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Abstract

The traditional approach to computational problem solving is to use
one of the available algorithms to obtain solutions for all given in-
stances of a problem. However, typically not all instances are the
same, nor a single algorithm performs best on all instances. This
thesis investigates a more sophisticated approach to problem solving,
called Recursive Algorithm Selection, whereby several algorithms for a
problem (including some recursive ones) are available to an agent who
makes an informed decision on which algorithm to select for handling
each sub-instance of a problem at each recursive call made while solv-
ing an instance. Reinforcement learning methods are used for learning
decision policies that optimize any given performance criterion (time,
memory, or a combination thereof) from actual execution and profiling
experience. This thesis focuses on the well-known problem of state-
space heuristic search and combines the A* and RBFS algorithms to
yield a hybrid search algorithm, whose decision policy is learned using
the Least-Squares Policy Iteration (LSPI) algorithm. Our benchmark
problem domain involves shortest path finding problems in a real-
world dataset encoding the entire street network of the District of
Columbia (DC), USA. The derived hybrid algorithm exhibits better
performance results than the individual algorithms in the majority
of cases according to a variety of performance criteria balancing time
and memory. It is noted that the proposed methodology is generic,
can be applied to a variety of other problems, and requires no prior
knowledge about the individual algorithms used or the properties of

the underlying problem instances being solved.
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[Tegiindn

O napadootoxnds Tpo6To¢ ETAUOTC UTOAOYIGTIXGY TEOBANUdT®Y elvon 1)
Yenon evog ex twv dléctuwy alyoplduny rpoxewevou va Beedolyv
AOGES Yo OhaL T OEBOPEVA OTLYILOTUTIA XdTolou TpoBAfuatos. (261660,
ouvidwg dev efvon Gha Tor oTtypdTUTIAL (BLa, OUTE EVOG CUYXEXQWIEVOS
ol ybprduog anodidet BEATioTa Yo 6Aa To oTiyOTUTOL AuTh 1) BtmAwua-
T pyacio EpEUVE Ya TO EXAETTIOUEVT] TPOGEYYLOT) TOU TPOBANUATOC,
Yvoot) wg Avadpopx) Emhoyr) Ahyopiduwy (Recursive Algorithm
Selection), 6mou Sdgopol ahydorduol yioo xdnoto mpdBinua (xdmolot
€& autodv avadpoutxol) eivan Swrdéotuol o évay Tedxtopd 0 onolog o-
rogacilel ooy akydorluo Yo emiéler yia va yeootel To xde umo-
CTYWOTUTO €VvO¢ TPoPATHaTog ot xdle avadpouxt) xAfor Tou yiveTto
xotd Ty entAuon evog otiypotitou. ot udidnorn rohtixady Adng o-
TOQAOEWY TOU BEATIGTOTOIOUY OTOOOATOTE BEBOUEVO XPLTTRLO ATOBOGTS
(ypovoc, uvhun, # ouvbuaouds touc) yenowonotolvtor uédodot evi-
oyvtxhc pddnone (Reinforcement Learning)mou xdvouv ypror eunet-
e TANpogoplag amd TpaypATIXEG EXTEAETEL xou YeTpnoels. H cuy-
xexptévn epyaota €oTidlel 010 YVWoTO TEOBANUA TNG EUPLOTIXAC -
valfitmone oe ywpo xotaotdoewy (state-space search)xat cuvdudlel
Toug ahyopiduoug A* xoau RBFS yia var mapdryer évay uBpidixd ahydpriuo
avalhtnong, émou 1 moltin) AMdne amogdoswy yadaivetoar yenotpo-
rowwvtag tov akyoprduo Least-Squares Policy Iteration (LSPI). To
Ted{o TeoPhnudTeny oto onolo doulédaue tepthopPBdver TpoBhuaTo ebpECTS
GUVTOUOTEPOU UOVOTUTION OF Lol 3d0Y) DEDOUEVWY UE TEAYUATIXE OTOL-
Yela Tou xwouxonolel 6ho To 00O dixtuo T Ilohtelog District of
Columbia (DC) , HITA. O tehixéc uBeidixde ahydpiduoc napouctdlet
A€N0OTERT) AMOBOCT) OE OYECT| UE TOUG UEUOVWUEVOUG akyoplduoug oty
TAELOVOTNTA TWYV TEPITTWOEWY CUUPOYA UE Uiot TANUMEA xpLTNplwy anddooTg
Tou oTaduiCouy Yeovo xou UVAUT. TUEWDVETOL OTL 1] TOOTEWOUEVTY UE-
Yodoroyla etvar yevixt|, uropet va egopuoctel ot TAflog Tpofinudtoy,
2o OEV amalTELTAL TPOTERT YVWOT) GYETIXT| UE TOUS apytxoUs alyopiduoug
TOU Y PTOUOTOLOUYTOL 1) TIC IIOTNTES TWY CTIYUOTOTWY TOU TEOBAAUATOS

TOU ETAVOVTOL.
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Chapter 1

Introduction

Problem solving is a central and well defined concept of Computer Science in
general. After formulating a computational problem, an algorithm is used to
solve the problem. Algorithms are formal and methodic approaches to a certain
problem that returns a solution within finite (and reasonable) time and space. A
problem may be (and is often) approached by more than one algorithms. Much
research has been invested into analyzing the properties of algorithms and their
efficiency in problem solving, in order to be able to understand the impact of

choosing a particular algorithm.

1.1 Problem Solving today

So far the field of problem solving has been dominated by single algorithm ap-
proaches, leaving the choice of the appropriate algorithm to the developer. It is
the developer’s responsibility to study the problem, analyze requirements, comply
with platform constraints and choose the algorithm that best fits these constraints
while fulfilling the necessary requirements. Unfortunately, the choices available
always come with trade-offs. Each choice allows for advantages in some areas,
while having inherent disadvantages in others. These trade-offs, at the algorith-
mic level, can be execution speed versus memory consumption, parallelization
versus synchronization overhead, solution accuracy versus overall complexity, etc.

Making the right choice is what an engineer is expected to do, after meticulous
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1. INTRODUCTION

analysis of the problem, the choices, and the available resources. Since the prob-
lem itself and the resources available are usually out of the engineer’s control, the
choices available are critical to their job and the final outcome of their work.
While there has been significant research in the development of new algorithms
that try to compensate for the disadvantages of existing algorithms as technol-
ogy evolves, research has shifted focus to implementation optimizations as well
as hardware optimizations, that allow for further compensation of algorithm-
inherent disadvantages. It is often the case that despite the variety of available
choices, improvements in hardware as well as in the process of bringing an algo-
rithm from the theoretical level to the actual implementation that will be used,
the trade-offs that are inherent to the algorithm that was chosen do not fulfill the

intentions in a satisfactory way.

1.2 A real world example

To illustrate this point, consider a possible real-world scenario, where a developer
is called upon to choose an algorithm to use in a GPS unit that will display a
path from point A to point B. GPS units do not have the memory capacity or
computational power of a modern PC, but they need to produce results fast and
accurately, given the circumstances in which they are used. The lead developer
would have to choose the algorithm that is best for fast results, possibly increasing
memory requirements, which would lead to either a need for more memory in the
design of the device or perhaps the reduction of memory consumption on other
parts of the application, possibly at the expense of features that would otherwise
improve the usability of the device. Extra cost would be induced to spend more
work hours to optimize other levels of the development process due to lack of
options at the algorithmic level.

