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Transfer in Reinforcement Learning: a
Framework and a Survey

Alessandro Lazaric

Abstract Transfer in reinforcement learning is a novel research #ratfocuses
on the development of methods to transfer knowledge front afsgource tasks
to a target task. Whenever the tasks similar, the transferred knowledge can be
used by a learning algorithm to solve the target task andfgigntly improve its
performance (e.g., by reducing the number of samples needachieve a nearly
optimal performance). In this chapter we provide a fornaian of the general
transfer problem, we identify the main settings which haserbinvestigated so far,
and we review the most important approaches to transfeinforeement learning.

1 Introduction

The idea of transferring knowledge across different buttesl tasks to improve the
performance of machine learning (ML) algorithms stems fpmychology and cog-
nitive science research. A number of psychological stu@ies e.g., Thorndike and
Woodworth, 1901; Perkins et al, 1992) show that humans deetaldearn a task
better and faster by transferring the knowledge retaineah fsolving similar tasks.
Transfer in machine learning has the objective to desigmsfermethods that an-
alyze the knowledge collected from a set of source tasks, @gples, solutions)
and transfer it so as tbias the learning process on a target task towards a set of
goodhypotheses. If the transfer method successfully identifiessimilarities be-
tween source and target tasks, then the transferred knge/isdikely to improve
the learning performance on the target task. The idea dhietpand reusing knowl-
edge to improve the learning algorithms dates back to etatyes of ML. In fact,
it is widely recognized that a good representation is thetrogtical aspect of any
learning algorithm, and the development of techniques a@n&matically change
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the representation according to the task at hand is one afntiie objectives of
large part of the research in ML. Most of the research in fiarisarning (Fawcett
et al, 1994) identified the single-problem perspective Ip@aopted in ML as a
limit for the definition of effective methods for the induati construction of good
representations. On the other hand, taking inspiratiom fstudies in psychology
and neuroscience (Gentner et al, 2003; Gick and Holyoak3)1 98 transfer point
of view, where learning tasks are assumed to be related anall&dge is retained
and transferred, is considered as the most suitable pérspéz design effective
techniques of inductive bias (Utgoff, 1986).

Transfer in reinforcement learning. Transfer algorithms have been successful
in improving the performance of learning algorithms in a memof supervised
learning problems, such as recommender systems, medicisiate making, text
classification, and general game playing. In recent yehesrdsearch on transfer
also focused on the reinforcement learning (RL) paradigthreow RL algorithms
could benefit from knowledge transfer. In principle, traatial reinforcement learn-
ing already provides mechanisms to learn solutions for asly without the need of
human supervision. Nonetheless, the number of samplesddedearn a nearly-
optimal solution is often prohibitive in real-world prolots unless prior knowledge
from a domain expertis available. Furthermore, every tinggtask at hand changes
the learning process must be restarted from scratch evemsitndar problems have
been already solved. Transfer algorithms automaticalilg lpwior knowledge from
the knowledge collected in solving a set of similar sours&ddi.e. training tasks)
and use it to bias the learning process on any new tasktéstingtask). The result
is a dramatic reduction in the number of samples and a significnprovement in
the accuracy of the learned solution.

Aim of the chapter. Unlike supervised learning, reinforcement learning prob-
lems are characterized by a large number of elements sudieatyhamics and
the reward function, and many different transfer settireys lse defined depending
on the differences and similarities between the tasks.oAigh relatively recent,
research on transfer in reinforcement learning alreadyisoa large number of
works covering many different transfer problems. Nonetbg| it is often difficult
to have a clear picture of the current state-of-the-artdangfer in RL because of the
very different approaches and perspectives adopted imdeaith this complex and
challenging problem. The aim of this chapter is to formalizeat the main trans-
fer settings are and to classify the algorithmic approaeieesrding to the kind of
knowledge they transfer from source to target tasks. Tagmar Stone (2009) also
provide a thorough survey of transfer in reinforcementrigag. While their survey
provides a very in-depth analysis of each transfer algarjtthe objective of this
chapter is not to review all the algorithms available in titerature but rather to
identify the characteristics shared by the different apphes of transfer in RL and
classify them into large families.

