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Abstract. Temporal-difference reinforcement learning (RL) has proven to be an
effective approach to sequential decision making. A central issue in RL is action
selection. We propose a novel action-selection method based onaction relevance,
a measure of the “optimality potential” of an action. We analyze its workings in an
RL context and establish its effectiveness at acceleratinglearning. One challenge
is that the learner initially has no knowledge of the relevances. We contribute a
powerful and easy-to-use technique,RTP transfer, that estimates relevances on a
task from past experience with related tasks, motivate it theoretically, and validate
it empirically in the maze, cart control, and pendulum swing-up domains.

1 Introduction

Temporal-difference RL [1] has proven to be an effective approach to sequential deci-
sion making and is the subject of much current research. A central issue in RL isaction
selection. When using temporal-difference learning, the learner maintains estimates of
the utility of each action in each state. Provided these estimates are accurate, the optimal
behavior is simply to select the action with the highest estimate. However, this “greedy”
course of action is not appropriate if the estimates are inaccurate, e.g., at initial stages
of learning or if the environment is continually changing. Exploration is thus necessary
to discover an optimal policy in a stationary environment orto adjust in a changing one.

Exploration is inherentlycostly. When the learner takes an exploratory action, it
may be able to improve its policy if its prescribed action is suboptimal. However, it
risks picking a worse action than its current choice and thusobtaining a worse return
than it would through exploitation. Exploratory activity is therefore a limited, valuable
resource that requires careful budgeting.

A popular method for trading off exploration and exploitation is �-greedy action
selection[1]. Compared with other techniques,�-greedy has been thoroughly studied
and understood and offers a particularly compelling balance of ease of use, scope of ap-
plicability, and performance. These factors have ensured asubstantial role for�-greedy
selection in modern RL research. At each step,�-greedy explores (picks an action at
random) with probability�, and exploits (selects the current best action) with probabil-
ity 1� �. The�-greedy method treats all actionsequallyfor the purpose of exploration.
While it fairs well on small tasks, challenging real-world domains favor more informed
exploration. A key premise of this work is that exploration of actions should be propor-
tional to theiroptimality potentialin a given state, i.e., their predicted payoff.



As a measure of optimality potential, we adoptaction relevance: RELEVANCE(a) =jfs 2 S : ��(s) = agj=jSj; whereS and�� are the state set and an optimal policy for
the given MDP. In words, the relevance of an action is the fraction of states at which it
is optimal. Alternatively, the relevance of an action is thelikelihood of its being optimal
in a given state. We propose a modification to�-greedy action selection that selects an
exploratory action with probability equal to the action’s relevance, a method we call
relevance-weighted action selection.

Initially, the learner has no knowledge of the action relevances. In what follows, we
develop a powerful and easy-to-use knowledge-transfer method for estimating action
relevances on a task from past experience with related tasksin the domain. The method,
RTP transfer, applies to a broad range of learning settings in which multiple related
tasks are to be mastered. We present comparative experiments in the maze, cart control,
and pendulum swing-up domains that substantiate the benefits of relevance-weighted
action selection with the proposed relevance-estimation method.

Additionally, this paper contributes one of the few successful methodologies for
knowledge transferin MDP’s. The importance of leveraging past experience to acceler-
ate the mastery of new tasks has been widely recognized. While generalizationwithin
tasks is a well-understood and largely solved problem (typically using function approx-
imation), knowledge transferbetweentasks has seen limited progress to date (see “Re-
lated Work” below for some notable exceptions). We demonstrate that our knowledge-
transfer approach to action selection is at once simple to use and empirically successful.
The theoretical analysis in this paper shows that RTP transfer is also a formally moti-
vated, principled method.

