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ABSTRACT

Transfer learning is an inherent aspect of human learningeMfumans learn to perform a
task, we rarely start from scratch. Instead, we recall eéknowledge from previous learning
experiences and apply that knowledge to help us master th¢éas& more quickly.

This principle can be applied to machine learning as well.cMae learning often addresses
single learning tasks in isolation. Even though multiplated tasks may exist in a domain, many
algorithms for machine learning have no way to utilize thosationships. Algorithms that al-
low successful transfer from one task (the source) to amdési (the target) are necessary steps
towards making machine learning as adaptable as humanrgarn

This thesis investigates transfer methods for reinforagn@arning (RL), where an agent takes
series of actions in an environment. RL often requires suttistt amounts of nearly random explo-
ration, particularly in the early stages of learning. Thdigkto transfer knowledge from previous
tasks can therefore be an important asset for RL agents.sferafiom related source tasks can
improve the low initial performance that is common in chadieng target tasks.

| focus on transferring relational knowledge that guidetsomcchoices. Relational knowledge
typically uses first-order logic to express information abeelationships among objects. First-
order logic, unlike propositional logic, can use variabileat generalize over classes of objects.
This greater generalization makes first-order logic mofecgiive for transfer.

This thesis contributes six transfer algorithms in thretlegaries: advice-based transfer, macro
transfer, and MLN transfer. Advice-based transfer usescestask knowledge to provide advice

for a target-task learner, which can follow, refine, or igndhe advice according to its value.
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Macro-transfer and MLN-transfer methods use source-taplergence to demonstrate good be-
havior for a target-task learner.

| evaluate these transfer algorithms experimentally incin@plex reinforcement-learning do-
main of RoboCup simulated soccer. All of my algorithms preveinpirical benefits compared to
non-transfer approaches, either by increasing initialggerance or by enabling faster learning in

the target task.



Chapter 1

Introduction

Transfer learnings an inherent aspect of human learning. When humans learertorm a
task, we rarely start from scratch. Instead, we recall @iéknowledge from previous learning
experiences and apply that knowledge to help us master theéas& more quickly [27].

Human transfer learning is often studied in the context afcation, where transfer could be
seen as the ultimate goal. The hierarchical curricularcstine of schools is based upon the belief
that learning tasks can share common stimulus-responseerts [99]. The focus on abstract
problem-solving methods is based on the idea that lear@iskstcan share general underlying
principles [9, 30].

Another area of human activity in which transfer learningften studied is that of language,
or more precisely, multilingualism. Knowledge of one laaga can affect learning in a second
language, and vice versa [61, 111]. In both of these aremssfer can be a powerful method of
facilitating human learning.

This principle can be applied tmachine learningas well. Machine learning often addresses
single learning tasks in isolation. Even though multiplated tasks may exist in a domain, many
algorithms for machine learning have no way to utilize thadationships. Algorithms that allow
successful transfer are steps towards making machinaieggais adaptable as human learning.

In human learning, the goal of transfer research is typydalldetermine what conditions facil-
itate transfer. Educators hope to activate and maximizetaexisting mechanisms for transfer
learning in students’ brains. In machine learning, howger goal of transfer research is to design
effective mechanisms for transfer. This thesis contribseveral transfer mechanisms for one type

of machine learning.
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Figure 1.1: Transfer learning is machine learning with an additionalrse of information apart from the
standard training data: knowledge from one or more relaskist

1.1 Thesis Topic

Transfer in machine learning can be illustrated by Figurk 1A typical machine-learning

problem can be characterized as:

GIVEN Training data for task’

DO Learn taskl’

A typical transfer-learning problem can be characterized a

GIVEN Training data for task” AND knowledge from related task(s)

DO Learn taskrl’

Here S represents one or mosource taskshat were previously learned, and represents
a new and relatetharget task The goal of transfer is to improve learning in a target tasing
knowledge acquired in source tasks.

Transfer is desirable in many types of machine learning. Mykwfocuses on transfer in
reinforcement learningRL), where an agent takes series of actions in an envirohf8&h RL
often requires substantial amounts of nearly random eaptor, particularly in the early stages of
learning. The ability to transfer knowledge from previoasks can therefore be an important asset
for RL agents. Transfer can reduce the long initial periodbaf performance that is common in
challenging tasks.

Many types of knowledge can be transferred between RL talgkswork focuses on trans-
ferring relational knowledgéehat guides action choices. Relational knowledge typraadlesfirst-

order logic to express information about relationships between objgg8]. First-order logic,



unlike propositional logic, can use variables that genegabver classes of objects. This greater

generalization makes first-order logic more effective fansfer.

1.2 Thesis Statement
This thesis investigates the following claims:

Transfer learning can improve learning in reinforcemeatiéng tasks. Source-task
knowledge can guide learners’ action choices in relategetaasks to produce better
performance than random exploration. This guidance canvdkarners to perform
better while learning the target task than they would othesw Relational learning

can provide effective and interpretable transfer knowéefly reinforcement learners.

1.3 Thesis Contributions

This thesis presents researchretational transfer in reinforcement learningdt contributes six
major RL transfer algorithms, which are listed in Table 1.1.

