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Abstract. We describe an application of inductiv e logic programming
to transfer learning. Transfer learning is the use of knowledge learned in
a source task to improve learning in a related target task. The tasks we
work with are in reinforcement-learning domains. Our approach trans-
fers relational macros, which are �nite-state machines in which the tran-
sition conditions and the node actions are represented by �rst-order
logical clauses. We use inductiv e logic programming to learn a macro
that characterizes successfulbehavior in the source task, and then use
the macro for decision-making in the early learning stagesof the target
task. Through experiments in the RoboCup simulated soccer domain, we
show that Relational Macro Transfer via Demonstration (RMT-D) from
a source task can provide a substantial head start in the target task.

1 In tro duction

Knowledgetransfer is an inherent aspect of human learning. When we learn to
perform a task, we rarely start from scratch; insteadwe recall relevant knowledge
from previouslearning experiencesand apply it. Transferring knowledgethis way
helps us to master new tasks more quickly.

Machine learning techniques are often designedto addressisolated learning
tasks. However, many machine learning domains contain multiple related tasks.
Transfer learning approachestake advantage of theserelationships, using knowl-
edgelearned in a source task to speedup learning in a related target task. Algo-
rithms that allow successfultransfer represent progresstowards making machine
learning as e�ectiv e as human learning.

One area in which transfer is often desirable is reinforcement learning (RL),
since standard RL algorithms can require long training times. The RL domain
that weusein this work is the simulated soccerproject RoboCup [9]. In Section2
we give an overview of RL and the RoboCup domain.

Several algorithms for transfer in domainslike RoboCup have beenproposed,
someof which we discussin Section3. In our own recent work [20], we intro duce
an approach that transfersskills using inductiv e logic programming (ILP), where
a skill is a type of action that the RL agent uses.In this paper, we extend that
approach by transferring strategies, which are action plans that may require
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isClose(Opponent)
hold :-

true

pass(Teammate) :-

isOpen(Teammate)
not isClose(Opponent)

Fig. 1. A possible strategy for the RoboCup game KeepAway [13], in which the RL
agent in possessionof the soccer ball must execute a seriesof hold or pass actions to
prevent its opponents from getting the ball. The rules inside nodesshow how to choose
actions. The labels on arcs show the conditions for taking transitions. Each node has
an implied self-transition that applies by default if no exiting arc applies.

composing several skills. We continue to use ILP to learn strategies, and we
represent them with a structure that we call a relational macro.

A relational macro is a �nite-state machine (FSM) that uses�rst-order logic
for decision-making. An FSM is a behavior model consisting of a set of nodes
and transitions. To usea macro, an RL agent takestransitions to move between
nodes representing internal states, and it choosesactions to take in each node.
Its choicesare determined by �rst-order logical clauses.Figure 1 shows a simple
example of a relational macro and Section 4 provides more details on how a
macro is executed.

We useinductiv e logic programming (ILP) to learn macrosbecausedomains
like RoboCup are inherently relational. To our knowledge, fully relational RL
approaches have not yet been successfullyapplied in domains as complex as
RoboCup. However, as we showed with skill transfer, relational information can
be successfullytransferred between RoboCup tasks. Therefore we continue to
useILP in this approach, describing source-taskbehavior and relational macros
in �rst-order logic.

Relational-macro transfer beginsby examining existing source-taskepisodes
and analyzing them to learn a successfulstrategy in the form of a macro. Sec-
tion 5 describesour algorithm for this learning stage.There are several possible
ways to usethe macro to improve learning in the target task; we useit to demon-
strate the successfulstrategy, asdescribed in Section6. After a short demonstra-
tion period that givesthe target-task learner a head start, we continue learning
the task with standard RL. We call this approach Relational Macro Transfer via
Demonstration (RMT-D).