2 Background

A Markov decision process(MDP) is a quadruplehS;A; t; ri, whereS is a set ofstates;A is a set ofactions; t : S�A ! Pr(S) is atransition functionindicating a probability
distribution over the next states upon taking a given actionin a given state; andr :S � A ! R is a reward functionindicating the reward upon taking a given action
in a given state. Given a sequence of rewardsr0; r1; : : : ; rn, the associatedreturn isPni=0 
iri, where0 � 
 � 1 is the discount factor. Given apolicy � : S ! A
for acting, itsvalue functionV � : S ! R yields, for every states 2 S, the expected
return from starting in states and following�. The objective is to find anoptimal policy�� : S ! A whose value function dominates that of any other policy at every state.

The learner experiences the world as a sequence of states, actions, and rewards,
with no prior knowledge of the functionst and r. A practical vehicle for learning
in this setting is theQ-value functionQ : S � A ! R, defined asQ�(s; a) =r(s; a) + 
Ps02S t(s0js; a)V �(s0). The widely usedQ-learning algorithm [2] incre-
mentally improves an approximation to theQ-value function of the optimal policy.

3 Estimating Relevance

In many domains, action relevances are similar across tasks. Consider, for example, a
pastry chef experimenting with a new recipe. Several parameters, such as oven tem-
perature and time to rise, need to be determined. But based onpast experience, only a



small range of values is likely to be worth testing. Similarly, when driving, the same
safety practices (gradual acceleration, minor adjustments to the wheel) apply regardless
of the terrain, destination, or vehicle. Finally, a biddingagent in an auction can raise a
winning bid by any amount. But past experience in a differentauction may suggest that
only a small number of raises are worth considering. This section presents two tech-
niques,relevance transferandrandomized task perturbation, that exploit domain-wide
knowledge acquired on one task to accelerate learning on allsubsequent ones. To high-
light the roles of the tasks in knowledge transfer, we refer to the first task learned as
auxiliary and to any subsequent tasks, asprimary.

3.1 Relevance Transfer

Relevance transferis a novel relevance-estimation method that applies when a learner
is presented with two or morerelatedtasks with identical action sets, all of which must
be learned. Since real-world problems are rarely handled inisolation, this setting is
quite common. Relevance transfer solves the auxiliary taskfrom scratch with uniform
relevances (i.e., using traditional�-greedy action selection), identifying a near-optimal
policy��. The method computes the relevance of each action from�� directly from the
definition: RELEVANCE(a) = jfs 2 S : ��(s) = agj=jSj:1 Relevance transfer learns
any subsequent tasks using these newly discovered relevances: an action is selected on
an exploratory move at random with probability equal to its computed relevance. When
action relevances are similar across tasks in a domain, relevance transfer accelerates the
mastery of the second and any subsequent tasks. In particular, it provides the informa-
tion necessary to perform more effective exploration.

3.2 Randomized Task Perturbation (RTP)

Relevance transfer relies on the similarity of the tasks involved; if the auxiliary task
is not representative of the others, relevance transfer canhandicap the learner. Ifmany
tasks are to be learned, a straightforward remedy is to transfer from multiple tasks,
learning each from scratch with uniform relevances. However, in some cases the learner
may not have access to a representative sample of tasks in thedomain. Furthermore, the
cost of learning multiple tasks independently could be prohibitive.

We therefore focus on the harder problem of identifying the approximate action
relevances in the domain by learning onlyonetask from scratch and tackling all subse-
quent tasks with the resulting relevances. We proposerandomized task perturbation, an
enhancement to relevance transfer that makes it robust to misleading auxiliary tasks.

Detrimental Transfer Direct relevance transfer can be successful in many cases. How-
ever, in order to motivate the power of RTP, we introduce herean example in which
direct transfer is detrimental. Consider a deterministic 4�4 grid world. A single cell is
distinguished as a goal, whose location varies from task to task. The goal is an absorb-
ing state with reward 1; all other transitions yield zero reward. The discount factor is
 = 0:9. The initial state is picked at random, and the objective is to reach the goal
via the shortest path. Over all possible tasks in this domain(distinguished by the goal
location), the four actionsNORTH, SOUTH, EAST, andWESTare equally relevant. Thus,

1 In continuous-state domains, the state space can be discretized or sampled.



knowledge transfer cannot improve on the default, learningwith all identical relevances.
(See “Empirical Results” below for domains in which relevance trendsdo exist across
tasks and knowledge transferis helpful.)
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Fig. 1: An auxiliary and primary tasks.