Structureof the chapter. The rest of the chapter is organized as follows. In Sec-
tion 2 we formalize the transfer problem and we identify éhneain dimensions to
categorize the transfer algorithms according to the ggttime transferred knowl-
edge, and the objective. Then we review the main approadhesnsfer in RL in
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Fig. 1 (top) In the standard learning process, the learning algorithts @& input some form of
knowledge about the task (i.e., samples, structure of theisos, parameters) and returns a so-
lution. (bottom)In the transfer setting, a transfer phase first takes as thputnowledge retained
from a set of source tasks and returns a new knowledge whigebas input for the learning algo-
rithm. The dashed line represents the possibility to defic@ndéinual process where the experience
obtained from solving a task is then reused in solving nekstas

three different settings. In Section 3 we focus on the setodarget setting where
transfer occurs from one single source task to one singjettask. A more general
setting with a set of source tasks and one target task isestudiSection 4. Finally,

in Section 5 we discuss the general source-to-target geftiren the state-action
spaces of source and target tasks are different. In Sectisa éonclude and we
discuss open questions.

2 A Framework and a Taxonomy for Transfer in Reinforcement
Learning

Transfer learning is a general problem and it is difficulttoydde a formal definition
able to take into account all the possible perspectives ppibaches to the problem.
Furthermore, although many different algorithms have balesady proposed, a
clear categorization of the main approaches to transferLinsRstill missing. In
this section we first introduce a formalization of the geh&emsfer and we then
propose a taxonomy to classify transfer approaches aloeg thain dimensions.

2.1 Transfer Framework

In this section, we adapt the formalisms introduced by Ba@800) and Silver
(2000) for supervised learning to the RL paradigm and wethice general defini-
tions and symbols used throughout the rest of the chapter.

As discussed in the introduction, transfer learning legesaon the knowledge
collected from a number of different tasks to improve therésy performance in
new tasks. We definetask Mas an MDP (Sutton and Barto, 1998) characterized
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[ Symbo[Meaning |

M MDP

Su |State space

Am  |Action space

Tv | Transition model (dynamics)

Ruw |Reward function

A | Task space (set of taské)

Q | Probability distribution over#

&  |Environment (task space and distribution)

2 |Hypothesis space (e.g., value functions, policies)
h e 27 |Hypothesis (e.g., one value function, one policy)

2 |Knowledge space (e.g., samples and basis functions)
K € # |Knowledge (e.g., specific realization of samples)

Js |Knowledge space from a source task
% |Knowledge space from a target task
Jransfer KNowledge space return by the transfer algorithm and uséghiming
Z |Space of functions defined on a specific state-action space
¢ |State-action basis function
Heamn |Learning algorithm
ransfer| Transfer algorithm
O |Set of options
0 O |An option

Table 1 List of the main symbols used in the chapter.

by the tuple(Su,Am, Tu, Ru) whereSy is the state spacéy is the action space,
Twm is the transition function, anBy, is the reward function. While the state-action
spaceSy x Ay defines thelomainof the task, the transitiofly and reward function
Rwv define theobjectiveof the task. Thepace of taskswolved in the transfer learn-
ing problem is denoted by = {M}. Let Q be a probability distribution over the
space of tasks#, then we denote by’ = (.#, Q) theenvironmentwhich defines
the setting of the transfer problem. The tasks presentérbtieairner are drawn from
the task distribution (i.eM ~ Q). This general definition resembles the traditional
supervised learning setting where training samples arerdii@am a given distribu-
tion. As a result, similar to classification and regressteamsfer learning is based
on the idea that since tasks are drawn from the same distnih@n algorithm able
to achieve a good performance on average on a finite numbeuotes tasks (or
training tasks), then it will also generalize well across thrget tasks inZ coming
from the same distributiof® (or testing tasks).

A standard learning algorithm takes as input some form ofitedge of the task
at hand and returns a solution in a set of possible resultsud#e?” to denote the
space of the knowledge used as input for the learning algordnd.sZ for the
space of hypotheses that can be returned. In partic#farefers to all the elements
used by the algorithm to compute the solution of a task, npthk instancege.g.,
samples), theepresentatiorof the problem (e.g., set of options, set of features), and
parameterge.g., learning rate) used by the algorithm. Notice t¥atncludesprior
knowledge provided by an expettansferknowledge obtained from a transfer al-
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gorithm, anddirectknowledge collected from the task. A general learning atgor
is defined as the mapping

eam: H — H. (1)

