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Abstract. Temporal-difference reinforcement learning (RL) has proto be an
effective approach to sequential decision making. A cérgsae in RL is action
selection. We propose a novel action-selection methoddo@saction relevance

a measure of the “optimality potential” of an action. We gmalits workings in an
RL context and establish its effectiveness at acceleré&aging. One challenge
is that the learner initially has no knowledge of the releesm We contribute a
powerful and easy-to-use techniq&[ P transferthat estimates relevances on a
task from past experience with related tasks, motivatedrtétically, and validate

it empirically in the maze, cart control, and pendulum swigdomains.

1 Introduction

Temporal-difference RL [1] has proven to be an effectiverapph to sequential deci-
sion making and is the subject of much current research. &aassue in RL isaction
selection When using temporal-difference learning, the learnemta#s estimates of
the utility of each action in each state. Provided thesenedés are accurate, the optimal
behavior is simply to select the action with the highesteste. However, this “greedy”
course of action is not appropriate if the estimates arecinate, e.g., at initial stages
of learning or if the environmentis continually changingploration is thus necessary
to discover an optimal policy in a stationary environmertbardjust in a changing one.

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

A popular method for trading off exploration and exploitetiis e-greedy action
selection[1]. Compared with other techniquesgreedy has been thoroughly studied
and understood and offers a particularly compelling baai@ase of use, scope of ap-
plicability, and performance. These factors have ensumtatantial role foe-greedy
selection in modern RL research. At each stegreedy explores (picks an action at
random) with probability, and exploits (selects the current best action) with pridbab
ity 1 — e. Thee-greedy method treats all actioaguallyfor the purpose of exploration.
While it fairs well on small tasks, challenging real-worldrdains favor more informed
exploration. A key premise of this work is that exploratidracotions should be propor-
tional to theiroptimality potentiain a given state, i.e., their predicted payoff.



As a measure of optimality potential, we adaption relevanceRELEVANCE(a) =
{s € §:n*(s) = a}|/|S|, whereS andr* are the state set and an optimal policy for
the given MDP. In words, the relevance of an action is thetiivaof states at which it
is optimal. Alternatively, the relevance of an action islikelihood of its being optimal
in a given state. We propose a modificatioretgreedy action selection that selects an
exploratory action with probability equal to the action&davance, a method we call
relevance-weighted action selection

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

Additionally, this paper contributes one of the few suctidssiethodologies for
knowledge transfen MDP’s. The importance of leveraging past experience te k-
ate the mastery of new tasks has been widely recognizedeWybiteralizatiomvithin
tasks is a well-understood and largely solved problem ¢glpi using function approx-
imation), knowledge transféretweerasks has seen limited progress to date (see “Re-
lated Work” below for some notable exceptions). We demanstihat our knowledge-
transfer approach to action selection is at once simpled¢@od empirically successful.
The theoretical analysis in this paper shows that RTP teansfalso a formally moti-
vated, principled method.

2 Background

A Markov decision proceg81DP) is a quadruplésS, A, t, r), whereS is a set oktates
Aisasetofactionst : S x A — Pr(S8) is atransition functionindicating a probability
distribution over the next states upon taking a given acitioa given state; and :
S x A — R is areward functionindicating the reward upon taking a given action
in a given state. Given a sequence of rewaids, ..., r,, the associateceturn is
> o', where0 < v < 1 is thediscount factor Given apolicy m : S — A
for acting, itsvalue functionV™ : S — R yields, for every state € S, the expected
return from starting in stateand followingr. The objective is to find aaptimal policy
™ : § — A whose value function dominates that of any other policy atystate.
The learner experiences the world as a sequence of statesjsa@and rewards,
with no prior knowledge of the functions andr. A practical vehicle for learning
in this setting is the@-value function@ : S x A — R, defined as)™(s,a) =
r(s,a) + 7> ,cst(s'|s,a)V™(s'). The widely used)-learning algorithm [2] incre-
mentally improves an approximation to tfevalue function of the optimal policy.