Unfortunately, naı̈ve transfer can hurt perfor-
mance. Figure 1 features a pair of auxiliary and
primary tasks, along with their optimal policies
and value functions. The auxiliary task has its
goal in the southeast corner of the map. The pri-
mary task is identical except the goal is moved to
a northwesterly location. Although the auxiliary
and primary tasks seem similar, transfer severely disadvantages the learner. The opti-
mal policy for the auxiliary task, shown in Figure 1, includes only SOUTH andEAST

actions. The primary task, on the other hand, features all four directions of travel in its
optimal policy. The action relevances in the auxiliary taskare completely unrepresen-
tative of the primary task. Direct transfer predicts low relevances for the useful actions
(NORTH andWEST) and vice versa and thus impedes learning.

Coping with Unrepresentative Past ExperienceRTP is a technique that permits a
more thorough exposure to the domain’s task space while learning in the same auxil-
iary task. The method works by internally distorting the optimal value function of the
auxiliary task, thereby inducing an artificialnewtask while operating in thesameenvi-
ronment. RTP transfer learns the optimal policy in this artificial task and computes the
relevance of each action as the average over its relevance inthe original and artificial
tasks. Compared with direct transfer, RTP transfer is biased more toward a “generic”
task in the domain and less toward the auxiliary task. If the auxiliary task is in fact more
representative of the primary task than is a “generic” task in the domain, direct trans-
fer may be preferable. By contrast, RTP strives forsafeknowledge transfer, weighting
domain-wide trends more than the idiosyncrasies of the auxiliary task. This technique
is beneficial in the many domains that exhibit relevance trends across all tasks; a few
are illustrated in “Empirical Results” below.
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Fig. 2: RTP transfer at work.

Figure 2 illustrates the workings of RTP trans-
fer. Figure 2a depicts the familiar auxiliary task.
RTP distorts the task’s optimal value function by
randomly selecting a small fraction� of the states
and labeling them with randomly chosen values,
drawn uniformly from[vmin; vmax℄. Herevmin =rmin=(1 � 
) andvmax = rmax=(1 � 
) are the
smallest and largest state values in the domain. We assume that the smallest and largest
one-step rewardsrmin andrmax can be readily estimated or learned.

The selected states form a setF of fixed-valued states. Figure 2b shows these states
and their assigned values on a sample run with� = 0:2. RTP transfer learns the value
function of the artificial taskby treating the values of the states inF as constant, and
by iteratively refining the other states’ values viaQ-learning. Figure 2c illustrates the
resulting optimal values. The fixed-valued states have retained their assigned values,
and the other states’ values have been computed with regard to these fixed values.



RTP-TRANSFER(�;vmin; vmax)
1 Add eachs 2 S toF with probability�
2 foreach s 2 F
3 do random-value  rand(vmin; vmax)
4 Q+(s; a) random-value for all a 2 A
5 repeat s current state,a �(s)
6 Take actiona, observe rewardr, new states0
7 Q(s; a) � r+ 
maxa02AQ(s0; a0)
8 if s 2 S n F

thenQ+(s; a) � r + 
maxa02AQ+(s0; a0)
9 until converged

10 8a : �0(a) jfs 2 S : a = argmaxa02AQ(s; a0)gjjSj ,�00(a) jfs 2 S n F : a = argmaxa02AQ+(s; a0)gjjS n Fj
11 return � = 12�0 + 12�00
Fig. 3: RTP in pseudocode. The left arrow “ ” denotes assign-
ment;x � y denotesx (1� �)x+ �y.