The material is organized as follows. Background informatheeded for later chapters is in
Chapter 2. Chapter 3 gives a survey of transfer learning on a sddle, covering both inductive
learning and reinforcement learning. Chapters 4, 5, and $emtemy original research. Conclu-
sions and suggestions for future research are in Chapter @. Appendices contain additional
information set aside from the chapters for the purposesadability.

The first chapter of original research, Chapter 4, presentsalgorithms foradvice-based
transfer They express source-task knowledge as advice for thettegle learner, which uses an
advice-taking RL algorithm. This approach can produceefdsiarning in the target task.

The second chapter of original research, Chapter 5, presemtigorithms fomacro-operator
transfer They express source-task knowledge with relational fisigde machines, which the
target-task learner uses to demonstrate good behaviors agproach can produce high initial

performance in the target task.



Table 1.1: A list of major algorithms contributed by this thesis.

Transfer Algorithm 1.
Transfer Algorithm 2:
Transfer Algorithm 3:
Transfer Algorithm 4:
Transfer Algorithm 5:
Transfer Algorithm 6:

Policy Transfer via Advice Table 4.1
Skill Transfer via Advice Table 4.3
Single-Macro Transfer via Demonstat  Table 5.1
Multiple-Macro Transfer via Demoreion Table 5.7
MLNQ-Function Transfer Table 6.1
MLN Policy Transfer Table 6.5

The third chapter of original research, Chapter 6, presemtsalgorithms fortransfer via
Markov Logic NetworksThey express source-task knowledge with a statistidatiomal model,
which the target-task learner uses to evaluate actions dpproach also can produce high initial

performance in the target task. | also show that Markov Loggtworks can improve performance

in the source task from which they are learned.

| evaluate all of these transfer algorithms experimentallg complex reinforcement-learning
domain: RoboCup simulated soccer [59]. RoboCup is a much n@mmplex domain than many
typical testbeds for RL, which include maze worlds, games] simple control problems such
as balancing poles and accelerating cars up hills. Ston&atidn [81] introduced RoboCup as a
challenging RL domain due to its large, continuous statespad nondeterministic action effects.

This complexity also makes it a challenging domain for tfansvhich is important for realistic

evaluation of my proposed methods.



Chapter 2

Background

This chapter provides background information that laysftamework for the rest of the dis-
sertation. Section 2.1 reviews reinforcement learning)(&hd introduces the RL domain and the
RL algorithm | use in experiments. Section 2.2 explains thg Weport results and the statistical
methods | use to compare algorithms. Section 2.3 reviewscing logic programming, a method
of learning relational concepts that | use extensively &ational transfer. Section 2.4 reviews
Markov Logic Networks, which | use in several transfer agmioes as a more detailed way to

represent relational concepts.

2.1 Reinforcement Learning

In reinforcement learning [87], an agent operates in ancejissequential-control environ-
ment. It senses th&tateof the environment and perfornactionsthat change the state and also
trigger rewards Its objective is to learn @olicy for acting in order to maximize its cumulative
reward during an episode. This involves solving a temparadiit-assignment problem, since an
entire sequence of actions may be responsible for a singfeeofiate reward.

A typical RL agent behaves according to the diagram in FiQuie At time step, it observes
the current state; and consults its current policy to choose an actiom(s;) = a,. After taking
the action, it receives a rewarg and observes the new statg ;, and it uses that information to
update its policy before repeating the cycle. Often RL csissdf a sequence efpisodeswhich

end whenever the agent reaches one of a set of ending states.
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Figure 2.1: A reinforcement learning agent interacts with its envir@amt it receives information about its
state (s), chooses an action to take (a), receives a rewaaddra new state, learns from that
information, and so on.

Formally, a reinforcement learning domain has two undagyunctions that determine imme-
diate rewards and state transitions. The reward funetien) gives the reward for taking action
a in states, and the transition function(s, a) gives the next state the agent enters after taking
actiona in states. If these functions are known, the optimal policy can be calculated directly
by maximizing thevalue functionat every state. The value functidf}(s) gives the discounted

cumulative reward achieved by polieystarting in state:

Vi(se) =1 +yre + 727”t+2 + ... (2.1)

The discount factofy € [0, 1]. Settingy < 1 gives later rewards less impact on the value function
than earlier rewards, which may be desirable for tasks witffigzed lengths.

During learning, the agent must balance betwegploitingthe current policy (acting in areas
that it knows to have high rewards) aeg@ploringnew areas to find higher rewards. A common
solution is thee-greedy method, in which the agent takes random exploradotipns a small
fraction of the time € << 1), but usually takes the action recommended by the currdittypo

Often the reward and transition functions are not known, Hretefore the optimal policy
cannot be calculated directly. In this situation, one appate RL technique iQ-learning [110],
which involves learning &-function instead of a value function. TkfunctionQ(s, a) estimates
the discounted cumulative reward starting in statand taking actior and following the current
policy thereafter. Given the optim&-function, the optimal policy is to take the highest-valued

action,argmaz,Q(s, a), at each step.