There has been some research to aid the developer in choosing the algorithm
that will end up solving the problem out of a given set of available algorithms. All
these solutions however make use of a single algorithm solving the problem from
beginning to end, which means that all inherent advantages and disadvantages

as well will be carried on in the final implementation.
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1.3 What this work is about

1.3 What this work is about

What we propose in this thesis is in the direction of dynamic algorithm selection,
using different algorithms on different sub-instances of the original problem, in
a way that ends up making use of the best aspects of each available algorithm,
by applying to each sub-instance the most appropriate algorithm to yield the
minimum possible cost. In other words, we interleave available algorithms during
the problem solving process. Naturally, the way that this dynamic selection works
has to be generic, and not specific to a particular problem or to a given set of
algorithms, otherwise the re-usability value of this work would be minimal, if any.

We focused on Tree-Search algorithms, designing and implementing a frame-
work, where the available algorithms can be re-defined, new algorithms added,
and to some extend the entire problem class re-defined as well, without inducing
extended extra work. The system is designed in a generic fashion, such that the
developer can define the problem, add algorithms to the selection set, train the
decision policy and eventually get a hybrid algorithm that will allow for improved
performance given the cost definition that was provided. Once the system has
been setup for a specific problem, it can be trained and produce different hybrid
algorithms rapidly, in case the cost definition needs to change.

The way hybrid algorithms are created is by allowing for a choice during the
recursive step of each algorithm. Instead of calling itself, a recursive algorithm
calls a decision making function that has been trained, and is responsible for
choosing the specific algorithm to use on the next recursive call. That way, at
each recursive call we can have a different algorithm, and the solution will not be
produced by any single algorithm alone, but by a the combination of the available
algorithms.

One of the most important aspects of this dynamic selection process is of
course the decision making procedure, as it is this part that eventually produces
the specific hybrid algorithm, and it is this part that will make the difference
between a hybrid algorithm and the individual ones. This is where Reinforcement
Learning (RL) comes in, to train this decision making procedure so that the
choices it makes eventually produce favorable results. We use the Least-Squares

Policy Iteration (LSPI) algorithm [1], which is an off-line Reinforcement Learning
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1. INTRODUCTION

algorithm, meaning it works independently of the problem-solving itself. The
input for this algorithm is a set of samples that represent different choices and
their observed impact. The LSPI algorithm processes this input and returns a
policy for making decisions based on the definition of cost/gain that the developer

gives (penalty /reward function).

1.4 How it is done

Our implementation used two algorithms for Tree-Search: A* and RBFS. They
are both informed-search algorithms, meaning that they both need a heuristic
function. The choice of these two specific algorithms illustrates our original point;
A* is an algorithm that performs very well when speed is the main concern, but
has a great memory consumption, and RBFS is an algorithm that performs very
well when memory is important, but is significantly slower. As described above,
developers are rarely faced with a trade-off choice that one of the opposing factors
can be neglected. In our case, there will rarely be a Tree-Search problem case
where speed is irrelevant and only memory matters, or vice versa. Usually both
are a concern, so even though there are choices available that perform very well
for speed or memory, there is no choice available that performs well for both
speed and memory.

We attempted to achieve a hybrid version of these two algorithms using the
method described above, and measured the performance of the hybrid algorithm
produced against the best of the two original algorithms, for different definitions
of cost based on memory and speed.

The algorithms were applied to a shortest-path finding domain. In particular,
we consider several instances of the problem involving different paths, encoding
a map of the complete road network of Washington, D.C., in a weighted undi-
rected graph format. Each node represents an actual point on the map, with
real latitude (¢) and longitude () coordinates from TIGER /Line data files pro-
vided to the public by the US government [2]. A simple Straight-Line-Distance
heuristic was used for both algorithms. The Straight-Line-Distance heuristic cal-
culates distance in meters from ¢/k coordinates based on approximations that

compensate for earth’s oblate spheroid shape.
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1.5 Overall picture

An initial run was made on this set of instances with random algorithm choices
at each recursive step to collect training samples. This sample set was fed as the
input to LSPI, which in turn produced a decision policy, effectively creating the
desired hybrid algorithm. Different hybrid algorithms were created for different
definitions of the penalty function, all using the same sample set. This means
that only one training run was performed. Subsequently, the hybrid algorithms
were benchmarked and compared against the original algorithms according to
the definition of cost used to create each hybrid algorithm, both on the original

training instances, but also on new unknown instances.

1.5 Overall picture

Overall, the results are very encouraging, as the hybrid versions, on average,
out-performed the original algorithms, with varying amounts of gain depending
on the definition of cost. This will hopefully provide a springboard for further

research in this field.

1.6 Thesis outline

This thesis is organized as follows: In Chapter 2 we will provide the necessary
theoretical background, which includes Tree-Search, heuristics, the algorithms
used (A* and RBFS), Reinforcement Learning and LSPI in particular. In Chapter
3 we provide a more detailed problem statement and an overview of the related
work in the area. In Chapter 4 we describe our approach to Recursive Algorithm
Selection in Tree-Search in detail. In Chapter 5 we present the most important
aspects of the implementation of our approach. In Chapter 6 we provide the
results of our work, and finally in Chapter 7 we discuss the significance of our

results, suggest future work directions and draw some conclusions.

Vasileios C. Vasilikos 5) Diploma Thesis - July 2009



1. INTRODUCTION

Vasileios C. Vasilikos 6 Diploma Thesis - July 2009



Chapter 2

Background

2.1 Searching

2.1.1 The search tree

In the field of Artificial Intelligence, it is quite common for the solution of a
problem to be a sequence of successive states, from some initial state to a goal
state where the problem has been solved. In algorithmic terms, the procedure of
finding such a sequence or path can be modeled by searching a tree, where each
node represents a state, and its successor nodes represent the states to which an
action on that node will lead to. Traversing this tree is the equivalent of taking
actions in the world to which these states belong. Eventually what is sought is
the sequence of actions that needs to be taken in order to reach a goal state from
the initial state. A Tree-Search algorithm is an algorithm that traverses a tree
using a certain strategy, looking for a goal state, and returns the sequence of
actions that led to that state when it finds it.

Obviously, what discriminates problems from each other, other than the de-
scription of states themselves, is the set of specific rules that apply to the succes-
sion of states. This is what is known as the successor function or node expansion
function. When we expand a node, we are applying the rule set that describes
our problem to a specific state that is represented by that node. The effect is a
set of new nodes that represent different states that would be the result of all the
possible actions that can be taken in the current node/state.

The set of nodes that have been generated but have not yet been expanded
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2. BACKGROUND

is what is called the fringe. As such, each node in the fringe is a leaf node of
the traversed part of the tree. The afore-mentioned strategy that a Tree-Search
algorithm uses is the strategy that picks a node from the fringe to expand. This

is called the search strategy.

2.1.2 Tree-Search algorithms

Figure 2.1 shows the general Tree-Search algorithm. In general, a search algo-

rithm is characterized by the following features:
e Completeness: Is the algorithm guaranteed to find a solution if there is one?
e Optimality: Is the algorithm guaranteed to find an optimal solution?
e Time complexity: How much time does it take to find a solution?
e Memory complexity: How much memory is needed to find a solution?