Example 1Let us consider fitted-iteration (Ernst et al, 2005) with a linear
function approximator. Fitted Q-iteration first colledtssamples (thenstance}
and through an iterative process returns an action-valnetiftn which approxi-
mates the optimal action-value function of the task. In dase, the hypothesis
space/ is the linear space spanned by a sed @atures{¢; : Sx A— 0}9 , de-
signed by a domain expert, thati# = {h(-,-) = 5% , ai$i(-,-)}. Beside this prior
knowledge, the algorithm also receives as input a sél shmples(s,a,s,r). As
a result, the knowledge used by fitted Q-iteration can be &limed by the space
H = ((SxAx Sx RN, .79), where any specific instanéec % is K = ({(sn, an,
S N {9i}9,), with ¢ € .Z. Given as inpuK € % the algorithm returns an
action-value functiom € J# (i.e., o%rqi(K) =h). O

Given the previous definitions, we can now define the genéeges of transfer
learning algorithms. In general, in single-task learnintyohe instances are directly
collected from the task at hand, while the representatiothefproblem and the
parameters are given as a prior by an expert. In transfemifegrthe objective is
to reduce the need for instances from the target task and lprawledge from a
domain expert by tuning and adapting the structure of thenieg algorithm (i.e.,
the knowledge used as input) on the basis of the previous wiskerved so far.
Let & = (.#,Q) be the environment at hand ahde the number of tasks drawn
from .# according to the distributio® used as source tasks, a transfer learning
algorithm is usually the result ofteansfer of knowledgand alearningphase. Let
H¢- be the knowledge collected from thesource tasks ands the knowledge
available (if any) from the target task. The transfer phastefined as

. L
Shransfer: K X J4 — Hiransfes (2

where#;ansferiS the final knowledge transferred to the learning phaseattiqular,
the learning algorithm is now defined as

eam : HransterX 4 — . (3

Example 2Let us consider the transfer algorithm introduced by Lazg008) in
which a set of features is learned from a sekL. &fource tasks. In this casé;ansfer
takes as inpulNs samples for each of the tasks and returnd features{:pi}id:1
from .#. The fitted Q-iteration algorithm is then used to learn thieitsan of a
target task and#jeam takes as inpul\; target samples and the features extracted
during the transfer phase and returns a function in the sgé&cspanned by the
features{¢i}¢_,. Thus, we haves = (Sx Ax Sx R, % = (Sx Ax Sx R,
and Firansfer= F4. 0O

Although in the definition in Equation (2); is present in both the transfer and
learning phase, in most of the transfer settings, no knaydeabout the target is
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—
transfer
Transfer from source task to @ ﬁ%)
target task with fixed domain
source task target task
Transfer from source task to >)
target task with fixed domain /
source tasks target task
—
transfer
Transfer from source task to % )
target task with different
state-action space
source task target task

Fig. 2 The three main transfer settings defined according to thebruwf source tasks and their
difference w.r.t. the target task.

available in the transfer phase. This formalization alsowshthat transfer algo-
rithms must be compatible with the specific learning aldmnitemployed in the
second phase, SinCé;ansieriS Used as an additional source of knowledgedfg .
The performance of the transfer algorithm is usually coragdo a learning algo-
rithm in Equation (1) which takes as input onl§f. As discussed in the next section,
the specific setting’, the knowledge space%”, and the way the performance is
measured define the main categories of transfer problemapprdaches.

2.2 Taxonomy

In this section we propose a taxonomy of the major approatchieansfer in rein-
forcement learning. We define three main dimensionss#téng the transferred
knowledgeand theobjective

2.2.1 The Settings

In the general formulation of the transfer problem we defineavironment’ as
the space of tasks7 and the probability distributio® on it. Unlike other learn-
ing paradigms (see Pan and Yang (2010) for a review of theildessettings in
supervised learning), an RL problem is defined by differéatents such as the
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dynamics and the reward, and the tasksAhmay differ in a number of possible
ways depending on the similarities and differences in eddhease elements. For
instance, in the transfer problem considered by Mehta @04lg) all the tasks share
the same state-action space and dynamics but the rewartibfumeare obtained as
linear combinations of basis reward functions and a weigltar. In this case, the
space of tasks# is the set of MDPs which can be generated by varying the weight
of the reward functions. Furthermore, although in the gaingefinition tasks are
drawn from a distributio®2, there are many transfer settings in which the tasks are
fixed in advance and no generalization over other tasks isidered. For instance,
most of the inter-task mapping approaches (see e.g., Taykdr 2007a) focus on
the setting in which only one source task and one target taskwailable. Although
an implicit assumption of similarity is usually made, theks are simply given as
input to the algorithm and no explicit distribution is defihe

In the following we will distinguish among three differerdtegories of transfer
settings (see Figure 2).