3 Estimating Relevance

In many domains, action relevances are similar across.t&kssider, for example, a
pastry chef experimenting with a new recipe. Several pat@sesuch as oven tem-
perature and time to rise, need to be determined. But baspdsirexperience, only a



small range of values is likely to be worth testing. Simifasvhen driving, the same
safety practices (gradual acceleration, minor adjuststerthe wheel) apply regardless
of the terrain, destination, or vehicle. Finally, a biddament in an auction can raise a
winning bid by any amount. But past experience in a diffeeardtion may suggest that
only a small number of raises are worth considering. Thisiae@resents two tech-
niquesyrelevance transfeandrandomized task perturbatiothat exploit domain-wide
knowledge acquired on one task to accelerate learning suladlequent ones. To high-
light the roles of the tasks in knowledge transfer, we redethe first task learned as
auxiliary and to any subsequent taskspaisnary.

3.1 Relevance Transfer

Relevance transfes a novel relevance-estimation method that applies whearaér

is presented with two or morelatedtasks with identical action sets, all of which must
be learned. Since real-world problems are rarely handledalation, this setting is
quite common. Relevance transfer solves the auxiliary fiask scratch with uniform
relevances (i.e., using traditionabreedy action selection), identifying a near-optimal
policy 7*. The method computes the relevance of each action frodirectly from the
definition:RELEVANCE(a) = |{s € S : 7*(s) = a}|/|S|.! Relevance transfer learns
any subsequent tasks using these newly discovered relevamtaction is selected on
an exploratory move at random with probability equal to @swputed relevance. When
action relevances are similar across tasks in a domaivarate transfer accelerates the
mastery of the second and any subsequent tasks. In partitydeovides the informa-
tion necessary to perform more effective exploration.

3.2 Randomized Task Perturbation (RTP)

Relevance transfer relies on the similarity of the taskslved; if the auxiliary task
is not representative of the others, relevance transfehaadicap the learner. thany
tasks are to be learned, a straightforward remedy is tofeafi®m multiple tasks,
learning each from scratch with uniform relevances. Howgmnesome cases the learner
may not have access to a representative sample of tasksdontein. Furthermore, the
cost of learning multiple tasks independently could be ititie.

We therefore focus on the harder problem of identifying tppraximate action
relevances in the domain by learning oolyetask from scratch and tackling all subse-
quent tasks with the resulting relevances. We propaisdomized task perturbatioan
enhancement to relevance transfer that makes it robustsieaiing auxiliary tasks.

Detrimental Transfer Direct relevance transfer can be successful in many cases. H
ever, in order to motivate the power of RTP, we introduce lagrexample in which
direct transfer is detrimental. Consider a deterministid4yrid world. A single cell is
distinguished as a goal, whose location varies from taségk.{The goal is an absorb-
ing state with reward 1; all other transitions yield zero aesv The discount factor is
~ = 0.9. The initial state is picked at random, and the objectiveisetach the goal
via the shortest path. Over all possible tasks in this dorf@istinguished by the goal
location), the four actionSORTH, SOUTH, EAST, andwEesT are equally relevant. Thus,

1 n continuous-state domains, the state space can be discrer sampled.



knowledge transfer cannotimprove on the default, leamittigall identical relevances.
(See “Empirical Results” below for domains in which relevarirendsio exist across
tasks and knowledge transismelpful.)

Unfortunately, naive transfer can hurt perfor—=—
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goal in the southeast corner of the map. The pri- - )

mary task is identical except the goal is moved {g9- 1 An auxiliary and primary tasks.
a northwesterly location. Although the auxiliary