When talking about Tree-Search algorithms in particular, complexity, time
and memory depend on the tree’s branching factor b, the depth of the shallowest

goal node d, and the maximum length of any path in the state space m.

2.1.3 Heuristics

There are two main types of search algorithms: Uninformed or blind search al-
gorithms and informed or heuristic search algorithms [3]. The difference between
them is the absence or presence respectively of additional information about the
problem other than the problem definition itself. A blind search algorithm can
only generate states and distinguish goal states from non-goal states. A heuristic
search can use the additional information that it has to distinguish between states
that are more likely to lead to a goal state than others. In this work we focused
on heuristic search, so blind search will not be discussed further.

Heuristic search makes use of an evaluation function f(n), where n is a node.
This function returns a value for that node, and based on that value and the
search strategy, the algorithm decides which node it will expand next. The general
approach is expanding the node with the best evaluation. It is important to stress

the fact that this is an evaluation and not actual measurement of exactly how
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GENERALTREESEARCH.

Input: Problem, fringe. Returns: Solution/Failure

fringe «— insert(makeN ode(initial State[problem]), fringe)
loop
if fringe.empty = true then
return failure
end if
node «— select Node( fringe) //Search Strategy
if node.isGoal = true then
return success(node)
end if
fringe < insert All(expand(node, problem), fringe)

end loop

Figure 2.1: The general Tree-Search algorithm

much value a certain node holds; if the exact value was known, there would not
be a need for searching and the path to the solution would simply be following the
best node each time. But, since only evaluation is possible, there is no guarantee
that when a node receives a favorable result from evaluation that this node will
necessarily be a good choice.

Part of the evaluation function is the heuristic function. It is this function
that conveys most the additional (external) information that is available to the
algorithm. The search strategy dictates how the algorithm will make use of that
additional information when making a decision. A heuristic function h(n) works
in the same way the evaluation function works. It takes as input a state or node
and returns a value for that node. That value is an informed guess on the actual
value of that node. For example, when searching for shortest paths, a hypothetical
heuristic might return a value that is an informed guess on the actual distance
between the input node and the goal. The quality of the heuristic is just how
accurate this informed guess is; the more accurate a heuristic function is, the
better the algorithm will perform, since it will lead the search mostly towards the

goal rather than away from it.
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Heuristics are categorized depending on their behavior. An admissible heuris-
tic is a heuristic that never overestimates cost (or underestimates gain). This
means that by definition, admissible heuristics are always optimistic. If a heuris-
tic’s return value consistently increases or decreases for successive states as input,
then this heuristic is called consistent. Consistent heuristics are always admissi-
ble, however not all admissible heuristics are consistent [3].

As mentioned in the introductory part of this thesis, the two algorithms that
we used were A* and RBFS. They are both heuristic, complete, optimal search
algorithms. We will describe both algorithms in this section in order to demon-
strate the point that was made earlier, namely the fact that A* has a high memory

complexity compared to RBFS, but much better time complexity, and vice versa.

2.1.4 A*

The most widely known form of best-first search is called A* search [4]. It eval-
uates nodes by combining g(n), the actual cost to reach the node, and h(n), the

estimated cost to get from the node to the goal:

f(n) = g(n) + h(n)

Since g(n) gives the path cost from the start node to node n, and h(n) is the

estimated cost of the cheapest path from n to the goal, we have:
f(n) = estimated cost of the cheapest solution through node n

Thus, if we are trying to find the cheapest solution, a reasonable thing to try
first is the node with the lowest value of g(n) 4+ h(n). It turns out this strategy
is more than just reasonable: provided that the heuristic h(n) is admissible, A*
is both complete and optimal. Since g(n) is the exact cost to reach n and h(n)
is admissible, f(n) will never overestimate the true cost of a solution that goes
through n.

It is worth noting that A* is also optimally efficient. This means that it
expands no more nodes than the exact amount of nodes it needs in order to ensure
optimality. Any algorithm that expands less nodes runs the risk of missing the
optimal solution. Any algorithm that expands more nodes, is producing excess

sub-trees that are irrelevant to the search.
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That A* search is complete, optimal, and optimally efficient among all such
algorithms is rather satisfying. Unfortunately, it does not mean that A* is the
answer to all our searching needs. The catch is that, for most problems, the
number of nodes within the goal contour search space is still exponential in the

length of the solution.

Because it keeps all generated nodes in memory, A* usually runs out of space
long before it runs out of time. For this reason, A* is not practical for many
large-scale problems. Recently developed algorithms have overcome the space
problem without sacrificing optimality or completeness, at the cost of execution

time.

Figure 2.2 shows a basic implementation of the A* algorithm. The evaluate

function used is the one described above.

A*. Input:node, fringe. Returns: Solution

if node.isGoal = true then
return success(node)
end if
fringe «— insert All(expand(node), fringe)
best «— oo
for each n in fringe do
if evaluate(n) < best then
best «— n
end if
end for
A*(best, fringe)

Figure 2.2: The A* algorithm

The following sequence of figures shows an example of how A* would solve a

problem on a hypothetical tree.
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Figure 2.3: A* Example: Step 1

Figure 2.4: A* Example: Step 2

Figure 2.5: A* Example: Step 3

Figure 2.6: A* Example: Step 4
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Figure 2.7: A* Example: Step 5

Figure 2.8: A* Example: Step 6

2.1.5 RBFS

Recursive Best First Search (RBFS) [5] is a simple recursive algorithm that at-
tempts to mimic the behavior of A* but using only linear space. The algorithm
is shown in Figure 2.10. Its structure is similar to that of a recursive depth-first

search, but rather than continuing indefinitely down the path, it keeps track of
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Figure 2.9: A* Example: Step 7

the f-value of the best alternative path from any ancestor of the current node. If
the current node exceeds this limit, the recursion unwinds back to the alternative
path. As the recursion unwinds, RBFS replaces the f-value of each node along
the path with the best f-value of its children. In this way, RBFS remembers the
f-value of the best leaf in the forgotten subtree and can therefore decide whether

it’s worth reexpanding the subtree at some later time.

It is this changing of opinion that can occur during RBFS searching that
induces a great cost in execution time. Each time RBFS changes opinion about
the optimal path, it needs to backtrack and collapse the current sub-tree it is

looking at, and re-expand the alternative sub-tree.

Like A* RBFS is an optimal algorithm if the heuristic function h(n) is admis-
sible. Its space complexity is linear in the depth of the deepest optimal solution,
but its time complexity is rather difficult to characterize: it depends both on
the accuracy of the heuristic function and on how often the best path changes

as nodes are expanded. RBFS is subject to the potentially exponential increase
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RBFS.
Input:node, fringe, fLimit.
Returns: Solution or Failure and new fLimit
if node.isGoal = true then
return success(node)
end if
successors «— expand(node, fringe)
for each s in successors do
[fls] = maz(g(s) + h(s), fnode])
end for
loop
best <« minNode(successors, f)
if best < fLimit then
return failure, f[best]
end if
alternative < secondLowestN ode(successors, f)
result, f[best] < RBFS(best, fringe, min(f Limit, alternative))
if result! = failure then
return result
end if
end loop

Figure 2.10: The RBFS algorithm

in complexity associated with searching on graphs, because it cannot check for
repeated states other than those on the current path. Thus, it may explore the
same state many times.