RL agents in deterministic worlds can begin with an inaceu@function and recursively

update it after each step:

Q(s¢,ar) «— 1 + v max, Q(si41,a) (2.2)

Thus the current estimate ofavalue on the right is used to produce a new estimate on the lef
Under certain conditiongQ-learning is guaranteed to converge to an accugafanction [110].
Even when these conditions are violated, the method capsiduce successful learning in prac-
tice.

In the SARSA variant oQ-learning, the new estimate uses the aciial instead of the: with
the highest)-value; this takes exploration steps into account durirgpigs. In non-deterministic
worlds, a learning rate € (0, 1] is used to form a weighted average between the old estimdte an
the new one; this allows th@-function to converge despite non-deterministic effe@¥tsth these

two changes, the update equation becomes:

Q(st,ar) «— (1 — ) Qs ar) + v (re + 7 Q(St41, A1) (2.3)

While these equations give update rules that look just oneadtead, ta,, 1, it is also possible
to perform updates over multiple steps. In temporal-déffexe learning [86], agents can combine
estimates over multiple lookahead distances.

When there are small finite numbers of states and actiontumction can be represented
in tabular form. However, some RL domains have states tleatlescribed by very large feature
spaces, or even infinite ones due to continuous-valuedréesatmaking a tabular representation
infeasible. A solution is to use a function approximatordgpresent th€-function (e.g., a neural
network). Function approximation has the additional beéra#fproviding generalization across
states; that is, changes to tQevalue of one state affect th@-values of similar states, which can

speed up learning.



2.1.1 Implementing RL with Support Vector Regression

For experiments in this thesis, | use a form @flearning called SARSAY), which is the
SARSA form of temporal-difference learning. The algorithmse is RL via support-vector re-
gression [48] (RL-SVR). It represents the state with a setuwheric features and approximates
the Q-function for each action with a weighted linear sum of thésstures. It finds the feature

weights by solving a linear optimization problem, mininmgithe following quantity:
ModelSize+ C' x DataMisfit

HereModelSizas the sum of the absolute values of the feature weights DatdMisfitis the
disagreement between the learned function’s outputs amdréiming-example outputs (i.e., the
sum of the absolute values of the differences for all exag)plBhe numeric parametér specifies
the relative importance of minimizing disagreement witl tlata versus finding a simple model.

Most Q-learning algorithms make incremental updates to@inctions after each step the
agent takes. However, completely re-solving the aboveropdition problem after each data point
would be too computationally intensive. Instead, agent®opa batches of 25 full episodes at a
time and re-solve the optimization problem after each batch

Formally, for each action, the RL-SVR algorithm finds an oyati weight vectorw that has
one weight for each feature in the feature veatomlhe expecte®-value of taking an action from
the state described by vectorns wz + b, whereb is a scalar offset. Agents follow thegreedy
exploration method, taking the highest-valued action libbatl a small set of random steps.

To compute the weight vector for an action, the RL-SVR aldponi finds the subset of training
examples in which that action was taken and places thosaéaatctors into rows of a data matrix
A. When A becomes too large for efficient solving, it begins to disogpiésodes randomly; the
probability of discarding an episode increases with theadglee episode. Using the current model
and the actual rewards received in the examples, it comirnesue estimates and places them

into an output vectoy. The optimal weight vector is then described by Equation 2.4

Aw+be =y (2.4)



Here@ denotes a vector of ones. The matdxcontains 75% exploitation examples, in which
the action is the one recommended by the current policy, &6 &ploration examples, in which
the action is chosen randomly. The purpose of including Kpmogation examples is to ensure
that bad moves are not forgotten. When there are not enoudbraipn examples, the RL-SVR
algorithm creates synthetic ones by randomly choosingoggpion steps and using the current
model to score random actions for those steps.

In practice, it is preferable to have non-zero weights fdy@few important features in order
to keep the model simple and avoid overfitting the trainingmegles. Furthermore, an exact linear
solution may not exist for any given training set. The RL-S&Borithm therefore includeslack
variabless that allow inaccuracies on some examples, and a penaltyneéeaC for trading off

these inaccuracies with the complexity of the solution. fdgilting minimization problem is

min ||w|[s + v[b] + C|]s]|s
(w,b,s) (2.5)
st. —s<Aw+be —y<s.

where| - | denotes an absolute valyg; ||; denotes the one-norm (a sum of absolute values), and
v is a penalty on the offset term. By solving this problem, tHe &R/R algorithm produces a
weight vectorw for each action that compromises between accuracy andisitypllhe tradeoff
parametelC' decays exponentially over time so that solutions may be rooneplex later in the
learning process.

Several other parameters also decay exponentially over. tihre temporal-difference param-
eter )\, so that earlier episodes combine more lookahead distaheeslater ones; the learning
rate a,, so that earlier episodes tend to produce laQeralue updates than later ones; and the

exploration rate, so that agents explore less later in the learning process.