and primary tasks seem similar, transfer severely disadgas the learner. The opti-
mal policy for the auxiliary task, shown in Figure 1, inclgdenly SOUTH andEAST
actions. The primary task, on the other hand, features atldaections of travel in its
optimal policy. The action relevances in the auxiliary tas& completely unrepresen-
tative of the primary task. Direct transfer predicts lowekglnces 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 whilaitegin the same auxil-
iary task. The method works by internally distorting theimat value function of the
auxiliary task, thereby inducing an artificiaewtask while operating in theameenvi-
ronment. RTP transfer learns the optimal policy in thisfaiél task and computes the
relevance of each action as the average over its relevartbe ioriginal and artificial
tasks. Compared with direct transfer, RTP transfer is bliasere toward a “generic”
task in the domain and less toward the auxiliary task. If thdlery task is in fact more
representative of the primary task than is a “generic” tasthe domain, direct trans-
fer may be preferable. By contrast, RTP strivesdafeknowledge transfer, weighting
domain-wide trends more than the idiosyncrasies of thelianxitask. This technique
is beneficial in the many domains that exhibit relevancedseacross all tasks; a few
are illustrated in “Empirical Results” below.

Figure 2 illustrates the workings of RTP tran
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fer. Figure 2 depicts the familiar auxiliary task.|- * * *[[®+ - -|(@8 7 7 Gg)« i <
RTP distorts the task’s optimal value function by, . ‘@ | @ . Eég(?c It
randomly selecting a small fractighof the states 5 b c d
and labeling them with randomly chosen values,
drawn uniformly from[vin, Vmax]. HEr€vmin = Fig. 2: RTP transfer at work.

Tmin/ (1 — 7) @Ndvmax = rmax/(1 — ) are the
smallest and largest state values in the domain. We asswanh¢hsmallest and largest
one-step rewards,i, andr,,x can be readily estimated or learned.

The selected states form a geof fixed-valued stategigure 2 shows these states
and their assigned values on a sample run ith 0.2. RTP transfer learns the value
function of the artificial taslby treating the values of the statesihas constantand
by iteratively refining the other states’ values @alearning. Figure 2 illustrates the
resulting optimal values. The fixed-valued states havenedatheir assigned values,
and the other states’ values have been computed with regé#ndge fixed values.



RTP created an ar- RTP-TRANSFER(®, vrin, Umax)

tificial task quite dif- 4 Ayq eachs € S to  with probability ¢
ferent from the origi- foreachs € F

2
nal. The optimal pol- 3 do random-value <+ rand(vmin, Umax)
icy in Figure 21 fea- 4 Q" (s,a) « random-value foralla € A
turesall four directions 5 repeat s < current stateg « 7(s)
of travel despite the 6 Take actioru, observe reward, new states’
goal's southeast loca- 7 Q(s,a) & r+ymaxa e Q(s',a’)
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the four actions are 9  until converged ,
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the domain-wide trend S| ’ ’
(uniform relevances, in p"(a) + {s €S\ 7 :a = argmaxyca @7 (s, @)}
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this case) and less re- 14
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, embeddédl@arning.Q " de-
notes the@-value function for the artificial tasky’(a) andp”(a) denote the learned
relevance of an action in the auxiliary and artificial taskspectively.

retum p = 1p' + 1p”

Fig. 3: RTP in pseudocode. The left arrow" denotes assign-
ment;z & y denotese + (1 — o)z + ay.

Notes on RTP Transfer On a practical note, RTP transfer is easy to use. The algo-
rithm’s only parameterg, offers a tradeoffip &~ 0 results in an artificial task almost
identical to the originalip ~ 1 induces a value environment completely unrelated to
the domain’s transition and reward dynamics and thus uasemtative of tasks in the
domain. Importantly, RTP does not require any environmiéntraction of its own—

it reuses thées, a, r', s') quadruples generated while learning the unmodified auyilia
task. It may be useful to run RTP several times. A data-ecacedrimplementation
learns all artificialQ-value functionsy", Q5 , etc., simultaneously within the same
algorithm. The data requirement of this implementatiolmésgame as in traditionél-
learning withe-greedy action selection. The space and running time reopgnts are a
modest multipleé: of those inQ-learning, wheré: is the number of additional (artificial)
Q@-value functions learned. In case of multiple artificiakimshe returned relevance of
each action is averaged over the original and all artifieisks. One direction for future
work is to explore the benefits of weighting the original amiifiaial tasksdifferently

in computing relevance. RTP can be viewed as a solution toneking effecf3] in
classical Al, a phenomenon when extrapolating from pasee&pce 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/seannot be formed from individual states; instead,