2 Reinforcemen t Learning in Rob oCup

In reinforcement learning [16],an agent navigatesthrough an environment trying
to earn rewards or avoid penalties. The environment's state is described by a
set of features, and the agent takes actions to cause the state to change. In
one common form of RL called Q-learning [22], the agent learns a Q-function
to estimate the value of taking an action from a state. An agent's policy is
typically to take the action with the highest Q-value in the current state, except
for occasionalexploratory actions. After taking the action and receiving some
reward (possibly zero), the agent updates its Q-value estimates for the current
state.



Fig. 2. Snapshot of a 3-on-2 BreakAway game. The attacking players have possession
of the ball and are maneuvering against the defending team towards the goal.

Stone and Sutton [13] intro duced RoboCup as an RL domain that is chal-
lenging becauseof its large, continuousstate spaceand non-deterministic action
e�ects. The RoboCup project [9] hasthe overall goal of producing robotic soccer
teams that compete on the human level, but it also has a software simulator for
research purposes.Sincethe full gameof socceris quite complex,researchershave
developed several simpler gameswithin the RoboCup simulator. SeeFigure 2
for a snapshotof one of thesegames.

In M -on-N BreakAway [21], the objective of the M reinforcement learners
calledattackersis to scorea goalagainstN � 1 hand-codeddefendersand a goalie.
The gameendswhen they succeed,when an opponent takes the ball, when the
ball goesout of bounds, or after a time limit of 10 seconds.The learnersreceive
a +1 reward if they scorea goal and 0 reward otherwise. The attacker who has
the ball may chooseto move (ahead,away, left, or right with respect to the goal
center), pass to a teammate, or shoot (at the left, right, or center part of the
goal).

RoboCup tasks are inherently multi-agent games,but a standard simpli�ca-
tion is to have only onelearning agent. This agent controls the attacker currently
in possessionof the ball, switching its \consciousness"betweenattackers as the
ball is passed.Attackers without the ball follow simple hand-coded policies that
position them to receive passes.

Table 1 shows the state features for BreakAway, which mainly consist of
distancesand anglesbetweenplayersand the goal.They arerepresented in logical
notation, though our RL algorithm usesthe groundedversionsof thesepredicates
in a �xed-length feature vector. Capitalized atoms indicate typedvariables,while
constants and predicatesare uncapitalized. The attackers (labeled a0, a1, etc.)
are ordered by their distance to the agent in possessionof the ball (a0), as are
the non-goaliedefenders(d0, d1, etc.).

Our RL implementation usesa SARSA(� ) variant of Q-learning [15] and
employs a support vector machine for function approximation [7]. We relearn
the Q-function using the SVM after every batch of 25 games.The exploration
rate begins at 2.5% and decays exponentially over time. Stone and Sutton [13]
found that discretizing the continuous features into Boolean interval features



Table 1. The features that describe a BreakAway state.

distBet ween(a0, Player) distBet ween(Attacker, goalCenter)
distBet ween(Attacker, ClosestDefender) distBet ween(a0, GoalPart)
angleDe�nedBy(A ttacker, a0, ClosestDefender) timeLeft
angleDe�nedBy(topRigh t, goalCenter, a0) distBet ween(Attacker, goalie)
angleDe�nedBy(GoalP art, a0, goalie) angleDe�nedBy(A ttacker, a0, goalie)

called tiles is useful for learning in RoboCup; following this approach we create
32 tiles per feature.

Agents in the gamesof 2-on-1, 3-on-2, and 4-on-3 BreakAway take approxi-
mately 3000training episodesto reach a performanceasymptote in our system.
These three gamesare similar, but their di�erences in the numbers of attack-
ers and defenderscause substantial di�erences in their optimal policies. The
largest di�erence is between2-on-1and the others, sincethere are no non-goalie
defendersin 2-on-1 BreakAway. Despite the di�erences, the tasks do have the
sameobjective and can be expected to require similar strategies, which makes
relational macrosan attractiv e technique for transferring betweenthem.