2.1.2 RoboCup: A Challenging Reinforcement Learning Domai

One motivating domain for transfer in reinforcement leagnis RoboCup simulated soccer.
The RoboCup project [59] has the overall goal of producingtimsoccer teams that compete on

the human level, but it also has a software simulator foraesepurposes. Stone and Sutton [81]
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Figure 2.2: Snapshots of RoboCup soccer tasks. In KeepAway, one teaesgthsdall to prevent the other
team from taking possession of it. In BreakAway, one teamnats to score a goal against
another team. In Movedownfield, one team attempts to maneuvess a line while another
team attempts to take possession of the ball.

introduced RoboCup as an RL domain that is challenging becaligs large, continuous state
space and nondeterministic action effects.

Since the full game of soccer is quite complex, researchave ldeveloped several smaller
games in the RoboCup domain (see Figure 2.2). These are mlyengulti-agent games, but a
standard simplification is to have only one agent (the on@gsession of the soccer ball) learning
at a time using a model built with data combined from all theypks on its team.

The first RoboCup task i8/-on-N KeepAway [81], in which the objective of the reinforce-
ment learners callelleeperss to keep the ball away fronV hand-coded players callg¢dkers
The keeper with the ball may choose either to hold it or to jtatssa teammate. Keepers without
the ball follow a hand-coded strategy to receive passes.géhee ends when an opponent takes
the ball or when the ball goes out of bounds. The learnersveee+1 reward for each time step
their team keeps the ball. | have also developed a versioreepKway in which move actions are
allowed [103], but | use the standard version in this thesis.

The KeepAway state representation was designed by Ston8u#twh [81]. Appendix A lists
all the features and actions. The keepers are ordered hycilmeent distance to the learnkd, as
are the takers.

A second RoboCup task i#/-on-N MoveDownfield, where the objective of thé reinforce-
ment learners callegtackerds to move across a line on the opposing team'’s side of theikile

maintaining possession of the ball. The attacker with tHienbiay choose to pass to a teammate or
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to move ahead, away, left, or right with respect to the opptsgoal. Attackers without the ball
follow a hand-coded strategy to receive passes. The gansevemeh they cross the line, when an
opponent takes the ball, when the ball goes out of bounddteratime limit of 25 seconds. The
learners receive symmetrical positive and negative resvlodhorizontal movement forward and
backward.

The MoveDownfield features and actions are also listed inefplx A. The attackers are
ordered by their current distance to the leara@ras are the defenders.

A third RoboCup task is\/-on-N BreakAway, where the objective of the attackers is to
score a goal again$t — 1 hand-codedlefendersand a hand-codegoalie The attacker with the
ball may choose to pass to a teammate, to move ahead, awagrleight with respect to the
opponent’s goal, or to shoot at the left, right, or centet pathe goal. Attackers without the ball
follow a hand-coded strategy to receive passes. The gansevemeh they score a goal, when an
opponent takes the ball, when the ball goes out of bounddteratime limit of 10 seconds. The
learners receive a +1 reward if they score a goal, and zerarceatherwise.

The BreakAway features and actions are also listed in AppehdThe attackers are ordered
by their current distance to the learrad), as are the non-goalie defenders.

Stone and Sutton [81] found that learning in KeepAway is \hffjcult with only the continu-
ous features listed. They propaseng to overcome this difficulty. Tiling discretizes each featur
into intervals, each of which is associated with a Booleatuee. For example, the tile denoted
by distBetween(a0, ag) o takes value whenalis between 10 and 20 units away fraf and
0 otherwise. | follow this approach and add to the feature s&ittiles per continuous feature in
all of the RoboCup tasks.

Some parameters in RL-SVR, including many that decay exuaily, need to be set appro-
priately for the domain. | use the following settings for R@p tasks. The temporal-difference
parameten\ = exp(—age/100) where theange of an episode is the number of episodes the learner
trained on before that episode. The learning rat®s an initial value 0f.5 and a half-life of 1000

episodes, and the exploration rateas an initial value 06.025 and a half-life of 2500 episodes.
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The offset penalty = 100, and the complexity penalty has an initial value of000 with a half-
life of 2500 games. | tuned these values for RL-SVR, and | heduned settings for the transfer
algorithms in this thesis.

The three RoboCup games have substantial differences urésatctions, and rewards. The
goal, goalie, and shoot actions exist in BreakAway but nthé@wother two tasks. The move actions
do not exist in KeepAway but do in the other two tasks. Rewar#d®epAway and MoveDownfield
occur for incremental progress, but in BreakAway the rewarthore sparse. These differences
mean the solutions to the tasks may be quite different. Heweome knowledge should clearly
be transferable between them, since they share many feantesome actions, such as pass
action. Furthermore, since these are difficult RL tasksedpgy up learning through transfer would

be desirable.

2.2 Learning Curves and Statistical Comparisons

The performance of a reinforcement learner is typicallystrated with dearning curve A
reasonable learning curve displays increased performgmcéhey-axis) as training progresses
(on thez-axis). In this thesis, the figures for experimental rescdstain several learning curves:
one for RL-SVR, and one for each transfer algorithm being garad.

| use a consistent methodology to display these curves. Becthe RoboCup domain has
high variance across RL runs, each curve is an average offizgbate runs. Furthermore, because
RoboCup games have high variance across batches withineacimpoint on a curve is an average
over the last ten batches (250 games). These two kinds adgiwersmooth the curves to facilitate
visual and statistical comparisons.