The following sequence of figures shows an example of how A* would solve a

Figure 2.11: RBFS Example: Step 1

problem on a hypothetical tree.
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Figure 2.12: RBFS Example: Step 2

Figure 2.13: RBFS Example: Step 3

Figure 2.14: RBFS Example: Step 4
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Figure 2.15: RBFS Example: Step 5

Figure 2.16: RBFS Example: Step 6

2.2 Learning

2.2.1 Markov Decision Process

A Markov Decision Process (MDP) is a discrete-time mathematical modeling

framework for decision making, particularly useful when the outcome of a pro-
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Figure 2.17: RBFS Example: Step 7

cess is in part a result of the agents actions and in part random. They have found
extensive use in areas such as economics, control, manufacturing, and Reinforce-
ment Learning.

An MDP can be described as a 4-tuple (8, A, P, R), where:

o 8 ={s1,89,...,8,} is the (finite) state space of the process. The state s is

a description of the status of the process at a given time.

o A ={aj,as,...,ay,} is the (finite) action space of the process. The set of

actions are the possible choices an agent has at a particular time.

e P is a Markovian transition model, where P(s,a,s’) is the probability of
making a transition to state s’ when taking action a in state s. A Markovian
transition model, means that the probability of making a transition to state
s” when taking action a in state s depends only on s and a and not on the

history of the process.
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e Ris the reward function (scalar real number) of the process. It is Markovian
as well and can be the immediate or the expected immediate reward (for
stochastic rewards) at each time step. The expected reward for a state-

action pair (s,a), is defined as:

R(s,a) = Z’P(s,a, s"YR(s,a,s")

s'eS
An MDP is often augmented to include v and D as (S, A, P, R, v, D), where:

e v € (0,1] is the discount factor. When y=1 a reward retains its full value
independently of when it is received. As vy becomes smaller, the importance

of rewards in the future is diminished exponentially by ~*.

e D is the initial state distribution. It describes the probability that each
state in & will be the initial state. On some problems most states have
a zero probability, while few states (possibly only one) are candidates for
being an initial state.

The optimization objective in an MDP is the maximization (or minimization
depending on the problem) of the expected total discounted reward, which is
defined as:

0o
t
ESND;(HN?;StNP E VT | Sop = §

t=0
2.2.2 Policies

A policy n is a mapping from states to actions. It defines the responce (which
may be deterministic or stochastic) of an agent in the environment for any state
and it is sufficient to completely determine its behavior. In that sense,r(s) is the
action chosen by the agent following policy .

An optimal policy 7* also known as an ”undominated optimal policy” is a pol-
icy that yields the highest expected utility. That is, it maximizes the expected
total discounted reward under all conditions (over the entire state space). For
every MDP there is at least one such policy although it may not be unique (mul-
tiple policies can be undominated; hence yielding equal expected total discounted

reward through different actions).
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The state-action value function Q. (s, a) for a policy = is defined over all pos-
sible combinations of states and actions and indicates the expected, discounted,

total reward when taking action a in state s and following policy © thereafter:

00
Qﬂ_(s, a) — EatNﬂ’;StNP(Z’}/trt | So = S,a0 = a)

t=0

2.2.3 Reinforcement Learning

Reinforcement Learning is learning in an environment by interaction [6, 7, 3].
It is usually assumed that the agent knows nothing about how the environment
works (has no model of the underlying MDP) or what the results of its actions
are. In addition, the environment can be stochastic, yielding different outcomes
for the same situation. In contrast to supervised learning there is no teacher to
provide examples of correct or bad behavior. It is very similar to unsupervised
learning, except that one of the percepts is "hardwired” to be recognized as a
reward.

The goal of an agent in such a setting is to learn from the consequences of its
actions, in order to maximize the total reward over time. Rewards are in most
cases discounted, in the sense that a reward early in time is "more valuable” than
a reward later. This is done mainly in order to give an incentive to the agent to
move quickly towards a solution, rather than wasting time in areas of the state
space where there is no large negative reward.

Two related problems fall within Reinforcement Learning: Prediction and
Control. In prediction problems, the goal is to learn to predict the total reward
for a given policy, whereas in control the agent tries to maximize the total reward
by finding a good policy. These two problems are often seen together, when a
prediction algorithm evaluates a policy and a control algorithm subsequently tries
to improve it.

The learning setting is what characterizes the problem as a Reinforcement
Learning problem. Any method that can successfully reach a solution, is consid-
ered as a Reinforcement Learning method. This means that very diverse algo-
rithms coming from different backgrounds can be used; and that is indeed the

case. Most of the approaches can be distinguished into Model-Based learning and
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Model-Free learning. In Model Based learning, the agent uses its experiences in
order to learn a model of the process and then find a good decision policy through
planning. Model Free learning on the other hand tries to learn a policy directly
without the help of a model. Both approaches have their strengths and draw-
backs (guarantee of convergence, speed of convergence, ability to plan ahead, use

of resources).

2.2.4 (Q Learning

Q-learning [8] is a model-free, off-policy, Reinforcement Learning control algo-
rithm that can be used in an online or off-line setting. It uses samples of the form
(s,a,r,s') to estimate the state-action value function of an optimal policy. The

simple temporal difference update equation for Q-learning is:
Qla,s) = Q(a, s) + a(R(s) + ymax Q(d’, s) — Q(a, 5))

Essentially, it is an incremental version of dynamic programming techniques,
which imposes limited computational demands at every step, with the drawback
that it usually takes a large number of steps to converge. It learns an action-
value representation, allowing the agent using it to act optimally (under certain
conditions) in domains satisfying the Markov property. Figure 2.18 shows the Q

learning algorithm.

2.2.5 LSPI

Least-Squares Policy Iteration (LSPI) [1] is a relatively new, model-free, approx-
imate policy iteration Reinforcement Learning algorithm for control. It is an
off-line, off-policy, batch training method that exhibits good sample efficiency
and offers stability of approximation. LSPI has met great success in the last few
years, applied in domains with continuous or discrete states and discrete actions.
LSPI iteratively learns the weighted least-squares fixed-point approximation of
the state-action value function of a sequence of improving policies 7, by solving

the (kxk) linear system
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Q LEARNING.
Input: D,~,Qq, g, 0, 7. Learns Q* from samples
// D: Source of samples (s, a,r,s’)
// ~v: Discount factor
// Qo: Initial value function
// ap: Initial learning rate
// o: Learning rate schedule
// m: Exploration policy
Q — Qo;a « ag;t =0

for each (s,a,r,s') in D do

Q(s,a) — Q(s,a) + oz(r + ymaxges Qs a') — Q(s, a))
a «— oo, ag, t)
t—t+1

end for

return ()

Figure 2.18: The Q Learning algorithm

where w™ are the weights of k linearly independent basis functions. Once all
weights have been calculated, each action-state pair is mapped to a () value, as
such:

k
Q(Sa (l) - Z wi¢i(su a)
=0
and the improved action choice in each state s is given by

7'(s) = argmax Q(s, a)
a”’eA

Figure 2.19 summarizes the LSPI algorithm.
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LSPIL

Learns a policy from samples.