3 Related Work in Transfer Learning

The goal in transfer learning is to speedup learning in a target task by transfer-
ring knowledgefrom a related sourcetask. One straightforward way to do this in
reinforcement learning is to begin performing the target task using the learned
source-taskmodels.Taylor et al. [19] usethis type of transfer method, which we
refer to as model reuse.

Another approach that has been proposed is to follow source-taskpolicies
during the exploration steps of normal RL in the target task, instead of doing
random exploration. This approach is referredto aspolicy reuseand is performed
by Fernandezand Veloso[5].

Our previous work includes a method called skill transfer [20]. In skill trans-
fer, we learn rules with ILP that indicate when the agent choosesto take a single
source-taskaction. There are multiple ways that theseskills could be usedin the
target task; we usean advice-taking approach in this previous work. Our advice
placessoft constraints on the target-task solution that can be followed or ignored
according to how successfulthey are. Taylor and Stone [18] also learn a set of
rules for taking actions, and they proposedi�eren t advice-taking mechanisms:
for example, they give a Q-value bonus to the advised action.

There are also approachesfor transferring multi-step action sequences,such
as those of Perkins and Precup [10] and Soni and Singh [11]. Known as options,
thesesequenceshave their own internal Q-functions that are followed until they
reach a termination state. The target-task learner treats options as alternativ e
actions. Croonenborghs et al. [1] learn relational options for use in relational



reinforcement learning (RRL). Options are often used in hierarchical RL [2] as
well as in transfer learning.

Relational reinforcement learning [17] itself is a related topic. In RRL, state
descriptions and learned models use�rst-order logic, which clearly provides op-
portunities for transferring conceptsin �rst-order logic. Driessenset al. [4] and
Stracuzzi and Asgharbeygi [14] point out someof theseopportunities.

We proposeto perform transfer by learning relational macrosand using them
to demonstrate successfulbehavior in the target task. Our approach is related
to several of the methods described above. It could be viewed as a type of
model reuseor policy reusethat createsan abstract version of the source-task
model instead of reusing it directly. Like skill transfer it usesILP, but it involves
multi-step strategies instead of single actions. It sharesthe idea of transferring
sub-policies with option transfer, but an option traditionally represents a single
policy while a macro contains a separatesub-policy at each node.

4 Executing a Relational Macro

We have de�ned a relational macro asa �nite-state machine [6]. An FSM models
the behavior of a systemin the form of a directed graph. The nodesof the graph
represent states of the system, and in our casethey represent internal states of
the agent in which di�eren t policies apply.

The policy of a node can be to take a single action, such as move(ahead) or
shoot(goalLeft), or to choosefrom a classof actions, such aspass(Teammate). In
the latter casea node has �rst-order logical clausesto decide which grounded
action to choose.An FSM begins in a start node and has conditions for tran-
sitioning betweennodes. In a relational macro, theseconditions are also setsof
�rst-order logical clauses.

We refer again to the examplemacro in Figure 1. When executingthis macro,
a KeepAway agent begins in the initial node on the left. The only action it can
choosein this node is hold. It remains there, taking the default self-transition,
until the condition isClose(Opponent) becomestrue for someopponent player.
Then it transitions to the secondnode, where it evaluates the pass(Teammate)
rule to choosean action. If the rule is true for just oneteammate player, it passes
to that teammate; if several teammates qualify, it randomly choosesbetween
them; if no teammate quali�es, it abandonsthe macro and reverts to using the
Q-function to chooseactions. The receivingteammate then becomesthe learning
agent, and it remains in the passnode if an opponent is closeor transitions back
to the hold node otherwise.

Figure 1 is a simpli�cation in onerespect: each transition and node in a macro
has an entire set of rules, rather than just one rule. This allows us to represent
disjunctive conditions. When more than one grounded action or transition is
possible (when multiple rules match), the agent obeys the rule that has the
highest score.The scoreof a rule is the estimated probabilit y that following it
will lead to a successfulgame.We estimate theseprobabilit y scoresfrom source-
task data.