RTP created an ar-
tificial task quite dif-
ferent from the origi-
nal. The optimal pol-
icy in Figure 2d fea-
turesall four directions
of travel, despite the
goal’s southeast loca-
tion.2 As a result, the
relevance estimates for
the four actions are
more in agreement with
the domain-wide trend
(uniform relevances, in
this case) and less re-
flective of the pecu-
liarities of the auxil-
iary task than with di-
rect transfer. RTP has
performed knowledge
transfer gracefully with misleading experience.

Figure 3 specifies RTP transfer in pseudocode, embedded inQ-learning.Q+ de-
notes theQ-value function for the artificial task;�0(a) and�00(a) denote the learned
relevance of an action in the auxiliary and artificial tasks,respectively.

Notes on RTP Transfer On a practical note, RTP transfer is easy to use. The algo-
rithm’s only parameter,�, offers a tradeoff:� � 0 results in an artificial task almost
identical to the original;� � 1 induces a value environment completely unrelated to
the domain’s transition and reward dynamics and thus unrepresentative of tasks in the
domain. Importantly, RTP does not require any environmental interaction of its own—
it reuses thehs; a; r0; s0i quadruples generated while learning the unmodified auxiliary
task. It may be useful to run RTP several times. A data-economical implementation
learns all artificialQ-value functionsQ+1 ; Q+2 ; etc., simultaneously within the same
algorithm. The data requirement of this implementation is the same as in traditionalQ-
learning with�-greedy action selection. The space and running time requirements are a
modest multiplek of those inQ-learning, wherek is the number of additional (artificial)Q-value functions learned. In case of multiple artificial tasks, the returned relevance of
each action is averaged over the original and all artificial tasks. One direction for future
work is to explore the benefits of weighting the original and artificial tasksdifferently
in computing relevance. RTP can be viewed as a solution to themasking effect[3] in
classical AI, a phenomenon when extrapolating from past experience yields a poorer
solution than learning from scratch.

Extensions to Continuous DomainsRTP transfer can be readily extended to continu-
ous state spaces. In this case, the setF cannot be formed from individual states; instead,

2 We ignore the action choices inF since those states are semantically absorbing.



F should encompassregionsof the state space, each with a fixed value, whose aggre-
gate area is a fraction� of the entire state space. A practical implementation of RTP
for continuous tasks in Section 5 usestile coding[1], a popular function-approximation
technique that discretizes the state space into regions (each with a value that is shared
by all states in it) and generalizes updates in each region tonearby regions. The method
can be readily adapted to ensure that fixed-valued regions retain their values (e.g., by
resetting their values after every update).

3.3 Theoretical Motivation for RTP

As discussed above, action relevances on the auxiliary taskmay be unrepresentative of
the domain as a whole. In such cases, relevance transfer may be harmful—a situation
RTP is designed to avoid. This section analyzes the performance degradation due to
learning with skewed relevances and shows how RTP remedies the situation.

Formally, let ~A� = fa 2 A : ��(s) = a for somes 2 Sg be theoptimal action set
of the auxiliary task, and letA� be the true optimal action set of theprimary task. In
relevance transfer, the primary task is learned using the transferred action set~A� (i.e.,
all actions whose relevances are non-zero), in the hope that~A� is “similar” to A�. IfA� 6� ~A�, the best policy~�� achievable with the transferred action set in the primary
task may be suboptimal. This section bounds the decrease in the highest attainable value
of a state of the primary task due to the replacement of the full action setA with ~A�.
For more a detailed exposition, see [4].

Formalism We start with a formalism that separates the commonalities and differences
of tasks in the domain. Rather than specifying the effects ofan action as a probability
distributionPr(S) over nextstates, we specify it as a probability distributionPr(O)
over outcomesO. O is the set of “nature’s choices,” or deterministic actions under
nature’scontrol [5]. Corresponding to every actiona 2 A available to thelearner is a
probability distribution (possibly different in different states) overO. Whena is taken,
nature “chooses” an outcome for execution according to thatprobability distribution.