Input: samples D, basis ¢, discount factor v, error €
Output: weights w of learned value function
Initialize w’ « 0
repeat
w—w,A—0,b—0
for each (s,a,r,s') in D do
a' = argmaxgrcqw' ¢(s',a")
A A +6(s,)(6(5,0) ~10(5, @)
b— b+ ¢(s,a)r
end for
w' — A7

until (|jw —w'| <¢€)

Figure 2.19: The LSPI algorithm
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Chapter 3

Problem Statement

3.1 Algorithm Selection: A meta-problem

As described in the introductory section, the main issue this work is trying to
address is that of algorithm selection. Selecting the right algorithm for a problem
is a choice that depends on more things than just the theoretical expectations
for time and memory complexity of each algorithm. Details and specifications of
the hardware are important, as well as the expected distribution of input from
a statistical point of view. Inner details of an algorithm are also important, in
combination with the above. This makes algorithm selection a complex problem
in itself, a sort of meta-problem. As such, it deserves the same amount of research
and experimentation as any regular computational problem. Solutions should be
formulated in a generic, methodic way, so that they can be applied with minimal

modification to every instance of this meta-problem.

A per-instance solution from scratch for any problem is usually not cost ef-
fective, especially when there has already been solutions proposed that apply to
the general nature of that problem. This is why there are generic algorithms that
apply to general formulations of problems, such as sorting algorithms, search al-
gorithms, constraint satisfaction algorithms, etc. Since we have established the
procedure of selecting the correct algorithm as a problem, it would be rational
to try to create solutions for that problem that apply in the general case rather
than a per-instance method, where each instance is treated like a completely new

problem.
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This directly implies that the solution will not be the same for each instance,
which is why we will refer to this as dynamic algorithm selection. This means
that a decision will be made according to the specifics of the instance, but will
be made so based on a set of general rules that will apply, rules that have been

defined in order to make the best decision based on the specifics.

3.2 Recursive Algorithm Selection

Recursive algorithms work exactly by breaking down their input problem into a
sub-problem until they reach a base problem of much smaller complexity, and
gradually reconstruct the solution by composing the final solution out of the
solutions of all the base sub-problems that the original problem was broken down
to. Essentially, each recursive call is equivalent to the original one, only applied to
a smaller problem. So, the algorithm selection problem appears at each recursive
step, when we consider recursive algorithms.

In this work, we take this one step further. Why treat algorithm selection as
a problem whose solution should apply to an entire instance? Why not consider
that a sub-instance of a specific instance could, potentially, be solved better by
another algorithm than the one that seemingly seems the better choice for an
instance overall?

To put it plainly, why should an algorithm be chosen to solve an entire in-
stance, even if the choice has been made in a methodic, regulated way? Problems
usually can be broken down into sub-problems, and it can be the case that cer-
tain sub-problems can be better solved by another algorithm than the one that
was chosen to solve the entire problem. This is what this thesis attempted to

investigate and implement.

3.3 Recursive Algorithm Selection in Tree-Search

We consider the problem of algorithm selection for Tree-Search algorithms, which
are recursive algorithms. During Tree-Search, an algorithm begins at the root of
a tree and traverses through the tree in search of a solution. This traversal is
recursive. Like we described above, recursive algorithms break down the original

problem into sub-problems. In Tree-Search, the original tree is broken down
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into sub-trees during each recursive step. We treat each sub-problem and the
algorithms associated with it as a new algorithm selection problem that needs
to be treated based on its specific characteristics, rather than treating the entire
search tree as one problem and selecting an entire algorithm to solve it.

The problem we attempt to solve is finding a decision policy that would choose
an algorithm at each recursive step of the Tree-Search procedure. Since there
has not been any related work in the field of Tree-Search, we also had to solve
the problem of modeling Tree-Search in such a way that solving the algorithm

selection problem at each recursive step is possible to begin with.

3.4 Related Work

Treating algorithm selection as a problem in itself is not a completely new idea. It
was first stated formally by J.R. Rice in 1976 [9] as a computational problem. The
Algorithm Portfolio was introduced as a paradigm to treating algorithm selection
as a formal computational problem [10].

Since algorithm selection has been established as a computational problem,
there have been a few approaches as to how it should be solved. Those include
studying the instance to be solved and selecting a proper algorithm for it [11],
running multiple algorithms from the portfolio in parallel and terminating as soon
as one solution is obtained by the fastest algorithm, [12] and runtime switching
of algorithms [13].

The work of Lagoudakis, Littman, and Parr [14, 15, 16] is the one closest
to ours, since they consider learning decision policies for Recursive Algorithm
Selection. In particular, they have shown that efficient hybrid algorithms can be
obtained for the problems of sorting, order-statistic selection, and branching rule

selection in the DPLL procedure for satisfiability.
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Chapter 4

The Proposed Approach

We propose a recursive algorithm selection system which refines its decision mak-
ing policy through the LSPI Reinforcement Learning algorithm in order to make

the choices that will allow for optimum performance.

As described in the Problem Statement section of this document, we treat
each recursive step of a Tree-Search as a new instance of the algorithm selection
problem. We use Reinforcement Learning and the LSPI algorithm in specific to

solve each instance of this problem.

The implementation, however, and the design do not restrict themselves to
these problem classes and domains; They are general and with little to no modi-
fication can support different problem classes and domains. We use Tree-Search

and shortest-path as a specific running example, a way to showcase the features.

We implemented a basic Tree-Search framework that would support any Tree-
Search algorithm. As described in the background section, the general Tree-
Search algorithm makes use of a fringe, needs a goal test, and an expand func-
tion. Since we are performing heuristic search, a heuristic function was also
provided. We then proceeded to add two different algorithms to this framework.
The framework was designed and implemented in such a way that it can sup-
port any number of different algorithms attempting to solve the problem at any
given time, so that interleaving of the available algorithms is possible with as
little modification to the original algorithms needed as possible. No knowledge
of the internal workings of the algorithms is embedded in the framework, to keep

the generic nature of the framework. Once algorithms have been added to the

Vasileios C. Vasilikos 29 Diploma Thesis - July 2009



4. THE PROPOSED APPROACH

framework and their interleaving made possible, a training dataset is collected,
by making random algorithm choices to solve a few problems. LSPI is used to
process this dataset and find a policy that minimizes the penalty function. Once
this policy has been found by LSPI, it is implemented into the original framework,
and the hybrid algorithm is benchmarked against the original algorithms using

the penalty function.

4.1 The problem used

The problem we decided to use for our Tree-Search algorithms was a simple
shortest-path problem. We used a graph generated from real world data, with
nodes in the graph representing points on the map. The points are all within the
state of Washington D.C., with geographical coordinates provided by TIGER /Line.
The edges of the graph are also provided by TIGER /Line and are weighted and
undirected. They represent the distance in meters between two nodes, and an
edge exists between two nodes when these two nodes are directly connected on
the map with a street, a road, a highway etc. An instance is created when a start
and finish node is selected from that graph. The solution asked for is one of the

shortest paths from the start node to the finish node.

4.2 The Framework

We designed and implemented a framework that will support problem definitions
of any kind and different Tree-Search algorithms that can be applied on the
problem defined. The framework also supports more than one heuristic. Based
on the general Tree-Search algorithm described in section 2.1.2, all the necessary
structures and methods are available for all Tree-Search algorithms, and with the
presence of heuristics, any heuristic search algorithm can be implemented on the

framework with everything provided for.

