of introducirg constraints based on heuris-
tics such as \tightness" that enable considerable pruningfdhe search space. The PPBBSM

and IVE can help to validate such heuristic ideas.

2.2 INTERACTIVE VISUALIZATION ENVIRONMENT BASICS

The IVE is a modular GUI application written with Java Swing. Appendix|A.2 provides a
user guide for the IVE. Along the top and bottom are extensil@ control panels that respond
to user events. This section contains a brief overview of senof the features and controls of
the IVE, but a detailed account is not necessary in order to werstand the following main

contributions the IVE makes to the overall framework.

1. The IVE displays useful information about properties ofreakes and hypercubes that

can help a user design and evaluate heuristics for their owasearch.
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Table 2.1: This table shows that the optimal snake Qs has complete forward and backward
hamming distance agreement. If you read the 8column from top to bottom, it is the same
as the numbers in the # column from bottom to top.

Decimal | Binary | Hamming Distance from 0] Hamming Distance from 10
0 000000 0 2
1 000001 1 3
3 000011 2 2
7 000111 3 3
15 001111 4 2
13 001101 3 3
12 001100 2 2
28 011100 3 3
20 010100 2 4
21 010101 3 5
53 110101 4 6
37 100101 3 5
36 100100 2 4
38 100110 3 3
46 101110 4 2
62 111110 5 3
63 111111 6 4
59 111011 5 3
43 101011 4 2
41 101001 3 3
40 101000 2 2
56 111000 3 3
48 110000 2 4
50 110010 3 3
18 010010 2 2
26 011010 3 1
10 001010 2 0
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2. The IVE provides novel interactive path editing controlghat can actually facilitate an

intuition for multi-dimensional hypercube space.

3. This intuition is of practical use when coming up with ruls that constitute favorable
initial partial path con gurations which can then be submitted to the PPBBSM to

yield the longest snake through such an initial con guratia.

Figure2.1 shows a screen shot of the interactive visualizan environment. The controls
along the top and bottom are useful for de ning a snake and umaistanding the e ects of its
moves. The top panels include the ability to de ne a snake fro the zero vertex (start path),
introduce and track arbitrary partial paths, and optionally de ne a \Backward" path from
a hypothetical terminal vertex. The bene ts of o ering this functionality will become clear
in Section| 2.3 discussing the speci cs of the upper bound &sate. There are other features
that a ect the display, but the nal button along the top is th e \Clone" button. This button
is useful when a user would like to fork a copy of a given situah in order to study the
e ects of taking alternative paths. Pressing the clone butin also writes the current snake
in text form to the hard drive. This text le can then be used asinput into the PPBBSM.

Along the bottom are controls that aid in visualization and dsplay information that may
be used in heuristic calculations. Hypercubes abode= 3 are somewhat confusing to view
on a two-dimensional surface (computer screen). It is codsrably less confusing if some
of the edges can be removed. The rst two elds on the lower ctnol panel address this
issue. The \PosEdges" box takes a comma separated list of égfer values which correspond
to the absolute value of the di erence between the decimal b&l of the vertices the edge
connects. The \NegEdges" eld allows control over which inecessible edges to display. For
example, in gure(2.1 one would ordinarilly expect there to b a negative edge from vertex
1 to vertex 17. This is because the edge from 1 to 17 was madecitessible by the start
path moves from 0-1-3. If you take the absolute value of the drence between the vertices
that make up the edgejl 17 = 16, you will only see that edge if the 16 is among the

comma-separated values in the NegEdges box. The same is tfoethe PosEdges text box.
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The \Binary" check box shows all vertices with their binary khbels. The \Schema" eld
is a very useful way to focus on sub-areas or hyperplanes irethypercube. The user can
specify a comma separated list of schemata with syntax cosigint with that found in [10].
The \Filter" check box toggles the hyperplane Iter functionality. Playing with this feature
inspired the k-cube heuristic discussed in section 4.2. \Blv Negative" determines whether
the inaccessible edges are white, or if they appear colorekelthe accessible edges. The
\ShowDist" check box appends a bracketed number to the disay of all vertex labels. This
number corresponds to the distance each vertex is from thecewof the start path. It was
this distance display that led to the discovery of the forwat-backward distance agreement
discussed in section 2.1. \ShowDegree" appends a parenibat integer to the vertex labels

referring to the number of accessible vertices connected éach vertex.

2.3 'INTELLIGENT' FEATURES OF THE FRAMEWORK

When a user edits a path in the IVE, the resulting display o es a window into the complexity
of the PPBBSM. For example, it was previously stated that a bekward path can be induced
as part of the enumeration steps of the PPBBSM. When a user ¢glia path in the IVE that
leaves one of the partial paths with no remaining accessibdeighbors, the IVE will actually
delete the partial path from the list of partial paths and shev it in the backward path text
eld. Both the IVE and the PPBBSM get information from objects that model and abstract
the complexities of the hypercube and its set of partially deed paths (see appendix B. The
impetus to build a snake with three section types (start pathinternal path(s), and backward
path) comes from the recognition that global information abut the upper bound for a given
partial snake can more easily be derived from analyzing pregies local to all partial path
ends. After each move, the local environment is reassessed aoth the current snake length
and upper bound estimate are displayed in the upper left coen of the visualization panel.
Feedback from the IVE was very useful when designing and dejging the standard upper

bound estimate implementation used by the PPBBSM.
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The presence of a backward path o ers signi cant pruning pasbilities of the overall
search space. The backward path starts from what is intenddd be the terminal vertex of
the nal snake, so right away any other accessible vertex thas not on a partial path with
only one accessible neighbor can be pruned. This is becausenake path could only reach
such a vertex through its only accessible neighbor, but wilave no outlet once it arrives.
Thus, a vertex with only one accessible neighbor would have be a dead end. Thus, all
vertices of degree one (i.e., one accessible neighbor) canpbuned given the presence of a
de ned backward path. One may think this to be trivial becaug a backtracking search could
backtrack out of all dead ends immediately. The value comea®m the fact that the algorithm
for estimating the upper bound is a function of the number ofertices and properties of those
vertices that remain accessible. The fewer vertices thereeao inspect, the quicker the upper
bound estimate can decide to terminate the search becauseetlkstimate falls below the
desired lower bound threshold. The beauty of this approack that there is often a recursive
e ect that allows the framework to prune signi cant regionsof the search space.

Figures 2.1 and 2.2 demonstrate advanced pruning functiditg that would take place
after the rst depth rst search expansion of the PPBBSM fromthis initial con guration. Qs
is easily exhaustively searched and its longest path is aelly represented by a set of eight
canonical length 13 snakes. Figure 2.1 shows the result ofrdeg an initial start path of
(0,1,3,7) and an internal partial path containing verticeg10,26,18). This could constitute an
initial con guration supplied to the PPBBSM. The rst thing the PPBBSM would do is ask
its implementation of the ForwardNeighborSelector for a $it of forward neighbors to put on
the depth- rst search stack. The default implementation ued by the PPBBSM selects and
returns both canonical forward neighbors of 7 (6 and 15). ThEPBBSM would then grow
the forward path to (0,1,3,7,6) by following the rst of the two alternatives. Incidentally,
the default implementation of the ForwardNeighborSelectoreturns the alternatives sorted