5 Learning a Relational Macro

We learn a macro by analyzing source-taskdata. We assumethat this data is
available becausewe have previously learned the source task and stored the
gamesgeneratedduring the learning process.The method by which the source
task waslearnedis not particularly important, sincethe data weuseonly consists
of states, actions, and rewards. However, it is important that the data include
source-taskgamesfrom early in the learning curve aswell as later, so that there
are examplesof gamesthat do not attempt to usethe �nal learned strategy. In
our system we include all 3000gamesfrom the source-tasklearning curve.

Given this data, we use inductiv e logic programming (ILP) to characterize
successfulbehavior in the source task. Speci�cally , we use a locally modi�ed
version of Aleph [12]. The Aleph algorithm selectsan example,builds the most
speci�c clause that entails the example within the provided language restric-
tions, and searchesfor a more generalclausethat maximizesa provided scoring
function.

The precision of a rule is the fraction of examplesit calls positive that are
truly positive, and the recall is the fraction of truly positive examplesthat it
correctly calls positive. The scoring function we useis

F (1) =
2 � Pr ecision � Recall

Pr ecision + Recall

becausewe considerboth precision and recall to be important. We useboth the
heuristic and randomized search algorithms provided by Aleph.

Recall that a macro consistsof a set of nodes along with rulesets for tran-
sitions and action choices.The simplest algorithm for learning a macro might
be to provide Aleph with languagerestrictions that allow it to learn both the
structure and the rulesets simultaneously. However, this would be a very large
search space.To make the search more feasible,we separateit into two phases:
�rst we learn the structure, and then we learn each ruleset independently . Each
phasethereforehasits own languagerestrictions, which wedetail in the following
sections.The overall algorithm is summarized in Table 2.

Note that one �nal step might be necessaryif the actions and features in the
sourceand target tasks are not identically named: a mapping from source-task
namesto target-task names,as in Torrey et al. [20,21]. Our approach doesnot
even require the tasks to be completely isomorphic, becausewe can set the Aleph
languagerestrictions so that only source-taskelements that have corresponding
target-task elements appear in the macro.

5.1 Structure Learning

The �rst phasein our RMT-D algorithm for learning a macro is the structure-
learning phase.The objective is to �nd a sequenceof actions that distinguishes
successfulgamesfrom unsuccessfulgames.The sequencedoesnot needto sepa-
rate the gamesperfectly, and indeed we should not expect it to, becauseit does



Table 2. Our RMT-D algorithm for learning a relational macro from a source task.

Phase 1: Structure learning
Collect gamesfrom source task
Let Pos = high-reward games
Let Neg = low-reward games
Learn a macro sequencethat distinguishes Pos from Neg

Phase 2: Ruleset learning
Collect gamesGgood that contain the macro sequenceand are high-reward
Collect gamesGbad that are low-reward
For each node N in the macro sequence

For each action A represented by node N
Let Pos = Ggood states from node N that took action A
Let Neg = Ggood states from node N that took action B 6= A

[ Gbad states that ended with action A
Learn a ruleset that distinguishes Pos from Neg

For each transition T in the macro
Let Pos = Ggood states that took transition T
Let Neg = Ggood states that could have taken transition T and did not

[ Gbad states that ended with transition T
Learn a ruleset that distinguishes Pos from Neg

not yet have any conditions on states. The structure only needsto provide a
good starting point for the secondphase.

The language restrictions for Aleph in this phase are as follows. Let the
predicate actionTaken(G, S1, A, P, S2) denote that action A with argument
P was taken in game G at step S1 and repeated until step S2. Aleph must
construct a clausemacroSequence(G) with a body that contains a combination
of thesepredicates.The �rst predicate may intro duce two new variables,S1 and
S2, but the rest must usean existing variable for S1 while intro ducing another
new variable S2. In this way Aleph �nds a connectedsequenceof actions that
translates directly to a linear node structure.