4.2.1 Class outline

The main concept behind allowing multiple algorithms to run on the same prob-

lem instance at the same time is to separate data and data structures from the
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algorithms themselves; the search tree is not part of the algorithm, and the same
goes for the other structures and methods described in the general Tree-Search
algorithm, like the fringe, the expand function and the goal test function. These
are all part of the problem definition and modeling/representation. So they can
be separated from the algorithm, and once separated, they can be used by any
number of algorithms. So the framework consists of an N-ary Tree class, with all
the necessary methods to traverse it, modify it, without destroying it when the
algorithm has finished. It also includes an initially empty set of algorithms, and
an initially empty set of heuristics. Algorithms and heuristics can be added by a
simple instruction. The framework includes of course the necessary data to rep-
resent the problem - in our specific example, an adjacency matrix that represents
the original Washington DC graph. Finally, it also includes necessary functions

and data for benchmarking and logging.

4.2.2 The Fringe

The fringe of the search tree is not duplicated, it is simply pointed to. All nodes
in the fringe are linked to each other, in a double linked list that can be traversed
forwards or backwards. The current recursive step is always called on a node
that is on the fringe when the recursive step begins. All internal tree methods
are designed to comply with these constraints: Maintaining the fringe, making

sure that recursion begins at a node on the fringe each time etc.

4.2.3 The Expand Function

The expand function is part of the problem definition and not of the tree, as
described in section 2.1.1. In our case, the shortest path problem, expanding a
tree node means generating all tree nodes that represent adjacent graph nodes to
the graph node that is represented by the tree node we are expanding. Adjacent
nodes can be found by looking through the adjacency matrix that represents the

graph.
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4.2.4 The Heuristic

As described in sections 2.1.5 and 2.1.4, both RBFS and A* are optimal when
the heuristic used is admissible. In our shortest-path problem, an obvious choice
for an admissible heuristic is the straight line distance between two nodes. Since
the smallest possible distance between two points in any dimensional space is the
straight line distance, it will always be smaller or equal to the actual distance of
the two points.

Since we have geographical coordinates available, calculating distance in me-
ters is not straightforward. Latitude (¢) and longitude (1) coordinates are coor-
dinates on the spheroid plane of earth, not a flat Cartesian plane. Hence, some
conversion is needed that will approximate the spheroid plane into a flat plane.
The formula used to calculate the distance d in meters between 2 points (a, b)

with ¢ and A coordinates is:

1
d=60=%1.1515%1.609344 * 1000 % @ *
T
T T T T T
IN(===@q) SIN(—= —Qq — — X — A
arccos (sm( 180¢ ) sin( 120 ¢p) + cos( 180¢ ) cos( 180 op) cos( 180 b))

For distances in the order of a few kilometers, this approximation does not com-
promise accuracy when we need distances expressed in meters with no decimal

digits.

4.2.5 The Algorithms

The algorithms are as described in sections 2.1.5 and 2.1.4. There are some
minor changes to allow for improved performance, such as not generating the
parent node when expanding a node, and completely removing a node from the
tree when it does not generate any nodes if expanded (ie, a dead-end node).

RBF'S uses Quick Sort to sort the successors of the current node.

4.3 Interleaving algorithms

Interleaving different algorithms is no simple task. Each of the two algorithms
is designed with certain assumptions made. In the case of recursive algorithms,

the main assumption is that the same algorithm is making all the recursive calls,
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and that the arguments passed on from recursive step to recursive step follow the
internal dictations of the algorithm. Certain modifications need to be made in
order to keep the algorithms consistent even if the algorithm making the recursive

calls is not always the same one.

4.3.1 Recursive Interference

This still leaves the question of how the actual interleaving works. The idea
was first introduced in [16]. We intercept every recursive call with a call to an
internal function of the framework. This function will decide which algorithm
will be called on the next recursive step. The sequence of decisions made by this
function will eventually form the hybrid algorithm, as it will not always call the
same algorithm over and over, but rather make a different decision each time

based on a certain policy.

4.3.2 Scope and Internal Knowledge

Since we are trying to keep the framework generic, we do not want to incorporate
any knowledge of the internal workings of the algorithms in the framework itself.
This is why we need to separate the problem from the algorithm in terms of
scope, as described above. Everything that an algorithm needs that is outside of

the general algorithm definition needs to be added.

4.3.3 An Example

Figure 4.1 shows the hybrid creation algorithm, ie the decision making function
that intercepts recursive calls.

Using this function, we present the following set of figures that demonstrate
how the example used in sections 2.1.4 and 2.1.5 would be handled by our frame-

work.

4.4 The Learning Process

As explained above, we intercept all recursive calls and replace them with a

function that decides which algorithm will be responsible for the next recursive
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HYBRID CREATION. Input: AbstractArg.

Called at each recursive step and decides next algorithm

// w: The set of weights provided by LSPI
// ¢: The base functions
for each a in port folio do
qla] — Yo w(@)ig(s);
end for
best < min(q)
Abstract Return < port foliolbest](Abstract Arg) //Recursive call.
//portfolio[best| is a function pointer.

return AbstractReturn

Figure 4.1: The Hybrid creation algorithm

A*

Figure 4.2: Hybrid Example: Step 1

A*

Figure 4.3: Hybrid Example: Step 2

step. This decision is made based on a policy that we provide. This policy comes
from the learning process, which takes place offline.

In practice, what takes place during the decision making is that this decision
making function calculates two functions: The Q function for A* and RBFS.
Since our problem, the shortest-path route, is a cost minimization problem, the
algorithm that gets chosen is the one that has the lowest QQ function value.

In order to calculate the Q function (see section 2.2.5 for the definition of Q
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A*
it

Figure 4.4: Hybrid Example: Step 3

REF5

Figure 4.5: Hybrid Example: Step 4

function) a data set needs to be collected. A data set that will log decisions and
their impact. By impact we mean their penalty function value. We define the

penalty function as a linear combination of time and memory.

Once this data set has been collected, LSPI works on converging to a policy
that will minimize the penalty function. This policy is a set of weights for the
different base functions, for each of the actions available. These weights are coded
in the decision making function to calculate Q values for all actions and make

the decision.
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A

At

h*

REF5

Figure 4.6: Hybrid Example: Step 5

Figure 4.7: Hybrid Example: Step 6

4.4.1 The Penalty Function

As stated above, we need a measure for how well or how bad certain choices are.
We define cost as a linear combination of time and memory. Time is measured in
microseconds and memory in bytes. To make combination possible, we need to
scale memory and time into comparable magnitudes. By comparing time values
and memory values in the data set, the ratio that we ended up using was luc~ 5
bytes.

That said, there is still the question of just how much importance does time
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Aﬂi
Ali

A‘#

A*
RBFS

REFS

Figure 4.8: Hybrid Example: Step 7

At

A* .
ONNOL
A* 4 i q
. RBF5

RBFS

REBFS

Figure 4.9: Hybrid Example: Step 8
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have against memory. This question has no real answer; it is different each time.
This is why we decided to test a lot of different combinations of time and memory
contribution. Starting from 0% time - 100% memory and ending up to 100% time
and 0% memory in steps of 10%, we defined 11 different penalty functions:

pr = 0.0T + 1.0M
P2 = 0.1T + 0.9M
ps = 0.2T + 0.8M
p1=0.3T +0.7M
ps = 0.AT + 0.6M
ps = 0.5T + 0.5M
pr = 0.6T + 0.4M
ps = 0.7T + 0.3M
po = 0.87 + 0.2M
pro = 0.97 + 0.1M
pin = 1.0T + 0.0M

Naturally, for each different definition of the penalty function, a different policy

is applied.