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



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

3.3 Theoretical Motivation for RTP

As discussed above, action relevances on the auxiliarynt@skbe unrepresentative of
the domain as a whole. In such cases, relevance transfer enagrmful—a situation
RTP is designed to avoid. This section analyzes the perfocmdegradation due to
learning with skewed relevances and shows how RTP remdutiesituation.

Formally, letA* = {a € A : 7*(s) = a for somes € S} be theoptimal action set
of the auxiliary task, and letl* be the true optimal action set of tipeimary task. In
relevance transfer, the primary task is learned using #resterred action sed* (i.e.,
all actions whose relevances are non-zero), in the hope4has “similar” to .A*. If
A* ¢ A*, the best policyt* achievable with the transferred action set in the primary
task may be suboptimal. This section bounds the decrease ighest attainable value
of a state of the primary task due to the replacement of tHeaétiion setA with A*.
For more a detailed exposition, see [4].

Formalism We start with a formalism that separates the commonalitidsié&ferences
of tasks in the domain. Rather than specifying the effecanodction as a probability
distribution Pr(S) over nextstates we specify it as a probability distributiaPr(O)
over outcomesD. O is the set of “nature’s choices,” or deterministic actiomsler
nature’scontrol [5]. Corresponding to every actiane A available to théearneris a
probability distribution (possibly different in differéstates) ove®. Whena is taken,
nature “chooses” an outcome for execution according togta@iability distribution.

Each state in a task is labeled witltlassfrom amongC. An action’s reward and
transition dynamics are identical in all states of the salagsc Formally, for alb € A
andsi, ss € S, k(s1) = k(s2) = r(s1,a) = r(s2,a),t(s1,a) = t(s2,a), where
k() denotes the class of a state. Classes allow the definitignaofdr as functions
overC x A, a set common to all tasks, rather than the task-specifi€ sel. Combin-
ing classes with outcomes enables a task-independentptestof the transition and
reward dynamicst : ¢ x A — Pr(O)andr: C x A — R.

A taskwithin a domain is fully specified by its state set o roAs
S, amappings : § — C from its states to the classes, anghomain =€
a specificatiom : S x 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: Fig.4: Related-task MDP

formalism.

Definition 1. A domain is a quintuple{A,C, O, t,r),
whereA is a set of actions¢ is a set of state classe€) is a set of action outcomes;
t:C x A— Pr(0O) is a transition function; and : C x A — R is a reward function.



Definition 2. A task within the domaifA,C, O, t,r) is a triple (S, k, ), whereS is
a set of statest : S — C is a state classification function; ang: S x O — Sisa
next-state function.

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

Transfer Suboptimality Bound Given a fixed stata, let s; denote the state that re-
sults if theith outcome occurs. Them = [V*(s1) V*(s2) ... V*(sjo)]" is
the outcome value vectofOVV) for s, fully determined by the task. The s&t =
(UeysUcyy - -, Uey, ) of all OVV's of a task, grouped by the classes of their coroesp
ing states, fully determines the optimal action set. OV\$ ggbvide a natural measure
of task dissimilarityA(U, U7) ©f maxeec maxucp, {ming; |[u—1/|,} : the worst-
case distance between an OVV in the primary té&&kand the nearest OVV of the same
class in the auxiliary task). This yields the desired bound (see [4] for a proof):

Theorem 1. Let A* be the optimal action set of the auxiliary task. Replacirgfill
action set4 with A* reduces the highest attainable value of a state in the prynask
by at mostA(U, U) - v/2v/(1 — ), whereU andU are the OVV sets of the primary
and auxiliary tasks, respectively.