For transfer experiments, there is an additional sourceaoBxce: the source run used for
transfer. To account for differences across source runselfive independent source-task runs,
and from each of these, | do five target-task runs, produdiegdtal of 25 runs. RL-SVR curves
are simply 25 independent runs.

For all experiments, the-axis shows the number of training games in the target tabiGw

starts at 0 and ends at 3000 for RoboCup games; 3000 games Isrjgsenough for all the
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RoboCup games to reach an asymptote. JHagis shows an appropriate measure of performance
in the target task, which depends on the game. In BreakAwaythe probability that the agents
will score a goal in a game. In MoveDownfield, it is the averagedistance traveled towards the
right edge during a game. In KeepAway, it is the average lenfia game before the opponents
take possession of the ball.

| do not show any information about source-task learningmieporting experimental results
for transfer algorithms. Source tasks are always learngld RL-SVR for 3000 games. | re-use
source runs for all transfer algorithms; for example, ineadpberiments that involve transfer from
2-on-1 BreakAway, | use the same five 2-on-1 BreakAway somus.

The learning-curve figures can give visual insight into thegtion of whether one transfer al-
gorithm is better than another. Qualitatively speakinguifve A is above curve3, then algorithm
A is better. However, there are some cases where cdingeabove curveB at the beginning but
below it further down the:-axis. Qualitative conclusions may still be possible inesd#ke these if
one has a preference for earlier or later performance. Ifastngle performance measure is use-
ful to make a quantitative comparison between algorithmankf curve A is consistently above
curve B, a quantitative comparison is needed to evaluate whetleedifference is statistically
significant.

The measure | use to express the total performance of a rbwe igrea under its curve, which

is approximated by a sum of columns:

area = i 25 X y; (2.6)
=1
where each column height is they-value at batchi, the column width 25 is the constant size of
each batch, and there are 120 batches for a total of 3000 games
To determine whether the area for runs in grotis significantly different from the area for

runs in groupB, | use a randomization test [13] (see Table 2.1). The tesisdtg calculating
the actual-statistic for the group of runs id versus the group of runs if8. Then it shuffles all
the runs together, chooses two new groups from them randertityreplacement, and measures a

newt-statistic. It repeats this randomization step many tinhesé¢r = 100, 000) to produce a list
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Table 2.1: A randomization test to judge whether one group of numbesigisficantly higher than another,
based on Cohen [13].

Input: array of numbersl = (aq, as, ..., a,) // In my experiments, these are areas under curves in group A
array of numbers3 = (b1, bo, ..., b,) [/ In my experiments, these are areas under curves in group B

Let A = averagefs, as, ..., a,) ando? = varianceg, as, ..., a,)

Let B = averagefy, bs, ..., b,) ando% = varianceky, bo, ..., by,)

Lett = —A-B Il The actuak-statistic

Ve [ohtoh
LetT =0 /l The eventual set of randomized-statistics
Fori=0tor

Shuffle A and B randomly intoA; and B;
Calculated;, B;, 03 , 0%
Calculatet; with thet-statistic equation above
T—TUt
If ¢ < 0letp be the fraction of; € T more negative than
If ¢ > 0 letp be the fraction of; € T"more positive thamn
If p < 0.05 then the difference betweehand B is significant

of randomized-statistics. Finally it estimatesmvalue: the proportion of randomizédebstatistics
that have larger magnitude than the actual one. This igndted in Figure 2.3.

The idea behind this test is as follows. Tt&tatistic is a measure of how different two groups
are. If A and B are truly different, mixing them randomly will not maintathat difference, and
the great majority of the randomizeektatistics will have lower magnitude than the actual one.
On the other hand, iA and B are not very different, mixing them will have less of an effeand
the proportion of randomizetstatistics that exceed the actual one will be higher. Agthalue
becomes higher, one becomes less confidentAletd B are significantly different. Convention
dictates that one can conclude the difference betweand B is significant when < 0.05.

To determine how different the areas fdrand B are, | use another randomization test (see
Table 2.2) that calculates a confidence interval for theedifice between the areas [13]. This
test randomly resamples runs fromwith replacement, and likewis8, calculates the average
areas for the new groups, and finds the new difference. Itatsplis randomization step many

times (I user = 100, 000) to produce a list of resampled differences. Finally itmasties a 95%
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Table 2.2: A randomization test to estimate a 95% confidence intervalterdifference between two
groups of numbers, based on Cohen [13].

Input: array of numbersl = (aq, as, ..., a,) // In my experiments, these are areas under curves in group A
array of numbers3 = (b1, bo, ..., b,) [/ In my experiments, these are areas under curves in group B
LetD =0  // The eventual set of resampled differenced — B
For:=0tor
Resampled randomly with replacement to get;
ResampleB randomly with replacement to gé;
Let A; = averaged;, as, ..., a,)
Let B; = averagdy;, bs, ..., b,)
Letd; = /L — Bz
D «+— DuUd;
SortD in increasing order
Let lower be the2.5"" percentile ofD
Let upper be the97.5t" percentile ofD
Return intervallower, upper]

confidence interval: the lower bound is t2&'" percentile of the list, and the upper bound is the
97.5t" percentile. This is also illustrated in Figure 2.3.