4.4.2 Base Functions

The base functions we defined for LSPI were derived from “geometrical” char-
acteristics of the tree. We define the following set of base functions on a given

node:

1. Depth

2. Amount of child nodes

3. Cost of cheapest child node

4. Cost of most expensive child node

5. Average cost of child nodes
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These values should give a picture of the geometrical characteristics of the
tree around that node. We decided to use these characteristics because the per-
formance of the algorithms greatly depends on geometrical characteristics of the
tree, and with these base functions we should get a good distinction of when to

use which algorithm.

4.4.3 Logging

Since we have no policy to decide actions prior to collecting the initial training
data set, we started with a completely random policy, uniformly choosing from
all available actions, randomly at each recursive step. The application logged the
action taken, the values of the base functions at that point, the time and memory
separately, and then the values of the base functions after the action was taken,
and a true/false value in case the state that resulted was a goal state. This took
place at each recursive step, from start to finish of an instance. This was repeated

for 100 different instances, collecting a total of about 5000 samples.

Logging time and memory separately allowed us to execute a single sample
collecting run. The parsing of the data set by LSPI could create all 11 different

penalty functions from the same data set.

4.4.4 LSPI

We defined a new domain for LSPI, named SEARCH. As described in the LSPI
documentation, we had to define a new set of base functions, which we described
above, and parse the data set to create a sample set for each definition of the
penalty function.

Once the data set has been parsed, a sample set is created. LSPI takes this
sample set and begins iterating in an attempt to converge to an optimal policy
based on the penalty function.

The LSPI learn function was called with a discount factor of 1.0, an epsilon
value of 0.001, and a very high limit of iterations in order to ensure convergence,

but this was not needed as LSPI converged at 4 or 5 iterations each time.
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4.4.5 Policy implementation

Implementing the policy LSPI provides is as easy as typing some fixed values in
the original code. LSPI returns a set of weights that correspond to the set of base
functions. This set of weights was in turn coded by hand in the original applica-
tion. It is this set of weights that defines exactly how much of each algorithm will
be part of the final hybrid algorithm, since these weights affect the final value of
the QQ functions of each action.

Since we have 11 different definitions of the penalty function, naturally there

are 11 different policies that needed to be implemented separately.

4.5 Benchmarking

After successfully implementing a policy, the algorithm that was created was
tested against the original algorithms to see if the policy that we found was

worth the extra cost or not.

4.5.1 Comparison Validity

We are comparing algorithms to one another. Since we provide 11 different defi-
nitions for the penalty function, a comparison between the three algorithms (A*,
RBFS, Hybrid) needs to be made separately for each of the 11 definitions of the
penalty function. Comparing performance of one algorithm to another with a
different definition of the penalty function is completely pointless and bears no
actual meaning. The hybrid version was compared against the best of the two

original algorithms at each different penalty function definition.

4.5.2 Performance Definition

Since we are trying to compare two algorithms that are competing against each
other by excelling on the opposing ends of the time/memory trade-off, it is natural
that performance needs to be defined on these two terms. This is why the penalty
function described above is a linear combination of time and memory. Beginning

from favoring one end and gradually shifting to the other means that performance
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is defined differently each time, favoring the term that has the biggest contribution

in the linear combination.
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Chapter 5

Implementation Details

5.1 Language of Choice and Reasoning

Since we decided to go with a more abstract and generic design for the framework
in order to facilitate re-definition of some of its aspects and algorithm interleaving,
object oriented languages were sort of mandatory. There was also a need for a
more direct memory access and system access as well for benchmarking; therefore
scripting languages and Java were not a good choice. This led to C++ as the
language of choice for this implementation.

LSPI however is implemented in MATLAB, but since it is an offline learning
algorithm, it did not affect the choice for the main application language. LSPI
could even be run on an entirely different system than the one that the application

was running on.

5.2 Operating System, Hardware Specifications

and their impact

The entire application was written with as much platform independency in mind
as possible, but benchmarking needs shifted implementation to be Linux only.
The Eclipse IDE [17] was used which makes use of the gcc compiler for C++
[18], and the Linux libraries for measuring real execution time were used for
benchmarking, and the Debian-based distribution Ubuntu in specific.

Linux also provides a very versatile environment for manipulating various
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aspects of the application that are after the compilation. Since we have a lot of
recursive calls, it is sometimes the case that the call stack allocated by default
from the operating system is just not enough. Stack size and other aspects of the
application runtime are easily manipulated in Linux using the terminal command
“ulimits”.

The system on which the application was benchmarked is a 64-bit system,
which allowed for larger integers and longs, possibly needed when calculating the
Q() functions. The processor is dual core with a core frequency of 2GHz on both

cores.

5.3 Debugging and Profiling

The debugger used was gdb [19] from within the Eclipse environment and some-
times the DDD front-end for gdb [20] due to the complexity of debugging large
trees and other data structures.

Since memory management is vital to the application’s performance and
benchmarking, there could be no leaks, mis-allocations or corrupt deallocations.
This made the need for profiling very important. The Valgrind profiler [21] was
used for that purpose, and made proofing the application against bad memory

management a lot easier.

5.4 Code structure, memory management, func-

tion pointers

Following the typical object oriented approach, each class is defined in a separate
pair of .cpp and .h files. Header files contain the declaration and interface of a
class while the source files contain their implementation. The code is arranged in
such a way that the developer only needs to write the main.cpp file, in which they
need to implement the algorithms that they need to add as well as the heuristics if
any. After including the main header of the framework, all the necessary functions
to add the algorithms to the framework and begin working on the problem are
available in a intuitive way that allows for easy use of the classes.

As described above, memory management is vital to the purpose of this work,
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so great care and work has been put into it. Every chunk of memory that is
allocated by the framework is deallocated exactly when needed, ensuring data
consistency. The algorithms that were implemented for this work were also im-
plemented with memory management being a high priority.

Finally, it is worth noticing that the entire process of adding algorithms to a set
might sound simple, but it is not something that comes naturally in programming
languages. This is achieved by using function pointers, and using an abstract class
for passing arguments and returning results from algorithms. The developer needs
to extend these abstract classes to fit his own needs. This is so because adding an
unknown number of algorithms to a class can only be achieved by using an array
of function pointers, which implies that their prototype needs to be the same.

Heuristics are also added in the same way.
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Chapter 6

Results

6.1 The benchmarking process

The first step is selecting the instances on which the algorithms will be bench-
marked. We tried two different sets of instances, each one having 100 instances of
a shortest path problem from the Washington D.C. graph. The first instance set
was the same set of paths that created the training data set (”Training instance
set”). Figure 6.1 shows these paths on the graph. After that, each algorithm
(A*, RBFS and Hybrid) was called to solve these 100 instances, measuring per-
formance in terms of time and memory. The same was repeated for the second
instance set, which was composed of 100 different instances to the ones in the
original set, for which no learning had been applied (”Testing instance set”).

Figure 6.2 shows the paths from the second instance set on the graph.