in ascending order.
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Figure[2.1 shows an initial con guration of the standard caanical start path (0,1,3,7)
and a partial path of (10,26,18), which appears in the \SelédPartial Path" drop down.
The upper bound estimate is 17. A more detailed discussion thfe mathematical basis of
this estimate will be o ered in Section 2.4.1. Figure 2.2 shes an incredible di erence from
the previous gure. All that remains is one vertex that joinsthe two paths; the rest of the
accessible vertices have been completely pruned. It seemigssing that as soon as the user
types \6" and hits \enter" in the start path text box, this res ult is instantly displayed. The
key to why the PartialPathHyperCubeWrapper was able to prus so much lies in the fact
that it recognized that the partial path had to be converted nto a backward path. In fact,
the \Select Partial Path" drop down is empty in gure 2.2 and its vertices are now shown
in the \Backward" path text box. The chain reaction started with the removal of vertex
22. Vertex 22 is inaccessible from vertex 6 because the caicahrule states that the snake
must climb to the fourth dimension before climbing to the fth. This would leave a snake
that reaches vertex 18 with no place to go, thus forcing it to écome the rst vertex of the
backward path. Look at gure (2.1 and imagine that vertex 22 ignaccessible. This leaves
vertices 20 and 21 connected to each other and to the vertic28 and 29 respectively. Since
vertices 28 and 29 are also connected to each other, there Wohe no way for a snake to
reach either vertex 20 or 21 and be able to proceed to other assible vertices. Given that
reaching 20 or 21 would necessitate the end of the snake paiiiese vertices can be pruned
in the presence of a de ned backward path. The move from 7 to Ggsed vertex 15 to be
inaccessible which makes vertex 31 a dead end so it can be guinVertex 25 is already a
dead end so it can be pruned. This pruning step reveals that niees 28 and 29 are now
dead ends, thus the same reasoning applied to vertices 20 &idcan be applied to them.
Once they are pruned, 12 and 13 become dead ends as well. Velitd8 was made inaccessible

because of the move to 6, so all that remains is vertex 14. Thgshown in Figure 2.2.
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Figure 2.1: This gure visually represents an initial partal path con guration that could
be supplied to the PPBBSM. The start path is (0, 1, 3, 7) and theonly de ned partial
path is (18, 26, 10). The PPBBSM starts from vertex 7 and proesls with a depth- rst
search throughout the hypercube. Partial paths are appendedo the forward path when the
depth- rst search takes the forward path to a vertex adjaceinto any of the partial path ends.
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Figure 2.2: After the move from 7 to 6, the upper bound is agaiadjusted and the partial
path has been converted to the backward path. Amazingly, aliccessible nodes except for the
one between the start and end path have been pruned. The PatiPathHyperCube wrapper
is the object that models the properties of the hypercube ankeeps track of all partial
paths. It has told the IVE that the only accessible vertex notcurrently on a path is vertex
14. The PPBBSM is also informed by the PartialPathHyperCub®/frapper. The appendices
more clearly explain how these framework components inteta
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2.4 PARTIAL PATH BRANCH AND BOUND SEARCH

The partial path branch and bound search algorithm starts wh an initially de ned partial
path snake as input, and outputs a snake that satis es de netbwer bound criteria if one can
be found through all initial partial paths. All paths exceptthe actual start path are optional.
There is syntax for de ning the initial partial path snake. For instance, an initial dimension
7 con guration could be de ned as \0, 1, 3, 7;;86, 84, 68;b:753, 72". This snake starts at
0,1,3,7. It has an internal path with vertices (86,84,68). fie snake must end at vertex 75
and get there via (72,73). Multiple colon-separated inteial (partial) paths may be speci ed.
The \b:" denotes the presence of a backward path. The searchgarithm starts from the
end of the start path and continues in depth- rst fashion. Wken the start path moves to
a vertex adjacent to either end of an existing partial path, he partial path is appended to
the forward path. When any of its constraints are violated, hie algorithm backtracks to the
most recent branch point and continues the depth- rst seaft There are three main types of
constraints that make this search algorithm much more e ecte than uninformed depth- rst
search. The next three sub-sections detail the way the selralgorithm continuously checks
for violations against the constraints and how they are repsented and updated after each

move.

2.4.1 UPPER BOUND CONSTRAINT

The upper bound constraint and calculation can best be undsiood by example. Figure 2.3
shows a situation inQg with an initial start path and 3 additional partial path elbows. The
particular snake can be characterized by the string \0, 1, 37;;12, 13, 29;62, 58, 50;37, 53,
49;". This means that it has a start path of \0,1,3,7" and intenal partial path elbows of
\12,13,29",162,58,50", and \37,53,49". There is no initily de ned backward path.

The upper-left corner indicates that the current snake lerth is 9 and no snake from this
initial con guration can be longer than L = 27. It is important to note that the longest

possible shake iMQe is 26. The method the framework uses to arrive at the upper bad
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Figure 2.3: A set of paths (start path with three small partid paths) used to demonstrate the

upper bound estimate employed by the PPBBSM. The vertices ¢ilighted red are neighbors

of various path ends. The vertices highlighted blue are ndigors also, but they are shared

neighbors of two partial path ends (49 and 50). The integers parentheses beside the integer
vertex label represent the number of accessible neighborsm the given vertex. See the text

for a discussion of the signi cance of shared neighbors.
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estimate of 27 will soon be described, but rst it is importah to establish a vocabulary
for what is shown in the image. In this graph of the hypercubethere are vertices and
edges. Among the edges, there are colored edges (PosEddsayk edges, and white edges
(NegEdges). The black edges are those that have been desigday the user to be included
in the nal snake. So those can be called the path edges. Thd@®d edges are edges that are
still accessible and could possibly be included in the nahske. The white edges are attached
to inaccessible vertices and cannot be included in the nahake. To reduce confusion, not
all negative edges are shown. The only white edges are thogea ed in the NegEdges text
box (0,1,2,4).

Among the dierent types of vertices, there are inaccessibdl (skin) vertices that are
\hollow" (outlined in white). For example, vertices 4 and 5 ae inaccessible. Vertices 0 and
1 are also inaccessible, but these are referred to as pathtieas because they are connected
by a black path edge. There are two types of accessible veets; those that are white- lled
(10,20,22,24,27,38,47,40,41,43) and those that are cetbrThe colored vertices are mostly
red (6,14,18,30,31,25,36,34,44,46,60,63), but there a&me blue vertices (48,51). There are
also black- lled vertices (7,12,28,37,49,50,62). Theseeathe partial path ends that can be
extended to further de ne the snake path. Incidentally, theO vertex is a partial path end
but since the framework only deals with canonical snakes thatart at 0, a constraint that
all neighbors of 0 are inaccessible is imposed. More will kedsabout this as a pruning opti-
mization in[2.4.3. In this particular diagram, the red and blie colored vertices are neighbors
of the path ends. The red- lled vertices are neighbors fromnty a single path end, whereas
the two blue vertices (48,51) are common neighbors to two dirent path ends (namely 50
and 49). With this vocabulary established, it is now simpleto understand the calculation
for the upper bound estimate.

Phase one of the calculation starts from a completely unrestic assumption that all
the remaining accessible vertices can be included on the kagath. The only vertices that

cannot possibly be included are the hollow, white outlinedks vertices. Once these are
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removed from consideration, the vertices that remain are tse that are already part of the
snake path, and those that are colored (either white lled, &d, or blue).

Let P denote the set of all vertices that are currently de ned as stke path vertices. Let
A denote the set of all remaining accessible vertices that anet on any of the de ned paths.
Also, let S represent the set of vertices that will compose the nal snak

P=10;1,3,7,1213 28 37,5349 62, 58,509
A = 16;14;,10, 18, 22,20, 30, 31; 27; 25, 24, 48,41, 57, 60, 63; 36; 38, 34, 46, 44, 47,40, 41, 439

Note that jPj = 13 and jAj = 25. In an ideal (but unrealistic) scenario, all of the vertces
in A could be combined with the vertices inP to assemble one continuous open path. If
this could happen, these 38 vertices would form a snake of ¢gh 37 (It is always the case
the snake path lengthL is equal to the number of vertices that make up its path minus
one). The upper bound calculation starts with this naive uppr bound value. Phase two in
the calculation is to come up with a conservative estimate fahe number of vertices that
cannot possibly be included in the nal snakes. This is the point at which the red and blue
highlighted vertices are considered.

Let P denote the set of partial path ends (black- lled vertices) xcept the 0 vertex. For
somepe Pe, let ( pe) refer to the set consisting of the neighbors gf.. Also, let Ge denote
the set of all neighbors of vertices iP.. Note that G A. But when j ( p.)j > 1 (for a
single arbitrary pe P¢), it will obviously be the case thatj ( pe)j 1 members ofA could not
possibly be included inS.

In this example,

Ge = 16;14; 31; 25, 30; 18, 26, 44; 46,57, 60, 63, 48, 51g

and the question that this step of the calculation asks (coesvatively) is how many of
these vertices of5, will necessarily have to be left out of the set of vertices ihe nal snake
S. Table [2.2 shows how these vertices & and all their neighborsG, are considered.