While a confidence interval is not particularly meaningfuisalation, it can be useful to com-
pare intervals across different experiments. For exanifplee interval between algorithm and
RL-SVR is[5,10] and the interval between algorithm and RL-SVR is[50, 100], then theprac-
tical difference provided byB is greater than that provided by, even if they both provide a
statisticaldifference.

For each comparison between an algoritdnand an algorithmB that | make in this disser-
tation, | report thep-value and the 95% confidence interval for ar®pa{ area3). If p < 0.05,
| indicate that the difference between the algorithms iistteally significant, and | note which

algorithm won the comparison.
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Figure 2.3: lllustrations of the statistical tests in Tables 2.1 and Z&) The dots represent randomized
t-statistics for algorithms! and B, and thep-value captures how many are more extreme than
the actuat. (b) The dots represent resampled differences between ameas curvesA and B,
and the 95% confidence interval encompasses 95% of thesesvalue

2.3 Inductive Logic Programming

Inductive logic programming (ILP) is a technique for leangclassifiers in first-order logic [68].
Most of my transfer algorithms use ILP to extract knowledgarf the source task. To make these

algorithms understandable, this section provides a briefwew of ILP.

2.3.1 What ILP Learns

An ILP algorithm learns a set of first-order clauses, whichstusually be definite clauses. A
definite clause hasl@ead which is a literal that evaluates toue or falsebased on &ody, which
is a conjunction of other literals. Literals describe relaships between objects in the world,
referring to objects either as constants (lower-case) nabkes (upper-case). In Prolog notation,
the head and body are separated by the symbol :- denotingcatiph, and commas separate the
literals in the body, denoting conjunction.

As an example, consider applying ILP to learn a clause da@sgrivhen an object in an agent’s
world is at the bottom of a stack of objects. The world alwagstains the objedloor, and may
contain any number of additional objects. The configuratitthe world is described by predicates
stackedOn(Obj1, Obj2vhereObjl andObj2 are variables that can be instantiated by the objects,
such as:

stackedOn(chair, floor).

stackedOn(desk, floor).
stackedOn(book, desk).
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Suppose the ILP algorithm needs to learn a clause with the isBattomOfStack(Objhat is
true whenObj = deskbut false wherObj € {floor, chair, book. Given those positive and negative

examples, it might learn the following clause:

isBottomOfStack(Obj) :-
stackedOn(Obj, floor),
stackedOn(OtherObj, Obj).
That is, an object is at the bottom of the stack if it is on therfland there exists another

object on top of it. On its way to discovering the correct slauthe ILP algorithm would probably

evaluate the following clause:

isBottomOfStack(Obj) :-
stackedOn(Obj, floor).

This clause correctly classifies 3 of the 4 objects in the evdsut incorrectly classifieshair
as positive. In domains with noise, a partially correct skalike this might be optimal, though in
this case the concept can be learned exactly.

Note that the clause must be first-order to describe the @breoectly: it must include the
variablesObj and OtherObj First-order logic can posit the existence of an object dnsoh trefer
to properties of that object. ILP is one of few classificatedgorithms that use this powerful and
natural type of reasoning. Most machine learning algorghuse the equivalent qfropositional
logic, which does not allow variables.

In many domains, the correct concept is disjunctive, meattat multiple clauses are nec-
essary to describe the concept fully. ILP algorithms thameetypically attempt to learn a set of

clauses rather than just one. The entire set of clausedési@atheory.

2.3.2 How ILP Learns

There are several types of algorithms for producing a setrsifdirder clauses. This section
focuses on the Aleph system [80], which | use in my algorithms
Aleph constructs a ruleset through sequential coveringettorms a search for the rule that

best classifies the positive and negative examples (acaptdia user-specified scoring function),



18

adds that rule to the theory, optionally removes the pasiéixamples covered by that rule, and
repeats the process on the remaining examples.

The search for a rule is essentially a search for a good séteddls. Literals may either be
grounded, likestackedOn(chair, floor)or variablized, likestackedOn(Obj, floor) Legal literals
must be defined for Aleph before the search, and are of coasdespecific. Aleph also takes
a parameter limiting the maximum clause length, which inipdee running time of the search.
In my experiments, | use a maximum clause length of severalgewhich | found to produce
reasonable running times given the RoboCup dataset sizetoaaitbw sufficiently expressive
rules.

The default procedure Aleph uses in each iteration is a gtigearch. It randomly chooses a
positive example as treeedor its search for a single rule. Then it lists all the litex& the world
that are true for the seed. This listis called Boétom clausgand it is typically too specific, since it
describes a single example in great detail. Aleph condusésech to find a more general clause (a
subset of the literals in the bottom clause) that maximiaestoring function. The search process
is top-down, meaning that it begins with an empty rule andsdiierals one by one to maximize a
scoring function (see Figure 2.4).

A second Aleph procedure that | also useasdomized rapid restarfl13]. This also uses
a seed example and generates a bottom clause, but it begnasdiymly drawing a legal clause
of length N from the bottom clause. It then makes local moves by addingramoving literals
to maximize a scoring function. It performd local moves for each ok random restarts. This
method often finds better candidate clauses than the hewgsirch does.