Analysis of RTP Theorem 1 implies that learning with the transferred retees is
safe if every OVV in the primary task has in its vicinity an O\¥ the same class in
the auxiliary task. To do well with unrepresentative awaxifi experience, the learner
must sample the domain’s OVV space not reflected in the anyitask.Randomized
task perturbation(RTP) allows for a more thorough exposure to the domain’s OVV
space while learning in the same auxiliary task. In termshef dnalysis above, the
combined (originak- 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 ora auxiliary task
alone. The algorithm thereby reduces the dissimilarityheftivo tasks and improves the
suboptimality guarantees of Theorem 1. A major strengthTd? Ransfer is its ability
to extract relevance information about actions implicithe domain-wide dynamics,
given access to a single task and no model knowledge.

4 Testbed Domains

This section describes three common RL benchmarks that e tosassess the com-
parative efficacy of our proposed action-selection metfAaeh of the domains have
continuous states; the remaining domain has discretesstate

4.1 Cart Control rgoal

\% I
Cart control (Figure 5) features a cart-I > : I-
capable of moving left or right subject — i w
to the application of linear acceleration. ~
The state of the cart is its positignand Fig. 5: Cart control domain.




velocity v. An action is an acceleratiaon Initially, the cart is placed at a random loca-
tionp € [—1, 1] and launched at a random speed [—1, 1]. The objective is to drive
the cart as quickly as possible to a destinatian[—1, 1] while using up as little power
as possible. The dynamics of the cart pfe; = pr + v At andvg 1 = v + a; At,
whereAt = 0.2 is the simulated time step. When the next state is computedom-
ponents § andv) are additionally truncated if necessary to lie[inl, 1]. The reward
function isr(p,v,a) = —(d — p)? — a2, and the discount factor ig = 0.95. The op-
timal policy is to first accelerate in the direction of the galen to brake gradually as
the cart approaches the goal, and finally to stop in the gmatisediate vicinity. Differ-
ent tasks within this domain are distinguished by the lacediof the goal. The action
space is uniformly discretized to 11 valu¢s:1, —0.8,...,0,...,0.8,1}. This domain
is commonly known in the control literature as “double intgor.”

4.2 Pendulum Swing-up

In the pendulum swing-up task (Figure 6), the objective is goal
to swing a pendulum to an upright position by applying an- 6=0;
gular acceleration. The pendulum’s state comprises angula ‘
position# and angular velocitw. Positiond ranges fronD 0>
to 1 in the left semi-circle and frorfi to —1 in the right one;

the downward vertical is simultaneougly= 1 andf = —1.

An action is an angular acceleration Initially, the pendu-

lum is launched at a random position and at a random velocA w
ity. As in the cart control task, the three variables range in
[-1,1], the reward function i$(f,w,a) = —6? — o2, and

v = 0.95. The pendulum’s dynamics afg,; = 6, + w, At Fig-6 Pendulum swing-
andwsi1 = wy + [o + gsin(n6)] At, whereAt = 0.2 is the UP domain.

simulated time step. As the angular velocity equation indi-

cates, the pendulum’s movement is subject to gravity, ntedsas a multiplg of the
maximum angular acceleration. At> 2, it is impossible to swing the pendulum to
an upright position without first rocking it in the oppositeettion to gain momentum.
Tasks in this domain are distinguished by gravjty> 0. The action set is uniformly
discretized tof1, -0.8,...,0,...,0.8,1}.

4.3 Maze

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 |
cation of the goal, an absorbing state with rewarall other
transitions yield zero reward. Moves into walls and outside
maze result in no change of cell. The objective is to reach th
goal via the shortest path from the start cell, chosen eauh ti
at random. The discount ratejs= 0.95. Fig. 7: Maze domain.

5 Empirical Results

Experimental Setup We used@-learning with step size«e = 0.1 ande = 0.2 to
compare relevance-weighted action selection to the tomdite-greedy method in the



three domains above: cart control (goal positibe: 0), pendulum swing-up (gravity
g = 2), and maze (goal cell in the bottom-right corner). In eactecan episode started
in a random state and continued for 200 time steps. The pe&ioce metric was average
state value under the current greedy policy. The metric wagouted by performing a
large number of rollouts (state trajectories) at randorhlysen states and averaging the
associated-discounted returns.