Phase three adjusts the raw total to take into account commoneighbors of partial path

ends. Notice in the table that the neighbors of path ends 49 dn50 have two vertices in



23

common (48 and 51). The proper, but conservative approach tg realize that it could be
the case that the snake will choose to go from 49 to 57. It cousdso choose to go from 50 to
(18 or 34) and if so, these common neighbors (48 and 51) would Bouble counted in this
scheme. So to adjust for this, the intersecting neighbors esubtracted from the raw total.
Doing so for this example reduces the total amount subtraatefrom G, A by 2 (that is,
subtract 8 instead of 10). Next take the naive original numlyeof possible snake path vertices
(38) and subtract 8 to get a new value of 30 possible verticebat can make up the snake
path. This yields an upper bound onL 29. So why does the visualization application
report that the upper bound estimate is 27? How can it subtracan additional 2 vertices?

Phase four is the phase that holds the most promise for matherical thinkers trying to
solve this problem. The default implementation of the UppéoundEstimate interface arrives
at 27 by making the following analysis.

Let M [A nG¢] be de ned as the set of monovalent (vertices of degree = 1) amg
vertices ofA that have not already been considered for subtraction. Thus.

M = f10,24; 20y

If any one of these vertices is included i8, the snake will terminate. The snake can only
terminate once; otherwise it wouldn't be a single continuaipath. So we can con dently
conclude that two additional vertices can be taken out of camderation as candidates for
inclusion in S. Thus jSj 28 which yields a maximum possible snake length  27.

There is a subtle but quite useful feature of the framework vém a backward path is
present. If a partial path end has an accessible degree of omben a backward path is
present, the partial path can safely be extended to its onlycaessible neighbor. Once this
happens, the upper bound estimate is able to reduce the updsrund estimate by inspecting

the properties around this new partial path end.
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Table 2.2: This table shows how to reduce the initial naive gémate of the upper bound
given in phase one of the upper bound calculation. This is pba two of the calculation for
the situational upper bound. It calculates a raw score of whdo subtract from the jAj to
reduce the upper bound. The actual amount subtracted frojAj is reduced in a subsequent
phase to re ect the intersection of path end neighbors.

Pe Pe ( Pe) Subtract from jAj (raw)
7 (7= fég j(Mj 1=0
12 (12) = f14;44g j(12)) 1=1
29 (29) = f2531g j(29)j 1=1
37 (37)= f36g j87)j 1=0
62 (62) = 30,63 60 469 j(62)j 1=3
49 (49) = f57,48;51¢g j(49)j 1=2
50 | (50)= f1834,48;519g j(49)j 1=3
Raw Total to Subtract 10

2.4.2 CAN IT REMAIN CONNECTED?

The discussion around gure 2.2 demonstrated a remarkabléan reaction that led to the

pruning of many initially accessible vertices. Occasiorlgl this chain reaction can prune all
the neighbors of more than one partially de ned path. If thissituation occurs, the snake
composed of the de ned partial paths would have more than ongead end. This would
create a situation that would make it impossible for all the d ned paths to come together
to form a single continuous snake path. After each move, theainework checks whether this

illegal condition has taken place, and the search backtragk

2.4.3 CAN IT STILL BE MAXIMAL AND CANONICAL?

It was previously stated that limiting the search space to tly canonical and maximal
snakes yields a signi cant reduction of the overall searctpace. Rajan [8] states that the
maximal snake cannot be extended from either its start or itend vertices. A canonical

maximal snake is a maximal snake that starts (and cannot be #@nded) from the 0 vertex.
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To gain an appreciation for the actual reduction, considerhite number ofQg snakes found
with an exhaustive, uninformed depth- rst search. There a& only 110381 maximal canonical
Qs snakes compared to 24665Q snakes that could be extended from O after the search
routine was nished. The idea for doing this came from Kochts coil-searchingoptimization
described in [6]. For coils, the snake must be able to returro tthe start vertex. Thus, he
abandons a search when there are no more neighbors accesdildm the start. For snakes
however, the rules of the problem prohibit the path from rettning to the start. Thus, the
PPBBSM backtracks when it is impossible to prevent a snakedm extending from the start.
The idea is pretty simple and is also applied to the backwarchake path thus increasing
the opportunity to violate constraints. For any given hypecube Qq, the 0 vertex hasd
neighbors. Each of thesa neighbors haved 1 neighbors other than 0. For example, in
Q4 the neighbors of vertex 4 (other than vertex 0) are (5,6,12)n Qq4, the snake de ned as
(0,1,3,7,15,14,10) makes (5,6,12) inaccessible. Sindsaighbors of vertex 4 are inaccessible
to the snake, the snake cannot move in such a way as to make x4 inaccessible. Thus, the
snake will always be extendable from the start (vertex 0) toertex 4. In higher dimensions,
snakes can create this situation very early in their constation. In such a situation, the

backtracking of the branch and bound module prunes a signiant number of possible snakes.



Chapter 3

BENEFIT OF THE PARTIAL PATH APPROACH

This chapter shows the results of an experiment designed temonstrate how run times of
the PPBBSM di er given various types of initial con gurations. The hypothesis is that an
initial con guration with several small initial partial pa ths compares favorably in algorithm
run time to an initial con guration with only the start path s peci ed. The rst gure shows
the nal optimal Q; snake found by the PPBBSM from the various initial con guraions
given in later gures. The gures are organized into groupsThe rst group ( gures 3.2] 3.3,
and[3.4) demonstrates the runtimes for initial con gurations with only 13 of the 51 longest
path vertices. The second group of gures (3.5 and 3.6) showsw the PPBBSM is a ected
by two di erent initial con gurations containing 16 vertic es. The nal group ( gures'3.7 and
3.8) shows an example of how the algorithm runs for an initiaton guration in Qg. It is
important to note that all experiments were run on a laptop wih 1.5 GHz processor and
512MB of RAM.

These groups of gures validate the utility of the partial pah approach. Ideally, there
would exist an approach that facilitates exhaustively seahing higher dimension hypercubes
(Q7 and above) in a reasonable amount of computing time. Howeyehe computational com-
plexity in these dimensions is prohibitive. Heuristic appraches have given us current lower
bound snakes inQg and above, but it seems reasonable to expect that heuristipproaches
would give better results if they searched over reduced regsentations of the search space.
These gures suggest that rede ning the problem as the sedrdor a small number of com-

patibly placed initial partial paths is a promising way to canbine the bene ts of exhaustive
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search with heuristic search. Furthermore, the UpperBouritktimate interface o ers a care-
fully designed extension point allowing for sophisticategruning of the exhaustive search
portion. The current implementation o ered by the framewok has produced the interesting
run time result found in the comparison of gurel 3.4 to gure/35. In gure 3.4, the run
time of the PPBBSM is faster for only 13 total initially specied vertices than the initial
con guration found in gure 8.5 with 16 vertices. This happeed because the 13 vertices
were distributed as small but well-spaced partial paths whieas gure/3.5 has all the vertices
on the start path. We have proposed that the PPBBSM could be sl as a tool to evaluate
heuristic approaches that look for highly t partial path placements. In the next chapter, we

report the experimental results that put this idea to the tes.
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Figure 3.1: One of the 12 optimal canonicaD; snakes. Evidence from the subsequent gures
suggest that quickest runs of the PPBBSM seem to be most hightorrelated with initial
con gurations of several short but well spaced partial pat.
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Figure 3.2: It took 74 minutes to nd the snake in gure(3.1 fran this initial con guration.