The rule-scoring function | use is thé measure, which is based on the two basic measures of
precisionandrecall. The precision of a rule is the fraction of examples it calisifive that are
truly positive, and the recall is the fraction of truly pagit examples that it correctly calls positive.

The FF measure combines the two in a harmonic mean:

(1 + %) x Precision x Recall
(5% x Precision + Recall

F(B) =
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IF true
THEN p
IF q IF r .
THEN p THEN p
IF r, g IF r,s
THEN p THEN p
7

S

Figure 2.4: An illustration of a top-down ILP search for a clause to expréne concepp using candidate
literalsq, 7, s, .... The body of the clause starts empty. The first step considersliéa@l and
chooses the best (herpto add. It then considers adding another and chooses thénegsg),
and so on. Literals are shown here without arguments for &ityglbut in a real ILP search
literals might have both grounded and variable arguments.

By default | use3 = 1, in which precision and recall are weighted equally. Howewvesome
algorithms | see fit to weight them unequally;> 1 puts more weight on recall, artd< 5 < 1
puts more weight on precision.

Aleph produces a theory for each concept, but | do not useettie=ories directly in my al-
gorithms. Instead, | use a system called Gleaner [35] tater@a ensemble of clauses. Gleaner
divides the recall range into intervdl$ 0.1], [0.1, 0.2], etc; it examines the clauses that Aleph en-
counters during its search and saves those with the highesispn in each recall interval. This
method produces a greater diversity of potential clausas the Aleph theory does.

When a single rule is needed, | use only the best clause thah&isaves. When multiple rules
are needed, | select a final ruleset from the Gleaner clabs¢sttempts to maximize an overall
F measure. This produces a higher-quality ruleset for my @egp, and the procedure is further

described in later sections.

2.4 Markov Logic Networks

The Markov Logic Network (MLN) is a model developed by Rictigon and Domingos [70]

that combines first-order logic and probability. It expessoncepts with first-order rules, as ILP



20

does, but unlike ILP it puts weights on the rules to indicade important they are. While ILP
rulesets can only predict a concept to be true or false, an MamNestimate the probability that a
conceptis true, by comparing the total weight of satisfidesto the total weight of violated rules.
This type of probabilistic logic therefore conveys moreoimhation than pure logic. It is also less
brittle, since world states that violate some rules are mpiossible, just less probable.

Formally, a Markov Logic Network is a set of first-order logmrmulas £, with associated
real-valued weight$V, that provides a template for a Markov network. The netwarktains a
binary node for each possible grounding of each predicagach formula inF’, with groundings
determined by a set of constaiits Edges exist between nodes if they appear together in ag@ssi
grounding of a formula. Thus the graph contains a clique &ahepossible grounding of each
formulain F.

The classic example from Richardson and Domingos [70] WsloSuppose the formulas are:

Yy Smokesy() = Cancer()
Yy, z Friendsf, z) = (Smokesy() < Smokest))

These rules assert that smoking leads to cancer and thatl$rigave similar smoking habits.
These are both good examples of MLN formulas because theyft@me true, but not always; thus
they will have finite weights (not shown). Given constafitiaandBobthat may be substituted
for the variableg; andz, this MLN produces the ground Markov network in Figure 2Sofe that
the convention for capitalization is opposite here fromliR; variables here are lower-case and
constants are upper-case.)

Let X represent all the nodes in this example, andXlet z indicate that among the possible
worlds (the true/false settings of those nodes)s the actual one. The probability distribution

represented by the Markov network is:

P(X =2)= % epowmi(x) (2.7)

ieF
Here 7 is a normalizing constanty; is the weight of formula € F', andn;(z) is the number

of true groundings of formula in the world z. Based on this equation, one can calculate the



21

Friends(Anna,Bob)

Friends(Anna,Anna) Smokes(Anna) '. Smokes(Bob) Friends(Bob,Bob)

Cancer(Anna) Cancer(Bob)
Friends(Bob,Anna)

Figure 2.5: The ground Markov network produced by the MLN described in #astion. This example
and this image come from Richardson and Domingos [70]. Edghesin this network has a
weight (not shown) derived from the formula weights.

probability of any node in the network givavidenceabout the truth values of some other nodes.
This network inference problem is typically solved by an@xmmate-inference algorithm called
MC-SAT [21] because solving it exactly is usually computaélly intractable. However, in my
experiments, the arrangement of the evidence makes an sxation feasible, which | explain
later.

Given a set of positive and negative examples of worlds, ohedla weights can be learned
rather than specified manually. There are several algosttamweight learning; the current state-
of-the-art is a method callegreconditioned scaled conjugate gradiga6]. This is the default
algorithm in the Alchemy software package [40], which | userhy experiments. Alchemy also
provides an algorithm for structure learning (i.e. leagiihe formulas), which | do not use since |

already have methods for learning rulesets via ILP.
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Chapter 3

Survey of Research on Transfer Learning

This chapter provides an introduction to the goals, sedtiagd challenges of transfer learning.
It surveys current research in this area, giving an ovenoétie state of the art and outlining the
open problems. The survey covers transfer in both indudsiaening and reinforcement learning,
and discusses the issues of negative transfer and task mgajpdepth. There are no original
research contributions in this chapter, but my categddnadf transfer methods is novel. This

chapter is based on published work [101].