Each state in a task is labeled with aclassfrom amongC. An action’s reward and
transition dynamics are identical in all states of the same class. Formally, for alla 2 A
ands1; s2 2 S, �(s1) = �(s2) =) r(s1; a) = r(s2; a); t(s1; a) = t(s2; a); where�(�) denotes the class of a state. Classes allow the definition oft andr as functions
overC �A, a set common to all tasks, rather than the task-specific setS �A. Combin-
ing classes with outcomes enables a task-independent description of the transition and
reward dynamics:t : C �A ! Pr(O) andr : C �A ! R. r r r� -6 6CAR r t OS ��Domain

Task

Fig. 4: Related-task MDP
formalism.

A taskwithin a domain is fully specified by its state setS, a mapping� : S ! C from its states to the classes, and
a specification� : S � O ! S of the next state given the
current state and an outcome. Figure 4 illustrates the com-
plete formalism. Formally, domains and tasks are defined
as follows:

Definition 1. A domain is a quintuplehA; C;O; t; ri,
whereA is a set of actions;C is a set of state classes;O is a set of action outcomes;t : C �A ! Pr(O) is a transition function; andr : C �A ! R is a reward function.



Definition 2. A task within the domainhA; C;O; t; ri is a triple hS; �; �i, whereS is
a set of states;� : S ! C is a state classification function; and� : S � O ! S is a
next-state function.

This formalism captures implicit regularities in a typicaldomain: a fixed set of out-
comes upon taking an action and large areas of the state spacewith identical dynamics.
In a continuous setting, it is helpful to think of a given outcomeo 2 O as grouping
similar (rather than identical) action effects; likewise for a class
 2 C.

Transfer Suboptimality Bound Given a fixed states, let si denote the state that re-
sults if theith outcome occurs. Thenv = [V �(s1) V �(s2) : : : V �(sjOj)℄T is
the outcome value vector(OVV) for s, fully determined by the task. The setU =hU
1 ; U
2 ; : : : ; U
jCji of all OVV’s of a task, grouped by the classes of their correspond-
ing states, fully determines the optimal action set. OVV sets provide a natural measure

of task dissimilarity�(U; ~U) def= max
2C maxu2U
 �min~u2 ~U
 jju� ~ujj2	 : the worst-
case distance between an OVV in the primary task (U ) and the nearest OVV of the same
class in the auxiliary task (~U ). This yields the desired bound (see [4] for a proof):

Theorem 1. Let ~A� be the optimal action set of the auxiliary task. Replacing the full
action setA with ~A� reduces the highest attainable value of a state in the primary task
by at most�(U; ~U) � p2
=(1 � 
), whereU and ~U are the OVV sets of the primary
and auxiliary tasks, respectively.

Analysis of RTP Theorem 1 implies that learning with the transferred relevances is
safe if every OVV in the primary task has in its vicinity an OVVof the same class in
the auxiliary task. To do well with unrepresentative auxiliary experience, the learner
must sample the domain’s OVV space not reflected in the auxiliary task.Randomized
task perturbation(RTP) allows for a more thorough exposure to the domain’s OVV
space while learning in the same auxiliary task. In terms of the analysis above, the
combined (original+ artificial) OVV set in RTP is closer to, or at least no farther
from, the primary task’s OVV set than is the OVV set of the original auxiliary task
alone. The algorithm thereby reduces the dissimilarity of the two tasks and improves the
suboptimality guarantees of Theorem 1. A major strength of RTP transfer is its ability
to extract relevance information about actions implicit inthe domain-wide dynamics,
given access to a single task and no model knowledge.

4 Testbed Domains

This section describes three common RL benchmarks that we used to assess the com-
parative efficacy of our proposed action-selection method.Two of the domains have
continuous states; the remaining domain has discrete states.

4.1 Cart Control goal

1−1

v

d p

Fig. 5: Cart control domain.