Only 13 vertices are de ned in the initial con guration and dl are on the start path. This
is essentially an uninformed depth- rst search from a lengt 12 start path. The PPBBSM
takes a long time because the upper bound estimate has lindtenformation and thus doesn't
backtrack as quickly as an initial con guration with multiple partial paths. The next two

gures illustrate this.
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Figure 3.3: It took approximately 19.37 minutes to nd the srake in gure 3.1 from this initial
con guration of 13 de ned vertices. Notice that the length d the start path was shortened
in order to make enough vertices available to de ne the two ptal paths.
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Figure 3.4: The only di erence between this gure and gure 33 is that more of the start
path was trimmed in favor of creating an additional internalpartial path. However, there is
a signi cant di erence in PPBBSM run time for this con gurat ion. It only took 153 seconds
(2.55 minutes) to nd the snake in gure 3.1 from this initial con guration of 13 initially

de ned vertices.
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Figure 3.5: These next two gures show two initial con guratons of 16 vertices. This gure
shows how the PPBBSM run time improves after adding 3 more v&es to the start path
of the poorly performing initial con guration in gure 3.2. It took 200 seconds to nd the
longest snake from this con guration. But note that an initial con guration of 16 vertices on
the start path is still outperformed by the multiple partial path 13 vertex initial con guration

found in the previous gure 3.4.
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Figure 3.6: This gure shows how the PPBBSM diers from the pevious in that many
vertices were taken o from the start path in favor of de ning 4 initial internal partial paths.

It only took 6.81 seconds to nd the longest snake from this ecoguration of 16 initially

de ned vertices.
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Figure 3.7:Qg currently has a lower bound of 97. This is an example of one dfet length 97
snakes.
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Figure 3.8: It took about 2.88 minutes to nd the snake in gure 3.7 from this initial con g-
uration of 39 vertices and 8 partial paths. This example shathat it should be possible to
use the PPBBSM as an evaluation function during an evolutiary search for well positioned
initial partial path con gurations.



Chapter 4

A CASE STUDY

The main value of the framework is that it o0 ers an environmeh that inspires the design
of new heuristic approaches for the snake-in-the-box prawh. It does this by providing a
wealth of tools to build an intuition for multi-dimensional hypercube space. This chapter
details a speci c interaction with the framework that has lel to the development of two new
heuristics. The k-cube heuristic allows one to use intuitogained from the IVE to de ne a
high level plan to which the snake must adhere. We also devptd an iterative improvement
approach that starts from random maximal snakes and randomlbreaks them into partial
path fragments. These fragments are handed over to the PPBBGto nd better snakes.
This approach quickly found one of the optimalQ; length 50 snakes. It also managed to
improve a length 87 snake iQg to a length of 89. The original length 87 snake was found
by the k-cube heuristic technique. After discussing thesegeriments, we use insight gained
from our analysis of the results and detail how the Genetic gbrithm (GA) and Simulated

Annealing (SA) can o er improvement.

4.1 GAINING INTUITION

Qs is a dimension in which the enumeration of all canonical snek is quite practical. Conse-
quently, it is possible to learn properties that distinguie between optimal and sub optimal
path moves. The source code for all the tools of the framewogke in a source code repos-
itory. Included in the repository is a script that takes as iput a partially de ned snake
and returns the length of the longest snake Qg through the partial snake's vertices. The

script works by doing a regular expression search through & containing the exhaustive
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enumeration of all maximal and canonicaQe snake node sequences. It uses regular expres-
sions to abstract the nodes between the speci ed paths. If éhscript is called with multiple
arguments (corresponding to multiple partial paths), it ties all the di erent orders of those
paths and looks for the reversed versions of the paths as well

This script is exible in what it allows as input. For instance, a user can see the longest
possible length of a snake that contains \0,1,3,7,6" as patertices by supplying just that
string as a command line argument. The script is written in agva scripting language known
as groovy [7]. If the \longestsnake.groovy" script is calte with the command argument
\0,1,3,7,6", the script reports that L = 25 is the length of the longest snake containing those
connected vertices. This is interesting because there islpmne longest canonical snake in
Qs, and it has lengthL = 26. The fact that there is a uniqueL = 26 snake in Qg is very
helpful when trying to derive properties that characterizemistake moves. The script has
told us that the move from 7 to 6 is a mistake because o = 26 path can be built with
the rest of the accessible vertices. Armed with this infornti@n, the user can bring up the
IVE to visually inspect properties of the hypercube that dier between the two start paths
\0,1,3,7,6" and \0,1,3,7,15". An ongoing e ort should be mde to quantify these properties
that only currently provide an abstract intuition, but this case study will show that intuition
alone has led to the design of a heuristic yielding respectalresults. The user can supply
multiple arguments corresponding to di erent partial paths a nal snake must include. For
example, when the script is called with \0,1,3,7,6" and \4311,40" as the arguments, the
return value is L = 25. When called with \0,1,3,7,6" and \48,50,54", the longst possible
snake in Qg containing those two connected sets of vertices is = 24. Thus, the user can
also gain an intuition for properties that make good partiapath con gurations by inspecting
both of these in the IVE.

Looking at mistakes in Qg helps a researcher understand important di erences in the
properties that distinguish optimal from sub optimal snaks. Over time, one can see general

tendencies that successful snakes share in various dimensi Successful snakes seem to move
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Figure 4.1: This is the unigue longest 26 length snake Q. Its vertices are (0, 1, 3, 7, 15,
13, 12, 28, 20, 21, 53, 37, 36, 38, 46, 62, 63, 59, 43, 41, 4048650, 18, 26, 10). Notice that
its nal vertex is 10 which is on the same 4-cube (vertices (B) as its starting vertex 0. The
rst time the snake crosses over dimension 6 is when it move®in vertex 21 to vertex 53.
The rst 10 vertices of this snake are (0,1,3,7,15,13,12,28,21). This is actually a maximal
(but very sub optimal) length 9 snake inQs. The length of the longest snake Qs is 13,
so this initial path that is sub optimal in Qs is preparing for the snake's later return across
the sixth dimension when it leaves vertex 50 to get to vertex8l At that point, the snake
proceeds to vertex 26 and nally to vertex 10.
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purposefully through the hypercube. They tend to strategally leave behind vertices that
can be used later. Figure 4.1 shows the optimal snake @s. The snake leaves the 4-cube
identi ed by vertices (16-31) after 9 total initial transitions (0,1,3,7,15,13,12,28,20,21). But
when it does so, it leaves behind vertices (18,26) that areentually used towards the end of
the snake. When watching the moves of this snake step by stepthe IVE, one can almost
glean a rationale for why the snake avoids certain vertice#. this can be formalized with
the help of intuition from the IVE, it will signi cantly help with the e ort to Iter or rank

possible arbitrary candidate moves.

4.2 THE K-CUBE HEURISTIC

The k-cube heuristic was designed to put intuition to the tes It allows a researcher to
de ne the high level shape of a path by restricting the initi& transitions to conform to a
proposed plan. The shape is de ned by specifying an orderadtlof sub cubes (or k-cubes)
the snake must initially traverse. The k-cubes are uniquelge ned by the schema syntax
discussed in [10]. An example plan iQs will show how this works. An example schema
list of (00*** *11** 10***) de nes a comma separated plan that represents a chain of three
initial 3-cubes the snake must traverse in the order they amgar in the list. Figures 4.2 - 4.4
visually show the 3-cubes that constrain the snake path. Inggne a snake that starts with
the vertices (0,1,3,7,6). Figure 4.2 shows that all of thesertices are contained completely
by the rst 3-cube of the plan. At vertex 6, the canonical snak must proceed to vertex 14.
Upon arrival at vertex 14, the snake has reached the secona@se in the plan. The k-cube
heuristic works by allowing the snake to make any transitiomvithin the current 3-cube, but
if the snake leaves the current 3-cube, it must move to a vereontained by the next 3-cube
in the plan. In this example, the snake cannot move to vertexOlfrom vertex 14 because that
would constitute leaving its current 3-cube. If it leaves tkb current 3-cube, it must jump to

the third 3-cube in the plan. The vertices of the third 3-cubeare shown in gure 4.4. The



40

snake cannot actually get to that 3-cube from vertex 14, so inhust move within the second
3-cube.

We use the term k-cube heuristic instead of 3-cube because tk-cube heuristic is imple-
mented in such a way that the user can de ne a chain of any typef ub cubes. It could
be a chain a 2-cubes or 4-cubes @5 for example. The ForwardNeighborSelector Interface
extension point made it incredibly simple to implement thisheuristic. The PPBBSM gets a
list of neighbors to visit from the implementation of the FowardNeighborSelector it is con-
gured to use. The KCubeHeuristic implementation e ectivdy limits the branching factor
in higher dimensions in a signi cant way.