To estimate action relevances for use in the relevancehtagmethod, we used
direct transfer and RTP transfer. The parameters in RTBfeawereip = 0.20, 1 trial
(picked heuristically and not optimized). The transfer imogls estimated relevances
from an auxiliary task in the corresponding domain: carttaarfgoal atd = —1), pen-
dulum swing-up (zero gravity), and maze (goal in the topdefner). In cart control,
the motion equation was additionally changegio, = p; + 2v; At, i.e., the effective
speed was doubled when computing the next position, to atmal slippery surface.
These auxiliary tasks are quite different from the primasgks, a design meant to put
knowledge transfer to the test in a maximally challengingrsg

To learn in the continuous-state cart control and pendulvingsup domains, we
usedtile coding[1]. The tile width was 0.008 for positiorp(#) and 0.04 for speed
(v, w). The finer resolution along the position dimension refl@stgreater importance
in decision making. We did not experiment with varying thpaeameters. In RTP, the
updates in tile coding were followed by resetting the fixelliea, as described earlier.
The initialization was to the lowest value in each domaid, —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 estéisobtained by direct trans-
fer closely reflect features of the auxiliary tasks and thifisr@ poor approximation
to the true relevances. In particular, the auxiliary canttcol task induced negligible
relevances for rightward accelerations (due to the lefishacation of the goal); the
true relevances are balanced for rightward and leftwardlacations. The zero-gravity
auxiliary pendulum swing-up task made large acceleratees unrealistically useful
because without gravity, the pendulum can be swung up t@caehy a single forceful
push rather than by gradually rocking it back and forth taagabmentum. Likewise,
the relevances on the maze task are skewed by the unre@@setip-left location of
the goal in the auxiliary task.

By contrast, RTP transfer yielded relevance estimates mapresentative of the
domain and thus closer to the test tasks. In particular dleances in cart control and

CART CONTROL ACTION HISTOGRAM PENDULUM SWING-UP ACTION HISTOGRAM MAZE ACTION HISTOGRAM

04 true . 04 true

Relevance
Relevance
Relevance

-1 -0.5 0 0.5 1 North South East West
Action Action Action

Fig. 8: Action relevances estimated via knowledge transfer.



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

Results Figure 9 plots performance on the test task in the three dwusing relevance-
weighted action selection via the two relevance-estimatiethods. Traditionatgreedy
action selection, as well as relevance-weighted acti@tteh with the true relevances,
are plotted as baselines. The true-relevance baselineliglied for analysis purposes
only and doesot represent an actual method (since the true relevances knewn
ahead of time). The time scale of Figure 9, 1 million episp@deguably exceeds any
realistic allotment of training time. The meaning of thevaulabels is as follows:

— TRUE: Relevance-weighted selection with ttnee relevances on the test task.

— RTP: Relevance-weighted selection with relevanesimatedfrom an auxiliary
task via RTP transfer.

— TRANSFER Relevance-weighted selection with relevanestsmatedrom an aux-
iliary task via direct transfer.

— UNIFORM: Traditionale-greedy selection. (Equivalent to relevance-weighteeisel
tion with uniform relevances.)

In all cases, relevance-weighted action selection with televances yields the best
performance for the first 1 million episodes. In the maze danthis method isven-
tually overtaken by uniform (traditionalgreedy) action selection. This is because rel-
evance is but aastimateof an action’s optimality potential, and the optimal actiora
given state is not always assigned the highest relevanéactithe optimal action will
occasionally have relevance beldw|.A| (uniform). As a result, relevance-weighted
selection neglects optimal actions at certain stateskeiiie uniform method. Given
enough training time, traditionalgreedy action selection may thus achieve a better
policy. The near-identical performance of the two methodshe cart control task is
due to a different reason: the true action relevances amynedform.