Cart control (Figure 5) features a cart
capable of moving left or right subject
to the application of linear acceleration.
The state of the cart is its positionp and



velocityv. An action is an accelerationa. Initially, the cart is placed at a random loca-
tion p 2 [�1; 1℄ and launched at a random speedv 2 [�1; 1℄. The objective is to drive
the cart as quickly as possible to a destinationd 2 [�1; 1℄ while using up as little power
as possible. The dynamics of the cart arept+1 = pt + vt�t andvt+1 = vt + at�t;
where�t = 0:2 is the simulated time step. When the next state is computed, its com-
ponents (p andv) are additionally truncated if necessary to lie in[�1; 1℄. The reward
function isr(p; v; a) = �(d � p)2 � a2, and the discount factor is
 = 0:95. The op-
timal policy is to first accelerate in the direction of the goal, then to brake gradually as
the cart approaches the goal, and finally to stop in the goal’simmediate vicinity. Differ-
ent tasks within this domain are distinguished by the locationd of the goal. The action
space is uniformly discretized to 11 values:f�1;�0:8; : : : ; 0; : : : ; 0:8; 1g. This domain
is commonly known in the control literature as “double integrator.”

4.2 Pendulum Swing-up

ω

θ=0
goal

θ<0θ>0

θ=−1
θ=1

Fig. 6: Pendulum swing-
up domain.

In the pendulum swing-up task (Figure 6), the objective is
to swing a pendulum to an upright position by applying an-
gular acceleration. The pendulum’s state comprises angular
position� and angular velocity!. Position� ranges from0
to 1 in the left semi-circle and from0 to�1 in the right one;
the downward vertical is simultaneously� = 1 and� = �1.
An action is an angular acceleration�. Initially, the pendu-
lum is launched at a random position and at a random veloc-
ity. As in the cart control task, the three variables range in[�1; 1℄, the reward function isr(�; !; �) = ��2 � �2; and
 = 0:95. The pendulum’s dynamics are�t+1 = �t + !t�t
and!t+1 = !t + [� + g sin(��)℄�t, where�t = 0:2 is the
simulated time step. As the angular velocity equation indi-
cates, the pendulum’s movement is subject to gravity, measured as a multipleg of the
maximum angular acceleration. Atg � 2, it is impossible to swing the pendulum to
an upright position without first rocking it in the opposite direction to gain momentum.
Tasks in this domain are distinguished by gravityg � 0. The action set is uniformly
discretized tof1;�0:8; : : : ; 0; : : : ; 0:8; 1g.
4.3 Maze

Fig. 7: Maze domain.

The 100�100 deterministic maze in Figure 7 features four ac-
tions: NORTH, SOUTH, EAST, and WEST. The states are the
maze cells. Tasks in this domain are distinguished by the lo-
cation of the goal, an absorbing state with reward1; all other
transitions yield zero reward. Moves into walls and outsidethe
maze result in no change of cell. The objective is to reach the
goal via the shortest path from the start cell, chosen each time
at random. The discount rate is
 = 0:95.

5 Empirical Results

Experimental Setup We usedQ-learning with step size� = 0:1 and � = 0:2 to
compare relevance-weighted action selection to the traditional �-greedy method in the



three domains above: cart control (goal positiond = 0), pendulum swing-up (gravityg = 2), and maze (goal cell in the bottom-right corner). In each case, an episode started
in a random state and continued for 200 time steps. The performance metric was average
state value under the current greedy policy. The metric was computed by performing a
large number of rollouts (state trajectories) at randomly chosen states and averaging the
associated
-discounted returns.