We experimented with this heuristic by de ning a plan forQg consistent with the Qg motif
discussed in Section 4.1. The following schema list (0008§*000*11**, 0001*0**, 00110***,
0*1111**, 0101*1** 01*100**, 01*000**, 010*01**, 0*110%*, 0010*1**) establishes a plan
for only eleven initial 3-cubes in aQg search. Figure 4.5 highlights the 3-cubes in the plan.
It is di cult to see the 3-cube order in this single gure, but one can see the general idea
behind the plan. It strives to create a snake like th&)s optimal snake by simply allowing
patches the snake could return to in vertices (0-127). Vedeés (0-127) are the rstQ; half
of the Qg hypercube. This is similar to how a plan for theQg optimal snake would have
left vertices for the snake to return to within its rst Qs half (vertices 0-31) . In just over 2
hours and with an initial start path seed of (0,1,3,7,15,142,28,29), the PPBBSM returned
a length 87 snake. It is quite interesting that this length 8%&nake did in fact return to the
(0-127) 7-cube in an analogous way that the optimaDs snake returns to its (0-31) 5-cube.
This result is interesting and respectable, but the snake gerated from the plan does not
quite reach the current lower bound of 97. This could be becsa& either the plan is sub
optimal or the initial seed of (0,1,3,7,15,14,12,28,29) barery costly mistakes. It is also the
case that the algorithm's run time was limited to 24 hours. Pdaps letting the PPBBSM run
longer could have found a longer snake, but we are more intsted in using the framework

to gain insight into smarter heuristics that produce longesnakes in short run times. With
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that in mind, we decided to design a heuristic that can impra¥ upon good quality snakes

while simultaneously exerting tight control over the branhing factor.

4.3 THE ITERATIVE IMPROVEMENT HEURISTIC

Iterative improvement refers to a general optimization tdmnique that tries to improve a
candidate solution by performing a local search for betteotutions. Dorn's paper [2] provides
an excellent comparison of iterative improvement techniggs applied to a scheduling problem.
One iterative improvement technique is randomized modi dgon and search. The PPBBSM
lends itself perfectly to this approach. Our k-cube heurigt produced a length 87 snake
that was thought to have room to grow. It has been shown in chagx 3 that the PPBBSM
can quickly nd optimal snakes through speci ed partial pahs if enough partial paths are
supplied in the initial con guration. With that in mind, we d esigned an iterative improvement
algorithm that wraps the PPBBSM by chopping a shake into randm partial path fragments
and submitting the fragments to the PPBBSM. The idea behindhis method is that a snake
can make mistakes that eliminate vertices that are necesyato build longer paths. Section
4.1 discusses tools the framework o ers that demonstrate ifiphenomenon. By cutting the
snake into random fragments, the transition responsible f@uch a mistake could be removed.
The PPBBSM takes the fragments and tries to build a longer sika with the freedom it gets
from the gaps that have been randomly selected. The follovgrsubsection details how our

iterative improvement approach produced a length 50 optimaQ; snake.

4.3.1 ITERATIVE IMPROVEMENT EXPERIMENTAL PROCEEDURE

First we used the RandomSubsetSelector (see appendix C.iplementation of the For-
wardNeighborSelector interface to produce a rando@; snake with length 35. The path the
PPBBSM found was (0, 1, 3, 7, 15, 14, 12, 28, 24, 26, 27, 59, 63, 54, 52, 116, 84, 86, 70,
66, 98, 96, 104, 108, 110, 111, 103, 101, 69, 77, 73, 89, 81,13, We then start the iterative

procedure to grow the snake to length 50. The procedure workg breaking this snake into
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Figure 4.2: This image shows the rst 3-cube in the plan de n& by (00*** *11** 10***),
The decimal vertex labels for the vertices in this 3-cube af®,1,2,3,4,5,6,7). The canonical
snake's rst 3 transitions are always contained by this inial 3-cube. The k-cube heuristic
allows the snake to make as many moves as possible within tharent k-cube, but if the
snake jumps o of the current k-cube, it must jump to the next kcube in the plan.
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Figure 4.3: This 3-cube is represented by the schema *11*tsldecimal vertex labels are
(13, 14, 15, 12, 29, 28, 30, 31). This is the second schema i® thlan designated by
(00*** *11** 10***). When the canonical snake is at vertex 7, it has a choice to go to
vertex 6 or vertex 15. The k-cube heuristic would allow the nwve to either 6 or 15. If the
snake goes to 6 and then 14, it would be in the second k-cube lbé tplan.
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Figure 4.4: This is the nal 3-cube in the plan de ned by (00**,*11** 10***). The decimal
vertex labels of this k-cube are (20,21,22,23,16,17,18,10nce the snake gets here, it is no
longer restricted.
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Figure 4.5: This gure shows how the IVE can be used to developlans for the k-
cube heuristic. Highlighted in this gure are vertices fromthe 3-cubes de ned by the
plan (00000***, 000*11** 0001*0**, 00110***, 0*1111**, QLO1*1**, 01*100**, 01*000**,
010*01**, 0*1101**, 0010*1**).
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Figure 4.6: This is the length 87 snake found by the k-cube hestic when given the
plan (00000***, 000*11** 0001*0**, 00110***, 0*1111**, QLO1*1**, 01*100**, 01*000**,
010*01**, 0*1101**, 0010*1**). This snake was found in apmximately 2 hours and started
with the initial path of (0,1,3,7,15,14,12,28,29).
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Figure 4.7: This is the length 89 snake found by the improvemeheuristic when given as
input the length 87 snake from gure 4.6. It took the PPBBSM less than 1 minute to nd
this snake once we found an initial con guration that kept oty the common vertices between
the two. It did, however, take 153 random tries to come up witthis initial con guration.
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random partial path con gurations each with three partial paths plus the initial start path.
For example, one random con guration from this snake couldé(0,1,3,7;; 28,24,26; 55,54,52;
66,98,96). For diversity, we created 5 of these initial pagl path con gurations and asked the
PPBBSM to nd a length 44 snake from each of the 5 initial partal path con gurations. We
restricted the PPBBSM's run time by imposing a 2 minute time iimit. The program iterates
by fragmenting the resulting length 44 snakes and feedingdke partial path con gurations
to the PPBBSM to get length 45 snakes. We increased the timeniit to 5 minutes in order
to allow the PPBBSM to nd length 45 snakes. This procedure aginued until we were left
with one length 48 snake. At this point, we decided to try to fous on growing this length 48
snake into an optimal length 50 snake. We generated 40 di erepartial path con gurations
and kept the time limit to 5 minutes. The initial length 48 sn&e had the vertices: (O, 1, 3,
7,6, 14, 12, 28, 29, 25, 27, 26, 18, 50, 48, 56, 40, 42, 43, 4734553, 55, 119, 118, 86, 94,
95, 79, 77, 69, 68, 100, 108, 124, 125, 121, 105, 97, 99, 9874672, 88, 80, 81, 83). One
of the forty partial path con gurations randomly generatedwas (0,1,3,7,6,14,12;; 29,25,27;
88,80,81; 124,125,121). From this initial con guration,ie PPBBSM managed to nd (0, 1,
3,7,6,14,12, 13, 29, 25, 27, 26, 18, 50, 48, 49, 53, 37, 36, 88069, 85, 81, 80, 88, 72, 73,
75, 79, 95, 94, 86, 118, 119, 103, 99, 98, 106, 122, 123, 1A, 1124, 60, 62, 63, 47, 43, 41,
40), which is one of the length 50 optimal snakes f@)-.