(I Transfer from source task to target task with fixed domamdefined in Sec-
tion 2.1 the domain of a task is determined by its state-adjmaceSy x Au,
while the specific structure and goal of the task are definetthéylynamicy
and rewardry. Most of the early literature in transfer in RL focused on sle¢
ting in which the domain is fixed and only two tasks are invdha@sourcetask
and atargettask. This setting is usually referreditmuctive transfer learningn
the supervised learning literature (Pan and Yang, 2010).tidnsfer algorithm
might or might not have access to the target task at tranisfier. if no target
knowledge is available, some of the transfer algorithm$opera shallow trans-
fer of the knowledge collected in the source task (e.g., ey and directly
use it in the target task. Other algorithms try to abstraginfthe source task
some general characteristics (e.g., subgoals) that alg tik be relevant in solv-
ing target tasks sharing the same characteristics. On tigg band, when some
target knowledge is available at transfer time, then it edu®adaptthe source
knowledge to the target task. For instance, in (Taylor €@08b) target samples
are used to identify the best mapping between source anet &ede-action vari-
ables and thus to transform the source policy into a tardetypased to initialize
the learning process in the target task.

(I) Transfer across tasks with fixed domdimthis setting, the general definition of
environment’ with a distribution over the task space is considered. s¢hse,
tasks share the same domain and the transfer algorithmaakeput the knowl-
edge collected from a set of source tasks and use it to imghevperformance
in the target task. In this setting, the objective is usutdlgeneralize over the
tasks in.# according to the distributio®. Similar to supervised learning, we
expect that, as the number of source tasks increases, tieferalgorithm is
able to improve the average performance on the target taaisdromQ when
compared to a single-task learning algorithm which doesisetany transferred
knowledge.

(Il Transfer across tasks with different domaiRmally, in this setting tasks have a
different domain, that is they might have different statéem variables, both in
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terms of number and range. Most of the transfer approacttbsinase consider
the source-target scenario and focus on how to define a nmapeiwveen the
source state-action variables and the target variables sm@btain an effective
transfer of knowledge.

2.2.2 TheKnowledge

The definition of transferred knowledge and the specificsi@nprocess are the
main aspects characterizing a transfer learning algorithrthe definition of Sec-
tion 2.1 the space#” contains theénstancescollected from the environment (e.g.,
sample trajectories), thepresentatiorof the solution and thparameterf the al-
gorithm itself. Once the space of knowledge considered éwathorithm is defined,
it is important to design how this knowledge is actually usettansfer information
from the source tasks to the target task. Silver (2000) anciRd Yang (2010) pro-
pose a general classification of the knowledge retainedrandferred across tasks
in supervised learning. Taylor and Stone (2009) introdacesry detailed classifi-
cation for transfer in RL. Here we prefer to have a broadessifation identifying
macro-categories of approaches along the lines of Laz20i@g). We classify the
possible knowledge transfer approaches into three cagsgimistanceransferrep-
resentatiortransferparametertransfer.

(I) Instance transfetJnlike dynamic programming algorithms, where the dynamics
and reward functions are known in advance, all the RL algor# rely on a set
of samples collected from a direct interaction with the MDmbtild a solution
for the task at hand. This set of samples can be used to estitmatmodel of
the MDP inmodel-basedpproaches or to directly build an approximation of the
value function or policy irmodel-freeapproaches. The most simple version of
transfer algorithm collects samples coming from diffeemirce tasks and reuses
them in learning the target task. For instance, the tramdfenajectory samples
can be used to simplify the estimation of the model of newggSunmola and
Wyatt, 2006) or the estimation of the action value functisrira(Lazaric et al,
2008).

(I) Representation transfdeach RL algorithm uses a specific representation of the
task and of the solution, such as state-aggregation, neerabrks, or a set of
basis functions for the approximation of the optimal valuedtion. After learn-
ing on different tasks, transfer algorithms often perfomma#straction process
which changes the representation of the task and of the@adutn this category,
many possible approaches are possible varying from reviepisg (Konidaris
and Barto, 2006) and MDP augmentation through options (s&t@l, 2004) to
basis function extraction (Mahadevan and Maggioni, 2007).