Weprovide Aleph with setsof positiveand negativeexamples,wherepositives
are gameswith high overall reward and negatives are those with low overall
reward. For BreakAway, this is a straightforward separation of scoring and non-
scoring games.For tasks with more continuous rewards, we could set thresholds
or upper and lower percentiles on the overall reward acquired during a game.

We store all the clausesthat Aleph encounters during its search that separate
the positiveand negativeexampleswith at least50%accuracy. After the heuristic
and randomizedsearches�nish, we take the sequencewith the highest F(1) score
as the macro structure.

For instance, supposethat the scoring BreakAway gamesconsistently look
like theseexamples:

Game 1: move(ahead), pass(a1), shoot(goalRigh t)
Game 2: move(ahead), move(ahead), pass(a2), shoot(goalLeft)



move(ahead) pass(Teammate) shoot(GoalPart)

Fig. 3. The structure that corresponds to the example macro clause in Section 5.1.

Assuming that the non-scoringgameshave di�eren t patterns than the exam-
ples above do, Aleph might learn the following clauseto characterize a scoring
game:

macroSequence(Game):-
actionTaken(Game, StateA, move, ahead, StateB),
actionTaken(Game, StateB, pass,Teammate, StateC),
actionTaken(Game, StateC, shoot, GoalPart, gameEnd).

The macro structure corresponding to this sequenceis shown in Figure 3.
The policy in the �rst node will be to take a single action, move(ahead). In the
secondnode the policy will be to considermultiple passactions, and in the third
node the policy will be to consider multiple shoot actions. The conditions for
choosing an action, and for taking transitions betweennodes,are learned in the
next phase.

5.2 Ruleset Learning

The secondphasein our RMT-D algorithm for learning a macro is the ruleset-
learning phase.The objective is to describe when transitions and actions should
be taken basedon the RL state features. We learn a ruleset for each transition
and each action independently , so that we perform several smaller, in-depth
seachesrather than one large search. Becauseof this, variables in theserules are
local to a node rather than global to the entire macro.

The language restrictions for Aleph in this phase are as follows. There is
one predicate for each state feature of the RL task (for BreakAway, these are
in Table 1). To describe the conditions on state S under which a transition
should be taken, Aleph must construct a clausetransition(S) with a body that
contains a combination of these predicates. To describe the conditions under
which an action shouldbe taken,Aleph must construct a clauseaction(S, Action,
ActionArg).

Aleph may learn someaction rules in which the action argument is grounded,
such as action(S, move, ahead), as well as rules in which the action argument
remains a variable, such as action(S, pass, Teammate). In the caseof the move
action in BreakAway the action argument in a rule is always grounded,sincethe
original state features do not include useful referencesto move directions. We
could have de�ned additional predicates that did, but we choseto useonly the
original features.Note that it is still possibleto have a state move(Direction) for
taking multiple move actions, but the rules for choosinga groundedmove action
will useonly grounded arguments.



pass(Teammate) shoot(GoalPart)

move(ahead) pass(a1) shoot(goalRight)

move(ahead) pass(a2) shoot(goalLeft)

move(right) pass(a1)

Game 1 (scored goal)

Game 3 (did not score)

Game 2 (scored goal)

move(ahead) pass(a1) shoot(goalRight)

Game 4 (did not score)

positive

positive

negative

move(ahead)

Fig. 4. Training examples(states circled) for pass(Teammate) rules in the secondnode
of the pictured macro. The pass states in Games 1 and 2 are positive examples. The
pass state in Game 3 is a negative example; this game did not follow the macro, but
the pass action led directly to a negative game outcome. The passstate in Game 4 is
not an unambiguous example becausea later action may have beenresponsible for the
bad outcome.

We provide Aleph with sets of positive and negative examples, consisting
of states in source-taskgamesthat took the transition or action. Consider the
macrostructure in Figure 3; wewill describe the action datasetsfor the passnode
and the transition datasets for the transition from the move node to the pass
node. Let Ggood represent the set of high-reward source-taskgamesthat contain
the macro sequenceand let Gbad represent the set of low-reward source-task
games.