To estimate action relevances for use in the relevance-weighted method, we used
direct transfer and RTP transfer. The parameters in RTP transfer were:� = 0:20, 1 trial
(picked heuristically and not optimized). The transfer methods estimated relevances
from an auxiliary task in the corresponding domain: cart control (goal atd = �1), pen-
dulum swing-up (zero gravity), and maze (goal in the top-left corner). In cart control,
the motion equation was additionally changed topt+1 = pt + 2vt�t, i.e., the effective
speed was doubled when computing the next position, to simulate a slippery surface.
These auxiliary tasks are quite different from the primary tasks, a design meant to put
knowledge transfer to the test in a maximally challenging setting.

To learn in the continuous-state cart control and pendulum swing-up domains, we
usedtile coding [1]. The tile width was 0.008 for position (p; �) and 0.04 for speed
(v; !). The finer resolution along the position dimension reflectsits greater importance
in decision making. We did not experiment with varying theseparameters. In RTP, the
updates in tile coding were followed by resetting the fixed values, as described earlier.
The initialization was to the lowest value in each domain (�40;�40; and�20 in cart
control, pendulum swing-up, and maze, respectively).

Relevance EstimatesFigure 8 shows the true relevances on the three test tasks and
their estimates obtained via knowledge transfer. The estimates obtained by direct trans-
fer closely reflect features of the auxiliary tasks and thus offer a poor approximation
to the true relevances. In particular, the auxiliary cart-control task induced negligible
relevances for rightward accelerations (due to the left-hand location of the goal); the
true relevances are balanced for rightward and leftward accelerations. The zero-gravity
auxiliary pendulum swing-up task made large accelerationsseem unrealistically useful
because without gravity, the pendulum can be swung up to vertical by a single forceful
push rather than by gradually rocking it back and forth to gain momentum. Likewise,
the relevances on the maze task are skewed by the unrepresentative top-left location of
the goal in the auxiliary task.

By contrast, RTP transfer yielded relevance estimates morerepresentative of the
domain and thus closer to the test tasks. In particular, the relevances in cart control and
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Fig. 8: Action relevances estimated via knowledge transfer.



pendulum swing-up are symmetric for leftward and rightwardaccelerations (reflect-
ing the goal’s expected placement at the center) and are lower for large accelerations
(reflecting their high cost). There is no such domain-wide bias in the maze domain, re-
sulting in nearly uniform relevances. In the event that the auxiliary task is in fact more
representative of the primary task than is a “generic” task in the domain, direct rele-
vance transfer might be preferable. On the other hand, RTP transfer provides forsafe
(if occasionally suboptimal) knowledge transferregardlessof the auxiliary task.

Results Figure 9 plots performance on the test task in the three domains using relevance-
weighted action selection via the two relevance-estimation methods. Traditional�-greedy
action selection, as well as relevance-weighted action selection with the true relevances,
are plotted as baselines. The true-relevance baseline is included for analysis purposes
only and doesnot represent an actual method (since the true relevances are unknown
ahead of time). The time scale of Figure 9, 1 million episodes, arguably exceeds any
realistic allotment of training time. The meaning of the curve labels is as follows:

– TRUE: Relevance-weighted selection with thetrue relevances on the test task.
– RTP: Relevance-weighted selection with relevancesestimatedfrom an auxiliary

task via RTP transfer.
– TRANSFER: Relevance-weighted selection with relevancesestimatedfrom an aux-

iliary task via direct transfer.
– UNIFORM: Traditional�-greedy selection. (Equivalent to relevance-weighted selec-

tion with uniform relevances.)

In all cases, relevance-weighted action selection with true relevances yields the best
performance for the first 1 million episodes. In the maze domain, this method iseven-
tually overtaken by uniform (traditional�-greedy) action selection. This is because rel-
evance is but anestimateof an action’s optimality potential, and the optimal actionin a
given state is not always assigned the highest relevance. Infact, the optimal action will
occasionally have relevance below1=jAj (uniform). As a result, relevance-weighted
selection neglects optimal actions at certain states, unlike the uniform method. Given
enough training time, traditional�-greedy action selection may thus achieve a better
policy. The near-identical performance of the two methods on the cart control task is
due to a different reason: the true action relevances are nearly uniform.