Figure 4.7 shows that this idea also has merit iIQg. The strategy for this experiment
was to limit each run of the PPBBSM to less than 1 minute. If ar 1 minute the PPBBSM
could not improve on the length 87 snake, another random coguration was generated and
passed to the PPBBSM. This experiment managed to produce antgh 89 snake from the
pieces of the initial length 87 snake, but it did take 153 di eent initial con gurations in
order to do so. It was also necessary to experiment with di ent fragmentation strategies.
The fragmentation strategy refers to the issue of how to br&sa complete snake into the
partial path fragments that make up the initial partial path con guration submitted to

the PPBBSM. The goal of a fragmentation strategy is to produe an initial partial path
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con guration with the fewest possible total number of verttes that allow the PPBBSM to
give a quick answer. In dimension 7, it was su cient to produe a con guration with only 3
partial paths with each partial path containing only 3 vertices. In dimension 8, we used the
result in gure 3.8 as a basis for our strategy. It shows that @ initial start path of length
14 and 8 partial paths each with length 2 (or containing 3 veites) allows the PPBBSM to
nd the length 97 snake in 2.55 minutes. Experimentation shwed that reducing the number
of vertices on the start path and increasing the length of saenof the partial paths to 3
(4 total vertices) instead of 2 improves the average time itakes the PPBBSM to nd the
optimal path from the initial con guration. We nally settl ed on a strategy to randomly
choose between length 3 and length 4 partial paths. We fountdt it was necessary to create
at least 8 partial paths in order to get an answer from the PPBBM within 1 minute. The
con guration that produced the length 89 snake shown in gue 4.7 was "0, 1, 3, 7, 15, 14,
12, 28, 29;;87, 83, 81, 113;62, 126, 94, 95,18, 50, 51,;14¥, 1509;98, 66, 70;52, 36, 37, 45,42,
170, 138;107, 111, 239". Notice that we also had to include @riices from the start path
of the length 87 snake. The nice quality of this method is thathe experiment designer has
tight control over the branching factor. If many vertices ae removed from the initial snake,
one would expect the PPBBSM to need longer to nd the better sake. The original length
87 snake was produced by the k-cube heuristic method. We tli@ variety of experiments to
grow a length 89 or better snake with the random scheme used tal the optimal snake in
Q-. This did not produce a snake longer than 85. The next sectiatiscusses how one might

want to incorporate other search techniques to improve th®g performance.

44 THE CASE FOR THE GENETIC ALGORITHM AND SIMULATED
ANNEALING

Using the iterative improvement technique, we found a lengt50 Q; snake from a randomly
generated length 35 snake. The random snake that started tliterative process was actually

our third initial random snake. The previous two snakes did ot produce a length 50 snake
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within the PPBBSM time limit we imposed. One very nice attribute of Q- is that there
is a list of 12 canonical length 50 snakes. This allowed us toropare the random partial
path con gurations from various stages of the iterative algrithm to the list of optimal Q-
snakes. We looked at partial path con gurations from the lag iterative rounds for each of
the 3 initial random snake experiments. We noticed that manyartial path con gurations
had individual partial paths that were completely found on he optimal snakes. The Genetic
Algorithm (GA) would be an approach that could start with an initial population of individ-
uals represented as a partial path con guration. Each geneould correspond to one of the
partial paths in the initial partial path con guration pass ed to the PPBBSM. The tness of
the individual could be the longest snake the PPBBSM could d through the individual's
partial paths. Crossover could be achieved by taking two paal path con gurations and
swapping individual partial paths to form the o spring. Holland's book [4] gives the original
formulation of the GA.

Further comparisons showed that sometimes all partial pathfor a single partial path
con guration had vertices that could be found on a single legth 50 Q; snake. We noticed
that if some of the con gurations were barely modi ed, the PBBSM would have been
able to nd the optimal path. For example, some of the partialpaths within an individual
con guration had two of the three vertices from an optimal sake. The GA is a population-
based approach during which di erent individuals of the poplation are combining genetic
material to produce better t o spring. Simulated Annealing (SA) on the other hand, works
to optimize an individual solution by generating a neighbang candidate solution similar
to it and probabilistically decides whether to adopt it as tle current solution [12]. \The
name and inspiration come from annealing in metallurgy, a thnique involving heating and
controlled cooling of a material to increase the size of itsystals and reduce their defects"
(Wikipedia, 2007). The following is a brief sketch of how SAauld be used to optimize a

candidate solution.
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The initial solution could be a random partial path con guration (e.g. 0,1,3,7,6,14,12;;
29,25,27; 82,80,81; 124,125,121). This con guration isryesimilar to the one that led to
nding the length 50 snake inQ; described above, except that the (82,80,81) partial path
is instead (88,80,81). We can imagine that the PPBBSM manag¢o nd a length 40 snake
through our initial con guration less than 1 minute, but it doesn't nd a length 41 snake.
Thus, we can consider that the Energy (E) of our current solutn (or state) is 40. Next,
we could modify our solution to generate a \nearby" state (g. 0,1,3,7,6,14,12;; 29,25,27,;
88,80,81; 124,125,121). This is the con guration that ledota length 50 snake, but it took
longer than 1 minute for the PPBBSM to nd it. Let's say that we are restricting the run
time to 1 minute, and that the PPBBSM managed to nd a length 48snake. The probability
of accepting a solution (or moving to the next state) i E=T. E in the equation would
correspond to the maximum length that could be found by the PBBSM through an initial
con guration. T refers to a synthetic temperature parameter. The SA algohin starts with a
high temperature and employs a gradual cooling schedule. #te highest temperatures, the
probability is almost 1.0 that we will accept the neighborig state. As temperature decreases,
accepting a neighboring state depends more on whethekE is signi cant. In practice, if the
candidate solution is much worse than the existing solutigra researcher may want to use a

default E value that minimizes the probability of accepting that stae.



Chapter 5

CONCLUSION AND FUTURE DIRECTION

Arti cial Intelligence o ers heuristic search for problems whose computational complexity
overwhelm today's computing technology. The snake-in-theox problem is an example of
such a problem. A heuristic search technique is only as good the heuristic behind it.
The framework from this thesis addresses the source of hestic ideas. It provides what
could be considered a novel heuristic development enviroent. The main components of
the framework are its Interactive Visualization Environmat (IVE), Partial Path Branch and
Bound Search Module (PPBBSM), and extensible APIs and utiy methods that facilitate
rapid implementation and evaluation of heuristic ideas.

The experimental results from chapter 3 show that the PPBBSMan speedily (only
3 minutes on a slow laptop) nd a length 50 path inQ; through an initial con guration
consisting of several partial paths de ned over a total of dg 13 vertices. Actually, four of
these vertices were the vertices that begin the start path fe&very canonical snake (0,1,3,7).
In a sense, the PPBBSM allowed th&); problem to be rede ned as the search for three
small partial paths that make up a total of 9 vertices. The facthat the PPBBSM performs
best when the initial partial paths are well-spaced is actuly an advantageous feature of its
approach. It means that the actual placement of the initial prtial paths can be constrained
by de ning disjoint regions from which the initial small paths are sampled. Section 4.1
describes how the framework o ers tools that can be used to rike rules that govern useful
initial partial path placements.

Chapter 4 presents a case study showing how interaction withe framework can yield

interesting heuristic ideas. The k-cube heuristic allows eesearcher to use intuition gained
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from the IVE to de ne high a level plan that constrains the sn#&e's initial moves and limits
the branching factor. Continued and focused use of the IVE ndead to a formalization of
what makes a good plan. If this happens, the plan can con degtbe extended to include
more k-cubes. This would impose more constraints therebydwecing the overall time to nd

snakes consistent with the de ned plan.

A random iterative improvement heuristic technique was dased to try to grow the snake
found by the k-cube heuristic. It works by chopping a given ske into random fragments
and submits the fragmented snake to the PPBBSM to try to nd a bnger path. The results
show that the technique has potential but could be improved the modi cations were more
intelligently targeted. For instance, the individual partial paths that are submitted to the
PPBBSM could be more rigorously inspected and modi ed acoding to a new heuristic.
This would make the iterative improvement technique more iformed which could lead to
quicker convergence to a local or global optimum.