In the action datasets for the passnode, the positive examplesare states in
Ggood gamesthat fall into that node. The negative examplesare states in Gbad

gamesin which the last step of the unsuccessfulgamewas the node action, pass.
This indicates that the pass action led directly to a negative game outcome.
Figure 4 illustrates somehypothetical action-choice examples.

In the transition datasets for the transition from the move node to the pass
node, the positive examplesare states in Ggood gamesthat match the passnode
and for which the previous state matched the move node. A negative example
is a state in a Ggood game that does not match the passnode even though the
previous state matched the move node. Other negative examplesare states in
Gbad gamesin which the last step of the unsuccessfulgamewasa transition from
the movenode to the passnode. Figure 5 illustrates somehypothetical transition
examples.

As in the �rst phase,we store all the clausesthat Aleph encounters during
the search that classify the training data with at least 50% accuracy. However,
instead of selectinga singlebest clauseaswedid in the previousphase,wecollect
from these a ruleset for each transition and each action. We wish to have one
strategy (i.e. one �nite-state machine), but there may be multiple reasonsfor
making internal choices.



pass(Teammate) shoot(GoalPart)

move(ahead) pass(a1) shoot(goalRight)

move(ahead) shoot(goalLeft)

Game 1 (scores)

Game 2 (scores)

move(ahead) pass(a1) shoot(goalRight)

Game 3 (does not score)

move(ahead)

positive

negative

Fig. 5. Training examples (states circled) for the transition from move to pass in the
pictured macro. The pass state in Game 1 is a positive example. The shoot state in
Game 2 is a negative example; the gamebeganby following the macro but did not take
the transition from move to pass. The pass state in Game 3 is not an unambiguous
example becausea later step may have been responsible for the bad outcome.

Our procedure for greedily selecting which clausesare included in a ruleset
is summarized in Table 3. We sort the rules by decreasingprecision and walk
through the list, adding rules to the �nal ruleset if they increasethe set's recall
and do not decreaseits F(1) score.

We assigneach rule a scorethat may be used to decide which rule to obey
if multiple rules match while executing the macro. The score is an estimate
of the probabilit y that following the rule will lead to a successfulgame. We
determine this estimate by collecting training-set gamesthat followed the rule
and calculating the fraction of thesethat endedsuccessfully.

6 Transferring a Relational Macro

A relational macro describes a strategy that was successfulin the sourcetask.
There are several ways we could use this information to improve learning in a
related target task. One possibility is to treat it as advice [20], as we did in skill
transfer, putting soft constraints on the Q-learner that in
uence its solution. The
bene�t of this approach is its robustnessto error: if the source-taskknowledgeis
lessappropriate to the target task than the user expected, the target-task agent
can learn to disregard the soft constraints, avoiding negative transfer e�ects.

On the other hand, the advice-taking approach is conservative and can be
somewhat slow to reach its full e�ect, even when the source-taskknowledge is
highly appropriate to the target task. Sincea macro is a full strategy rather than
isolated skills, we might achieve good target-task performancemore quickly by
demonstrating the strategy in the target task and using it as a starting point
for learning. This is a more aggressive approach, carrying more risk for negative
transfer if the sourceand target tasks are not similar enough. Still, if the user
believesthat the tasks are similar enough,the potential bene�ts could outweigh
that risk.



Table 3. The RMT-D procedure for selecting the �nal ruleset for one transition or
action. Rules are added to the �nal set if they cover previously uncovered positive ex-
amples and do not decreasethe overall score.The scoring function is the F(1) measure.

Let R = all rules encountered with > 50% accuracy
S = R sorted by decreasingprecision on the training set
T = ;
For each rule r 2 S

U = T [ f r g
If recall(U) > recall(T ) and score(U) � score(T )
Then T = U

Return FinalR uleset = T

There are intermediate approaches with more moderate bene�ts and risks,
such asusing the macroasan option. Herewe take full advantageof the potential
bene�ts, and also provide a contrasting method to skill transfer, by presenting
the more aggressive demonstration method.