3.1 Transfer in General

The transfer of knowledge from one task to another is a delgiggroperty in machine learning.
Our ability as humans to transfer knowledge allows us taleaw tasks quickly by taking advan-
tage of relationships between tasks. While many machingilegalgorithms learn each new task
from scratch, there are als@ansfer-learningalgorithms that can improve learning inarget task
using knowledge from a previously learnsdurce task

A typical machine-learning problem can be characterized as

GIVEN Training data for task”

DO Learn taskrl’

A typical transfer-learning problem can be characterized a

GIVEN Training data for task” AND knowledge from related task(s)

DO Learn taskl’
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Here S is one or more source tasks, S>,...). This broad definition of transfer learning
allows any type of machine-learning algorithm for learnihg target task’. It also allows for
the knowledge from the source taskgo take any form. Figure 1.1 has already illustrated this
problem formulation.

Transfer methods tend to be highly dependent on the algoritbed to learn the target task,
and many transfer algorithms are simply extensions of ti@thl learning algorithms. Others are
entirely new algorithms based on enabling transfer legnin

Some work in transfer learning is in the context of inductarning, and involves extending
well-known classification and inference algorithms sucmesral networks, Bayesian networks,
and Markov Logic Networks. Another major area is transfathi@ context of reinforcement learn-
ing, which involves extending algorithms such as Q-leagrand policy search. This chapter sur-
veys these areas separately in Sections 3.2 and 3.3.

The goal of transfer learning is to improve learning in thegyéd task by leveraging knowledge
from the source task. There are three common measures bip warsfer might improve learning.
First is the initial performance achievable in the targsktasing only the transferred knowledge,
before any further learning is done, compared to the inpiatformance of an ignorant agent.
Second is the amount of time it takes to fully learn the tatgsk given the transferred knowledge
compared to the amount of time to learn it from scratch. Thérdhe final performance level
achievable in the target task compared to the final levelawithransfer. Figure 3.1 illustrates
these three measures.

If a transfer method actually decreases performance,ikgative transfehas occurred. One
of the major challenges in developing transfer methods igréaluce positive transfer between
appropriately related tasks while avoiding negative ti@nbetween tasks that are less related.
Section 3.4 discusses approaches for avoiding negatnsféna

When an agent applies knowledge from one task in anotherpites necessary to map the
characteristics of one task onto those of the other to speoifespondences. In much of the work
on transfer learning, a human provides timapping but some work investigates ways to perform

mapping automatically. Section 3.5 discusses work in tlga.a
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higher slope higher asymptote

...................... with transfer from source task
""" without transfer

Performance
in target task

higher start

Training
in target task

Figure 3.1: A standard learning curve displays increased performastegning progresses. With transfer,
the curve may start higher, increase faster, or reach a hagyenptote. Any of these properties
could be desired outcomes of transfer learning.

Finally, a small set of theoretical studies about trangfaring is presented in Section 3.6. This
work addresses problems like defining task relatednessedtidgsbounds on transfer performance
and efficiency.

| make a distinction between transfer learning amalti-task learning[11], in which several
tasks are learned simultaneously (see Figure 3.2). Magl-tearning is closely related to transfer,
but it does not involve designated source and target tasgtead the learning agent receives infor-
mation about several tasks at once. In transfer learniegagient knows nothing about a target task
(or even that there will be a target task) when it learns actask. This is my own definition, not
a universally accepted one, but it is a useful distinctiotelnse multi-task learning approaches are

not always applicable to transfer learning.

3.2 Transfer in Inductive Learning

In an inductive learning task, the objective is to induceedptive model from a set of training
examples [57]. Often the goal is classification, i.e. agamgulass labels to examples. Examples of
classification systems are artificial neural networks [#8] aymbolic rule-learners [68]. Another
type of inductive learning involves modeling probabilitisilibutions over interrelated variables,
usually with graphical models. Examples of these systemBayesian networks [38] and Markov

Logic Networks [70].
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Transfer Learning Multi-task Learning
Task |_, | Task
S T t = 3
ource ,| Targe
Task Task ' ke '
Task |, | Task
2 4

Figure 3.2: As | define transfer learning, the information flows in one di@t only, from the source task
to the target task. In multi-task learning, information ¢lanv freely among all tasks.

The predictive model constructed by an inductive learnitggprithm should make accurate
predictions not just on the training examples, but also dureuexamples that come from the same
distribution. In order to produce a model with this genezatiion capability, a learning algorithm
must have amnductive biag57] — a set of assumptions about the training data and thetiam
that produced it.

The bias of an algorithm determines tingpothesis spacef possible models that it considers.
For example, the hypothesis space of the Naive Bayes modiatited by the assumption that
example characteristics are conditionally independemtrgihe class of an example. The bias also
determines the algorithm’s search process through theth