6.2 Comparisons

As we have 11 different penalty functions, we benchmarked the 3 algorithms in
all 11 definitions of the penalty function, for each of the two instance sets. What
follows is the comparison charts for each of the two instance sets. For each penalty
function we provide both the absolute penalty function charts over 100 instances,

and the percentage gain over 100 instances.
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6.2.1 Training Instance Set

Here we present the charts for the training instance set, the one from which we
extracted the training samples. The charts are presented per penalty function.

Figure 6.3 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.4 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p; = 0.07 + 1.0M

Figure 6.5 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.6 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p, = 0.17 + 0.9M

Figure 6.7 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.8 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is ps = 0.27 + 0.8M

Figure 6.9 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.10 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p, = 0.37 + 0.7TM
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Figure 6.11 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.12 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p5s = 0.47 + 0.6 M
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Figure 6.13 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.14 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is pg = 0.57 + 0.5M

Figure 6.15 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.16 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p; = 0.67 + 0.6 M

Figure 6.17 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.18 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is pg = 0.77 + 0.3M

Figure 6.19 shows the absolute cost of the hybrid algorithm against the best
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of the original algorithms, over 100 instances. Figure 6.20 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is pg = 0.87 + 0.2M

Figure 6.21 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.22 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p1g = 0.97 4+ 0.1M

Figure 6.23 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.24 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p1; = 1.07" + 0.0M

6.2.2 Testing Instance Set

Here we present the charts for the testing instance set, containing instances dif-
ferent from the ones that were used to collect the training samples. The charts

are presented per penalty function.
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Figure 6.25 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.26 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p; = 1.07 + 0.0M

Figure 6.27 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.28 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p, = 0.17 + 0.9M

Figure 6.29 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.30 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p3 = 0.27 + 0.8M

Figure 6.31 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.32 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is py = 0.37 + 0.7TM

Figure 6.33 shows the absolute cost of the hybrid algorithm against the best
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of the original algorithms, over 100 instances. Figure 6.34 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is ps = 0.47 + 0.6 M
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Figure 6.35 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.36 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is pg = 0.57 + 0.5M

Figure 6.37 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.38 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p; = 0.67 + 0.4M

Figure 6.39 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.40 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is ps = 0.77 + 0.3M

Figure 6.41 shows the absolute cost of the hybrid algorithm against the best

of the original algorithms, over 100 instances. Figure 6.42 shows the percentage
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gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is py = 0.87 + 0.2M

Figure 6.43 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.44 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p1g = 0.97 + 0.1M

Figure 6.45 shows the absolute cost of the hybrid algorithm against the best
of the original algorithms, over 100 instances. Figure 6.46 shows the percentage
gain of the hybrid against the best of the original algorithms on the same 100
instances. The penalty function for these figures is p;; = 1.07 4+ 0.0M

6.3 Overall Figures

It is of course more easy to see exactly what was achieved in the following charts
that present the results concentrated, averaging the performance of each of the
11 tests over the 100 instances.

Figure 6.47 shows the absolute average performance in the training instance
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set, on all 11 penalty function definitions, and Figure 6.48 shows the percentage

gain that was achieved on all 11 penalty function definitions.
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Figure 6.47: training instance set, aver-  Figure 6.48: training instance set, aver-

age absolute cost age percentage gain

The next figure, Figure 6.49 shows the percentage gain again but zoomed on
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the last 10 penalty functions to better show the details of the curve.

45 T T T T T T T T

Jar

30

0r

15+

10

D 1 1 1 1 1 1 1
p2 p3 pd p5 pB pd pa pg pl0 p11

Figure 6.49: Training instance set, average percentage gain detail

These next two figures, Figure 6.50 and Figure 6.51 show the same concen-
trated average performance results but this time on the testing instance set. They
show absolute penalty function values and percentage gain respectively.

The next figure, Figure 6.52 shows the percentage gain again but zoomed on
the last 10 penalty functions to better show the details of the curve.

One last set of figures that is worth presenting, is the amount of each of the
two algorithms that is included in the final hybrid algorithm, as a function of the
penalty function definition. Figure 6.53 shows that as time is more important,
A*’s contribution in the final hybrid grows and RBFS’s becomes smaller. As
memory becomes more important, A*’s contribution becomes smaller and RBFS’s
becomes larger. This was calculated based on the samples that were collected
during the training phase. Figures 6.54 and 6.55 show the actual composition of
the hybrid algorithm during the process of solving the instances.

This is exactly what we expected since it shows (apart from the fact that this

is indeed a hybrid algorithm) that the learning process has correctly identified the
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Figure 6.52: Testing instance set, average percentage gain detail

characteristics of each algorithm, performance-wise, and has successfully applied

this new knowledge into the algorithm selection policy.
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Chapter 7

Discussion, Conclusions and
Future Work

7.1 Importance of results and implications

We have shown that the hybrid algorithm created with Recursive Algorithm Se-
lection and Reinforcement Learning can and indeed does out-perform the original
algorithms from which it was created.

What is noteworthy is that the problem is solved not by one algorithm appro-
priately chosen, but rather a mix of the original algorithms. We see that as the
definition of the penalty function changes, so does the composition of the hybrid
algorithm, to shift focus in respect to the definition of the penalty function.

Also important is the fact that using a single sample collecting run we managed
to produce as many policies as we liked. We chose to uniformly spread them across
all of the memory-time spectrum, but there is no limitation as to how many re-
definitions of the penalty function there can be. What is more, we managed to
achieve positive results on completely different instances than the ones used for
collecting the sample data. This is very important and implies that possibly, with
a few well spread sample collecting runs, a much larger area of instances can be
covered and still yield positive results.

However, there is still the issue of actual gain. We benchmarked our hybrid
algorithm against the original algorithms, all within the same framework. How-

ever small, some performance overhead is still induced by the framework, when
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compared to a stand-alone implementation of the original algorithms. It is pos-
sible that the framework overhead can cancel out the performance gain that is
achieved by the framework. But since this overhead is a one-time cost, it will be
divided over the number of problems it manages to achieve some gain in, lessening
its impact even more.

The same can be said for the off-line learning cost that LSPI introduces; Since
it is a one-time cost, over a large number of uses its cost will become minimal and

will be overcome by the average gain that can be achieved on each of the uses.

7.2 Future work

There are a few aspects of this work that can be extended, improved, or re-
done. In terms of experimentation, there is still a lot to be tested in terms
of performance. Different problems, different algorithms, or even on the same
problem can be tested, with different maps, different heuristics, different systems.

In terms of implementation, the way the application works is still a bit prim-
itive. There is a lot of room for work in terms of interfacing with the end user.
Slipstreaming the entire process of optimizing problem solving is probably the

next step in this work.

7.3 Conclusions

Obviously the results were produced in sort of laboratory conditions, and not
in real world conditions. However, we believe that as this work presents a rela-
tively new approach in problem solving strategies, since the results are positive, it
should provide some incentive for further research in this direction. As hardware
optimization techniques reach a saturation point, and compile-time or run-time
optimizations can only go so far, we believe that research should also return focus
to algorithmic optimizations.

Having achieved a positive result in this research, we have proven that opti-
mizations can still be achieved without necessarily upgrading to better hardware
or a better compiler, or even operating system. Hopefully this will provide the

necessary motive for more research in this area.
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