The performance of direct relevance transfer is not pdetiupositive: the method
is beneficial on the pendulum swing-up task but substaptiatirse than traditional

CART CONTROL PENDULUM SWING-UP MAZE
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Fig. 9: Performance on the maze, cart control, and pendulum supntasks. Each curve is a
point-wise average over 100 runs. All mentioned compassos statistically significant ato1.



e-greedy selection on the other two tasks. RTP transfer isyaveuperior to direct
transfer. RTP improves oergreedy on the maze task, confidently outperforms it on
pendulum swing-up (and comes a close second to the truearele benchmark!), and
slightly under-performs-greedy on cart control. RTP thus exploits domain-wide simi
larities where they exist and is minimally distracted byuineepresentative peculiarities
of the auxiliary task. These results reflect the difficultytr@insferring knowledge and
the effectiveness of RTP transfer at this task.

6 Related Work

Action selection has long been a vital research problem inSlveral action-selection
methods other thanrgreedy have been developed, including softmax selectipinf-
terval estimation [6], and E[7]. Whereas these other methods focus on information
about actions tried and value estimates on a single taskgllearning, this paper
proposes a method for leveraging information from an aamiltask to enable more
informed exploration. An avenue for future work is to bleeterance-weighted action
selection with these other methods so as to initially exledwledge from an auxiliary
task and then gradually make use of value estimates fronritmagy task.

An alternate characterization of this work is the use of kieolge transfer to ac-
celerate learning. Knowledge transfer has been obtaingdevarchical [8, 9], first-
order [5], and factored [10] MDP’s. A limitation of this retal research is the reliance
on a human designer for an explicit description of the regfiga in the domain’s dy-
namics, be it in the form of matching state regions in two peois, a hierarchical pol-
icy graph, relational structure, or situation-calculugfits and operators. By contrast,
RTP transfer discovers and exploits similarities acroskg@n the domain to the extent
that they are present and requires no human guidance alenvgath Furthermore, our
method is robust to unrepresentative auxiliary experience

In some sense, RTP transfer can be seen as the countergarttimy search control
knowledge in classical Al planning [11]. Though the meckanby which actions are
selected is entirely different in RL, information from a pieus task in the same domain
is used to prune the space of possible actions. Itis in thitexdthat the masking effect,
mentioned above in the discussion of RTP, has been studistbpsly [3].

7 Conclusions and Future Work

This paper introduceaction relevancedefined as the fraction of states at which an ac-
tion is optimal. Relevance is a valuable predictor of ancac$i optimality potential in a
state. We demonstrate how action relevance can be exptoitedstantially accelerate
learning. However, the learner initially has no knowled§eetevances. We introduced
a powerful knowledge-transfer techniquRTP transfer that automatically leverages
similarities across tasks in a domain to estimate acticvagices on a given task from
past experience on related tasks in the domain. The metlsotjide to use and applies
to a broad range of learning settings in whinhltiplerelated tasks must be mastered; it
performs well even with misleading past experience. Thiepdocuments a successful
application of RTP transfer to the continuous-state camtroband pendulum swing-up



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

A promising direction for future work is to enhance the potige power of ac-
tion relevance by computing it overrastricted region of the state space. In many
domains, not all states are worth considering in computingaion’s relevance: some
are rarely or never encountered, either in general or unuténal behavior. Removing
those states from consideration would allow the learneotm$ on the more useful
states. Ideally, relevance would reflect differences in e@ioa’'s optimality potential
at different states, rather than offering a single estif@atéhe entire state space. The
possibility of obtaining such estimates via knowledge sfanmerits further research.
More generally, it is intriguing to explore other definitoof relevance. The one used
in this paper (fraction of states at which the action is opt)ris not the only possibility;
any quantity that generalizes well from task to task and doésequire mapping states
between tasks will do. An orthogonal line of work is to adjastion relevance over
time to reflect the evolvin@-values.
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