The framework described in this thesis will be increasinglyseful as the PPBBSM takes
less time to search higher dimensions with as few initial pial paths de ned as possible. It
has anticipated relevant heuristic approaches that futureesearchers should consider. It has
anticipated these approaches by de ning extension pointhat can have signi cant impact
on the PPBBSM's performance. It also provides a wealth of té®in the form of Java utility
methods that future implementations of the interfaces carréely make use of. The appendices
aim to make it as easy as possible to understand the detailshawiw to immediately start using
the signi cant features of the comprehensive framework. Agendix A gives a basic user guide
for the PPBBSM and IVE. Appendix B attempts to familiarize a future developer with the
basic model of the framework and demonstrates the wealth dfilities the framework o ers.
Appendix C shows how easy it is to implement the interfaces # make up the extension
points. Appendix D shows the main recursive method of the PFEBSM. It also shows how
the PPBBSM interacts with the PartialPathHyperCubeWrapper, the implementation of the

ForwardNeighborSelector, and the UpperBoundEstimate iniementation. Finally, Appendix
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E shows a set of test cases that o er support for the correctag and reliability of the

framework itself.
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Appendix A

USER GUIDE

This thesis has discussed how the PPBBSM and the IVE are maimmponents of a com-
prehensive framework for the snake-in-the-box problem. @®n A.1 describes how to install
and run the PPBBSM for the initial con gurations described n the experimental results.
Section A.2 explains how to set up the IVE by discussing how tmodify its con gurable
properties. Currently, the binary distribution of the framework comes as a single le called
\snakedist.zip". Unzipping the snakedist.zip le revealsthat there are four les inside.
The snake.jar is all the compiled java code for the entire fraework. \search.properties”
is the property le for the ppbbsm. \snake.properties” is the property le for the IVE. The
ppbbsm.bat le will run the PPBBSM in a windows environment. This script is just a one
line call to get the java virtual machine to run the main PPBB3M class, so it can easily be
ported to a Unix/Linux environment. If a user is using the IVE and wants to run a given
con guration through the PPBBSM, Appendix A.2 shows how ths can quickly be done using

the \Clone" functionality within the IVE.

A.l1 PPBBSM USER GUIDE

The PPBBSM gets its initial con guration from the \search.properties" properties le. In
order to run the PPBBSM, the user must edit the search.propées le and run the windows
script \ppbbsm.bat". An example search.properties le fran the experimental results will

help understand how to set up custom searches.

initialSnake=0, 1, 3, 7::43, 59, 63; 96, 104, 72; 116, 118, 11 9:80,81,85
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dimension=7
minimumLength=50
UpperBoundEstimatelmpl=snakes.graph.compute.Standar dUpperBound
ForwardNeighborimpl=snakes.graph.compute.options.Ex haustivedNeighborSelector
ForwardNeighborlmplProps=2
greedy=true

Section 2.4 introduced the syntax used to de ne an initial aoguration. The initial-
Snake in this example starts with the canonical (0,1,3,7) ahas four internal partial paths.
Next the hypercube dimension the PPBBSM will search is speed. The \minimumLength"
property represents the user's de ned lower bound. AppendiC will go into more detail for
the next three elds, but for now it is important to note that t he UpperBoundEstimatelmpl
and ForwardNeighborimpl are the properties that make up th@rimary framework extension
points. The \greedy" property controls whether the framewdk seeks to automatically extend
paths that can legally be extended. For instance, after a faard path move a situation in
which there is only one forward neighbor can arrive. If gregds true, it will always extend
the snake automatically. The option exists because some@s it is annoying when working

with the IVE for the IVE to extend a path without the user's awareness of how it was able

to be done.

A.2 IVE USER GUIDE

Section 2.2 gave an overview of the basic controls of the IVEhis Appendix will build on
that overview by discussing the IVE's con g le (snake.progrties).

As mentioned in the introduction, one way to rendelQ, from Q, 1 is to project a copy
of Q, 1 onto a new axis. A computer screen is only a 2D surface, so itncguickly get
confusing visualizing a 7 or 8 dimensional hypercube. Oneinly that helps is to divide the
screen into disjoint regions and render smalleQy for k < n in non-overlapping regions.
The sample \snake.properties" le below corresponds to théVE display found in gure
3.6. The \gd=5" in the le means that the user will need to spedy the locations of the

four disjoint 5-cubes. The \originLocations" property is what the IVE uses to place the zero
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vertex for each 5-cube. The value of the \originLocations" qoperty is a comma separated
list of integer pairs. This helps to see how the IVE is readinthis list of integer pairs to get
the (x,y) location of the zero vertex for each of the four zereertices of the 4 disjoint 5-cubes.
In Java Swing, the (0,0) coordinate is the top left corner oftte display. Thus, a smaller value
for x puts the zero vertex closer to the left side of the screeA smaller value for y puts a
zero vertex closer to the top of the screen. The zero verticase (0, 32, 64, 96). The edge
distances property allows the user to control the number ofixels of each edge transition
type. The comma-separated list values have an order. The trénteger (55) corresponds to
the pixel length of edges for the bit 1 transition. This meanghat all the red edges will be 55
pixels long. The following edges are examples from gure 3@0,21),(72,73),(48,49). All bit
2 transition edges will have a pixel length of 50. These aredlvertical edges such as (14,12),
(15,13), (28,30), etc. For this properties le example, oglthe edge lengths for the disjoint
5-cubes need to be speci ed because the edges connectingditerent 5-cubes have lengths
that are necessary products of where they are placed (via tbeiginLocations property). The
easiest way to understand how to do it is by just changing onef the numbers and seeing
how that a ects the display.

The \initialSnake" property gives the user a quick way to getthe IVE to display an
initial set of partial paths without having to manually enter the paths in each of the path
edit boxes. However, when the user wants to edit paths, all leg she needs to do is to edit
the path elds with valid node values and hit return. The usermay also delete a partial
path by selecting the path from the partial path combo chooseand then hitting the delete
button. When the user wants to introduce a new partial path, he IVE knows that if the
user types something entirely new in the \Edit Path" eld, the user is adding a path rather
than editing an existing one. This may seem confusing, but dnly takes a little practice to
get the hang of working with the IVE.
initialPositiveEdges=0,1,2,4,8,16

initiaINegativeEdges=0,1,2,4,8
showDistance=false



drawNegativeSpace=false
showSnake=true
showBinary=false
showDegree=true
nodeDim=10

originLocations=(345,655), (350,320), (760,655), (765, 325)
edgeDistances=55,50,65,95,90

initialSnake=0, 1, 3, 7;:43,59,63;96,104,72;116,118,11 9:80,81,85
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Appendix B

BASIC MODEL OF THE FRAMEWORK

Figure B.1 shows a basic uml diagram of the object-orientedadel of the framework. This is
intended to give a programmer wanting to extend the framew&rthe idea for how the snake-
in-the-box problem and hypercube are modeled together undene framework. The main
recursive method ( ndSnakes) of the PPBBSM is found in Appettix D. The object that is
passed to the ndSnakes method is of type PartialPathHyper@eWrapper. Figure B.1 shows
how the PartialPathHyperCubeWrapper can serve as the mairbatraction for the PPBBSM.
It is the glue that holds together hypercube information wih partial path information. The
uml diagram includes method names as conceptual informatidhat the object model pro-
vides. The diagram can be interpreted linguistically as a FPaalPathHyperCubeWrapper
that extends the functionality of a basic HyperCube. The PdralPathHyperCubeWrapper
is an aggregate of a collection of HyperCubePaths. PathFr@tart and PathFromEnd are
derived from HyperCubePath. HyperCubePath itself, exterglthe java.util.LinkedList. Par-
tialPathHyperCubeWrapper is also associated with an EndRatCoveringTest. The End-
PointCoveringTest deals with the constraint checking desibed in Section 2.4.3.

Figure B.2 shows a group of utility classes that o er static tility methods. These utility
methods proved very useful when implementing the functiofity to check constraints. The
PathMergeUtility handles the complicated task of merginghe forward path to partial paths.
The PathSetUpdateManager handles the job of knowing when ¢hIVE of PPBBSM is
wanting to extend an existing path, rede ne an existing pathor create a new path. It then

takes care of updating the working version of the PartialPdtHyperCubeWrapper instance.
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Figure B.1: A display of the object-oriented model of partibpaths and the hypercube. The
main class is the PartialPathHyperCube wrapper. The PPBBSMwvorks primarily with it
for its representation of potential solutions. It keeps trak of all partial paths and initiates
all the constraint checking that has been described in thihesis. Each box has a sample of
some of the most useful methods that characterize each cla#s this is just a conceptual
diagram, the method full method signatures are not displage The \?" symbol at the end
of method name denotes a boolean return value method.



63

Figure B.2: A display of the static Java Utility Classes thathelp make extension from exten-
sion points a simpler task. This diagram shows that these Uity classes provide information
about an instance of a PartialPathHyperCubeWrapper. In som cases, the PartialPathHy-
perCubeWrapper instance passes itself to these utility daes so that they can inspect and
update the instance.