Our target-task learner thereforebeginsby simply executingthe macro strat-
egy for a set of episodes,instead of exploring randomly asan untrained RL agent
would traditionally do. In this demonstration period, we generateexamplesof
Q-values: each time the macro choosesan action becausea high-scoring rule
matched, we use the rule score to estimate the Q-value of the action. Recall
the the rule score is the estimated probabilit y that following the rule leads to
a successfulgame.SinceBreakAway has Q-valuesranging from zero to one, we
simply set the estimate equal to the rule score(if this werenot the case,we could
multiply the probabilit y by an appropriate scaling factor to �t a larger Q-value
range). We also use rule scoresto produce Q-value estimates for other actions
for which rules �red. Finally, we infer that actions for which no rules �red had
very low Q-values,which in the BreakAway domain we estimate as zero.

Note that the exampleswith low estimated Q-valuesare necessaryto ensure
that the initial Q-function is not overly optimistic in unexploredareas.Driessens
and Dzeroski also encountered this problem in their work on guidance in RRL;
they addressedit by interleaving imitation with exploration [3].

For each step of the demonstration we therefore have a Q-value estimate for
each action, and via support vector regressionwe use these to learn an initial
Q-function for the target task. The demonstration period lasts for 100 games
in our system, and as usual after each batch of 25 gameswe relearn the Q-
function. After 100 games,we continue learning the target task with standard
RL. This generatesnew Q-value examplesin the standard way, and we combine
these with the old macro-generatedexamplesas we continue relearning the Q-
function after each batch. As the new examplesaccumulate, we gradually drop
the old examples by randomly removing them at the rate that new ones are
being added.



Sincestandard RL has to act mostly randomly in the early stepsof a task, a
good macro strategy can provide a large immediate advantage. The performance
level of the demonstrated strategy is unlikely to be as high as the target-task
agent can achieve with further training, unlessthe tasks are similar enough to
make transfer a trivial problem, but the hope is that the learner can smoothly
improve its performancefrom the level of the demonstration up to its asymptote.
If there is limited time and the target task cannot be trained to its asymptote,
then the immediate advantage that macroscan provide may be even more valu-
able in comparisonto methods like skill transfer.

7 Exp erimen tal Results

We present results from transfer experiments with RMT-D in the RoboCup do-
main. To test our approach, we learn a macro from data acquired while training
2-on-1 BreakAway and transfer it to both 3-on-2 and 4-on-3 BreakAway. We
learn the sourcetask with standard RL for 3000 games,and then we train the
target tasks for 3000 gamesto show both the initial advantage of the macros
and the behavior as training continues.

The macros that RMT-D learned from the �v e sourceruns all had similar
structures. The most common version is shown in Figure 6. In one of the runs
the initial pass node was not included, and the ordering of shoot(goalRight)
and shoot(goalLeft) varied, aswould be expected in the symmetrical BreakAway
domain. The presenceof two shoot nodes may seem counterintuitiv e, but it
appearsthat the RL agent usesthe �rst shot as a feint to lure the goalie in one
direction, counting on a teammate to intercept the shot before it reaches the
goal. When it does,the learning agent switchesto the teammate in possessionof
the ball and performs the secondshot, which is actually intended to score.This
tendency of RL agents to useactions in unintended ways is an indication of the
di�culties that can arise when learning relational conceptsfrom RL data.

Figures7 and 8 show our results in 3-on-2and 4-on-3BreakAway respectively.
We compare our approach against Q-learning as well as two related transfer
methods: model reuse [19] and skill transfer [20]. Each curve in the �gure is
an average of 25 runs and has points smoothed over the previous 500 games
to smooth over the high variance in the RoboCup domain. For the transfer
algorithms, there are �v e target-task runs generated from each of �v e source-
task runs, to allow for variance in both stagesof learning.