The performance of direct relevance transfer is not particularly positive: the method
is beneficial on the pendulum swing-up task but substantially worse than traditional
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Fig. 9: Performance on the maze, cart control, and pendulum swing-up tasks. Each curve is a
point-wise average over 100 runs. All mentioned comparisons are statistically significant at0:01.



�-greedy selection on the other two tasks. RTP transfer is always superior to direct
transfer. RTP improves on�-greedy on the maze task, confidently outperforms it on
pendulum swing-up (and comes a close second to the true-relevance benchmark!), and
slightly under-performs�-greedy on cart control. RTP thus exploits domain-wide simi-
larities where they exist and is minimally distracted by theunrepresentative peculiarities
of the auxiliary task. These results reflect the difficulty oftransferring knowledge and
the effectiveness of RTP transfer at this task.

6 Related Work

Action selection has long been a vital research problem in RL. Several action-selection
methods other than�-greedy have been developed, including softmax selection [1], in-
terval estimation [6], and E3 [7]. Whereas these other methods focus on information
about actions tried and value estimates on a single task during learning, this paper
proposes a method for leveraging information from an auxiliary task to enable more
informed exploration. An avenue for future work is to blend relevance-weighted action
selection with these other methods so as to initially exploit knowledge from an auxiliary
task and then gradually make use of value estimates from the primary task.

An alternate characterization of this work is the use of knowledge transfer to ac-
celerate learning. Knowledge transfer has been obtained onhierarchical [8, 9], first-
order [5], and factored [10] MDP’s. A limitation of this related research is the reliance
on a human designer for an explicit description of the regularities in the domain’s dy-
namics, be it in the form of matching state regions in two problems, a hierarchical pol-
icy graph, relational structure, or situation-calculus fluents and operators. By contrast,
RTP transfer discovers and exploits similarities across tasks in the domain to the extent
that they are present and requires no human guidance along the way. Furthermore, our
method is robust to unrepresentative auxiliary experience.

In some sense, RTP transfer can be seen as the counterpart to learning search control
knowledge in classical AI planning [11]. Though the mechanism by which actions are
selected is entirely different in RL, information from a previous task in the same domain
is used to prune the space of possible actions. It is in this context that the masking effect,
mentioned above in the discussion of RTP, has been studied previously [3].

7 Conclusions and Future Work

This paper introducesaction relevance, defined as the fraction of states at which an ac-
tion is optimal. Relevance is a valuable predictor of an action’s optimality potential in a
state. We demonstrate how action relevance can be exploitedto substantially accelerate
learning. However, the learner initially has no knowledge of relevances. We introduced
a powerful knowledge-transfer technique,RTP transfer, that automatically leverages
similarities across tasks in a domain to estimate action relevances on a given task from
past experience on related tasks in the domain. The method issimple to use and applies
to a broad range of learning settings in whichmultiplerelated tasks must be mastered; it
performs well even with misleading past experience. This paper documents a successful
application of RTP transfer to the continuous-state cart control and pendulum swing-up



domains, as well as a discrete maze domain. The theoretical analysis above additionally
shows that RTP is a principled, formally motivated approach.

A promising direction for future work is to enhance the predictive power of ac-
tion relevance by computing it over arestricted region of the state space. In many
domains, not all states are worth considering in computing an action’s relevance: some
are rarely or never encountered, either in general or under optimal behavior. Removing
those states from consideration would allow the learner to focus on the more useful
states. Ideally, relevance would reflect differences in an action’s optimality potential
at different states, rather than offering a single estimatefor the entire state space. The
possibility of obtaining such estimates via knowledge transfer merits further research.
More generally, it is intriguing to explore other definitions of relevance. The one used
in this paper (fraction of states at which the action is optimal) is not the only possibility;
any quantity that generalizes well from task to task and doesnot require mapping states
between tasks will do. An orthogonal line of work is to adjustaction relevance over
time to reflect the evolvingQ-values.
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