Appendix C

EXAMPLE INTERFACE IMPLEMENTATIONS

Appendix B shows the basic model of the framework and utilitynethods that can be useful
for anyone wanting to extend the framework from the previolg mentioned extension points.
The Sections of this Appendix will show how simple it is to imi@ment the interfaces that

designate the framework extension points.

C.1 FORWARD NEIGHBOR SELECTOR

Any implementation of ForwardNeighborSelector Java Intdace must implement two

methods.

public List<Integer> selectForwardNeighbors(
PartialPathHyperCubeWrapper ppGraphWrapper);

public void setProperties(String commaSepProperties);

Imagine a scenario in which a researcher wants to limit the &nching factor by only
selecting at most 2 forward neighbors for the PPBBSM to corggr. Furthermore, imagine
that the researcher wants to come up with a way to identify th& \best" forward neighbors
to try. In order to validate their approach, let's say the regarcher wants to compare it to
a baseline method of using 2 random vertices. Given the framerk, it would be a simple
matter to implement such a scheme. In fact, the Java code beldas all it takes in order to

do so.

package snakes.graph.compute.options;
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import java.uti.HashSet;

import java.util.List;

import java.uti.LRandom;

import java.util.Set;

import math.utils.CollectionUtils;

import snakes.graph.PartialPathHyperCubeWrapper;
import snakes.graph.PathFromStart;

public class RandomSubsetSelector implements ForwardNei ghborSelector {
protected int max;
Random random;
public RandomSubsetSelector () {
random = new Random();

}

public List<Integer> selectForwardNeighbors(
PartialPathHyperCubeWrapper ppGraphWrapper) {

PathFromStart fPath = ppGraphWrapper.getForwardPath();
Set<Integer> fNeighbors = new HashSet<Integer>(fPath.ge tForwardNeighbors());
List<Integer> randomForwardNeighbors =
CollectionUtils.convertSetToList(fNeighbors);
if (randomForwardNeighbors.size() > max) {
do {
if (random.nextBoolean()) {
int toDelete = random.nextint(randomForwardNeighbors.s ize());
randomForwardNeighbors.remove(toDelete);

}
}

while (randomForwardNeighbors.size() > max);

}

return randomForwardNeighbors;
}

public void setProperties(String commaSepProperties) {
String[] props = commaSepProperties.split(",");
max = Integer.parselnt(props[0]);

}
}

C.2 UPPER BOUND ESTIMATE

The following source code implements phase 3 described id.2.



66

package snakes.graph.compute;

import java.uti.HashSet;
import java.util.lterator;
import java.util.Set;

import snakes.graph.PartialPathHyperCubeWrapper;
public class ShallowUpperBound implements UpperBoundEstimate {

public int estimateUpperBound(PartialPathHyperCubeWra pper
partialPathHyperCubeWrapper) {

Set<Integer> ppEnds = partialPathHyperCubeWrapper.getP artialPathEnds();
int upperBoundLength =
partialPathHyperCubeWrapper.computeUpperBoundSnakekngth();

if (partialPathHyperCubeWrapper.getForwardPath().isM aximal()) {
return partialPathHyperCubeWrapper.getForwardPath().  size()-1;
}
else {
Set<Integer> processedNeighbors = new HashSet<Integer>( );
/I prevents double counting
int necessaryHyperCubeSubtraction = 0;

for (Iterator iter = ppEnds.iterator(); iter.hasNext();) {
Integer ppEnd = (Integer) iter.next();
try {

Set<Integer> neighborsCopy = new HashSet<Integer>(
partialPathHyperCubeWrapper.getAdjacentNodes(ppEnd) );

neighborsCopy.removeAll(processedNeighbors);
necessaryHyperCubeSubtraction += Math.max(0,neighbors Copy.size()-1);
processedNeighbors.addAll(
partialPathHyperCubeWrapper.getAdjacentNodes(ppEnd) );
}
catch (Exception e) {
e.printStackTrace();
return -1;

}
}

upperBoundLength -= necessaryHyperCubeSubtraction;

}

return upperBoundLength;

}
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Appendix D

PPBBSM SOURCE CODE

The source code below is the main recursive method of the PPBBI. It is basically a
standard depth- rst search, but the search space and baclktcking comes from information
sources o ered by the framework. The PPBBSM stops if the snakis maximal and its length

is greater than the user de ned lower bound.

public void findSnakes(PartialPathHyperCubeWrapper ppG raphWrapper) {
String currentSnakeString = ppGraphWrapper.toString();
PathFromStart startPath = ppGraphWrapper.getForwardPat h();
List<Integer> IstOfForwardNeighbors =
forwardNeighborSelector.selectForwardNeighbors(ppGr ~ aphWrapper);

if (IstOfForwardNeighbors = null) {
for (int i=0; i<IstOfForwardNeighbors.size(); i++) {
try {
List<Integer> newElements =
getNewElements(startPath, IstOfForwardNeighbors.get( 0);

PathSetUpdateManager.modifyPath(startPath, newElemen ts);
if (ppGraphWrapper.getForwardPath().isMaximal() &&
(ppGraphWrapper.computeCurrentSnakeLength()>=lowerBound)){

System.out.printin("FOUND GOAL!"" + ppGraphWrapper.toS tring());
return;
}
else {
if ('ppGraphWrapper.getForwardPath().isMaximal() &&
(ppGraphWrapper.computeUpperBound() >= lowerBound)) {

findSnakes(ppGraphWrapper); // recursive call

if (ppGraphWrapper.getForwardPath().isMaximal() &&
(ppGraphWrapper.computeCurrentSnakeLength()>=lowerBound)){
return;
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}
}
}
}

catch (Exception e) {
e.printStackTrace();

}
ppGraphWrapper.reset();

ppGraphWrapper.loadSnake(currentSnakeString);

startPath = ppGraphWrapper.getForwardPath();
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Appendix E

VALIDATION JUNIT TEST CASE EXAMPLE

Putting in all the framework functionality involved a signi cant programming task with
numerous possibilities for bugs to emerge. The JUNIT testdmework was immensely helpful
to ensure that new functionality didn't break existing fundionality during the development
e ort. There are several Test classes similar to the followg. There are a total of 40 test

cases included in the JUnit test suite.

package test;

import snakes.graph.HyperCubePath;

import snakes.graph.PartialPathHyperCubeWrapper;
import snakes.graph.PathFromStart;

import snakes.utils.PathSetUpdateManager;

import snakes.utils.SnakeUtils;

import junit.framework.TestCase;

public class BasicPartialPathTest extends TestCase {
PartialPathHyperCubeWrapper ppGraphWrapper;
PathFromStart forwardPath;

protected void setUp() throws Exception {
super.setUp();
ppGraphWrapper = new PartialPathHyperCubeWrapper(6, true);
forwardPath = new PathFromStart(
SnakeUtils.parselntegerList("0,1,3,7"), ppGraphWrapp er);

}

public void testPPathAdd() {
HyperCubePath aPath =
new HyperCubePath(
SnakeUtils.parselntegerList("53,37,36"),ppGraphWrap per,true);
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System.out.printin(ppGraphWrapper.getAllDefinedPath s());
assertTrue(ppGraphWrapper.getPartialPathEnds().cont  ains(36));

}

public void testPartialPathMerge() {
HyperCubePath aPath =
new HyperCubePath(
SnakeUtils.parselntegerList("37, 36, 38"),ppGraphWrap per,true);

HyperCubePath aPath2 =
new HyperCubePath(
SnakeUtils.parselntegerList("62, 63, 59"),ppGraphWrap per,true);

try {
PathSetUpdateManager.modifyPath(

aPath, SnakeUtils.parselntegerList("37, 36, 38, 46"));

assertEquals(ppGraphWrapper.getForwardPath().getLas t().intValue(), 13);
assertEquals(ppGraphWrapper.getAllDefinedPaths().si ze(), 2);

System.out.printin(ppGraphWrapper.getAllDefinedPath sQ);
} catch (Exception e) {
e.printStackTrace();
}
assertFalse(ppGraphWrapper.getForwardPath().isAtDea  dEnd());
}
}
}