Our agents in 2-on-1BreakAway reach a performanceasymptote of scoringin
approximately 70% of the episodes.The macros learned from the 2-on-1 source

move(Direction)pass(Teammate) shoot(goalRight) shoot(goalLeft)

Fig. 6. One of the �v e macro structures learned from 2-on-1 BreakAway runs. There
are between 10 and 20 rules associated with each transition and action, so those are
not shown.
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three transfer approaches that use 2-on-1 BreakAway as the source task.
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Fig. 8. Probabilit y of scoring a goal in 4-on-3 BreakAway, with Q-learning and with
three transfer approaches that use 2-on-1 BreakAway as the source task.

runs, when executed in 2-on-1 BreakAway, score in approximately 50% of the
episodes.(A random policy scoresin lessthan 1% of the episodes.) The macros
therefore appear to capture the majorit y of the successfulbehavior of the source
task, though they do not describe it completely. Capturing source-taskbehavior
more completely, while avoiding over�tting, is one topic for future work.

All of the transfer algorithms speedup learning in comparisonto Q-learning,
but the bene�ts they provide are di�eren t. Model reuseand relational macros
both provide an advantage in the early performanceof the target-task learner.
RMT-D producesa larger advantage in thesescenariosthan model reusedoes,
and it scalesbetter as the distance between the sourceand target grows. Skill
transfer provides no initial bene�t, but then develops a steady advantage over
Q-learning. During the middle section of the learning curve it performs slightly
better than RMT-D before they all convergeat the asymptote.

In pointwise t-test comparisons at the 99% con�dence level, the RMT-D
curve is signi�cantly above the model-reusecurve for the �rst 1100episodes in



Figure 7 and 1425episodesin Figure 8. The RMT-D curve is signi�cantly above
the skill-transfer curve for the �rst 575 episodes in Figure 7 and 875 episodes
in Figure 8. The skill-transfer curve is signi�cantly above the RMT-D curve at
just one point in Figure 7 (at 1825 episodes) and never in Figure 8, and the
model-reusecurve is never signi�cantly above the RMT-D curve in either �gure.

We alsotried an algorithm that combinesskill transfer via advicewith RMT-
D. The combination is straightforward: we begin by demonstrating the macro as
in RMT-D, and we incorporate advice when learning the Q-function as in skill
transfer. This produces a learning curve (not shown) that is not signi�cantly
di�eren t from the RMT-D curve. The substantial early e�ects of transferring
a macro via demonstration apparently overwhelm the e�ects of skill-transfer
advice.

8 Conclusions and Future Work

Knowledge transfer in reinforcement learning is an interesting and challenging
problem, and inductiv e logic programming is a powerful tool to apply to it. The
use of ILP allows us to transfer the kind of information that humans might
transfer: strategies with decisionsin �rst-order logic. We describe an approach
for transferring relational macros from a sourcetask that gives the target-task
learnera signi�cant headstart. Our approach producesconsistently higher initial
performancethan standard RL and several related transfer methods.

In future work, we plan to investigate alternativ e macro designsthat may
capture the source-taskbehavior more completely. While a single linear action
sequenceappears to explain the majorit y of our agents' successin the source
task, other con�gurations might perform better. We are interested in trying a
statistical relational learning (SRL) approach to estimate probabilities and to
make decisionsfrom rulesets.

Our RMT-D algorithm is most e�ectiv e when the user is con�dent that the
source-taskstrategy is a reasonableapproximation of a good target-task strat-
egy. However, relational macros might be applicable in more distant transfer
scenarios,such as when only part of a source-taskstrategy is useful in a tar-
get task. We plan to investigate alternativ e ways to apply relational macros in
the target task to make this possible.Potential frameworks for this include op-
tions [1] and advice-taking [8]. We are also interested in incorporating human
advice into relational structures.

Another direction for future work is the re�nement of relational macrosdur-
ing target-task learning. The parameters or structure of a macro could be up-
dated basedon early experiencein the target task. This is a problem of theory
re�nement, which is an area of interest for transfer learning.
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