(Il Parameter transfeMost of the RL algorithms are characterized by a number
of parameters which define the initialization and the bebrasf the algorithm
itself. For instance, in Q-learning (Watkins and Dayan,2)afe Q-table is ini-
tialized with arbitrary values (e.g., the highest possifalieie for the action values
Rmax/(1—y)) and it is updated using a gradient-descent rule with a iegmate
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Fig. 3 The three main objectives of transfer learning (Langle@6)0The red circles highlight the
improvement in the performance in the learning processagpey using transfer solutions w.r.t.
single-task approaches.

o. The initial values and the learning rate define the set aftipprameters used
by the algorithm. Some transfer approaches change and tdaglgorithm pa-
rameters according to the source tasks. For instance, #dtien values in some
state-action pairs are very similar across all the souslestdhe Q-table for the
target task could be initialized to more convenient vallres tspeeding-up the
learning process. In particular, the transfer of initialusions (i.e., policies or
value functions) is commonly adopted to initialize the feag algorithm in the
transfer setting with only one source task.

2.2.3 The Objectives

While in supervised learning the performance of a clasgifiex regressor are usu-
ally measured in terms of prediction error, in RL many pdssibeasures can be
employed to evaluate how good is the solution returned byetwing algorithm.
As a result, transfer algorithms can be evaluated accotdiaghumber of different
performance measures. Depending on how the learning peafare is measured,
different transfer metrics may be used. In Taylor and St@@®9) a number of
metrics is proposed to measure the improvement of transier single-task ap-
proaches. Here we discuss three main transfer objectivagsted! from the objec-
tives suggested for the general problem of transfer sugddst Langley (2006)
(see Figure 3):

() Learning speed improvemeiithis objective is about the reduction in the amount
of the experience needed to learn the solution of the taskrad.mrAs new tasks
are sampled according 1@, the knowledge retained from a set of previously
solved tasks can be used to bias the learning algorithm tsaatimited set of
solutions, so as to reduce its learning time. The compleity learning algo-
rithm is usually measured by the number of samples needeshtevee a desired
performance. In RL, this objective is pursued following thifierent approaches.
The first approach is to make the algorithm more effectivesimgithe experi-
ence collected from the exploration of the environment. iRstance, Kalmar
and Szepesvari (1999) and Hauskrecht (1998) show that thefusptions can
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improve the effectiveness of value iteration backups byatipd value function
estimates with the total reward collected by an option, dng treducing the
number of iterations to converge to a nearly optimal sotutithe second aspect
is about the strategy used to collect the samples. In onlinglgorithms samples
are collected from direct interaction with the environmi&anbugh an exploration
strategy. The experience collected by solving a set of tagkdead to the def-
inition of better exploration strategies for new relatesk& For instance, if all
the tasks have goals in a limited region of the state spacesloration strategy
that frequently visits that region will lead to more infortiva samples.

In practice, at least three different methods can be usectsure the improve-
ment in the learning speetime to thresholdarea ratio, andfinite-sample anal-
ysis In all the problems where a target performance is consiti@rg., a small
enough number of steps-to-go in a navigation problem), fassible to set a
threshold and measure how much experience (e.g., sampissdes, iterations)
is needed by the single-task and transfer algorithms tcesehhat threshold. If
the transfer algorithm successfully takes advantage oktlosvledge collected
from the previous tasks, we expect it to need much less eqpagito reach the
target performance. The main drawback of this metric isttiathreshold might
be arbitrary and that it does not take into account the whealening behavior of
the algorithms. In fact, it could be the case that an algorithfaster in reaching
a given threshold but it has a very poor initial performancdaes not achieve
the asymptotic optimal performance. The area ratio meitioduced by Taylor
and Stone (2009) copes with this problem by considering thelevarea under
the learning curves with and without transfer. Formallg #nea ratio is defined

as
. area with transfer area without transfer

area without transfer “)
Although this metric successfully takes into consideratioe behavior of the
algorithms until a given number of samples, it is scale ddpah For instance,
when the reward-per-episode is used as a measure of perfoenthe scale of
the rewards impacts on the area ratio and changes in thedgwaght lead to
different conclusions in the comparison of different algjons. While the two
previous measures allow to empirically compare the legrpgrformance with
and without transfer, it is also interesting to have a mogendus comparison
by deriving sample-based bounds for the algorithms at hianslich case, it is
possible to compute an upper bound on the error of the saluditurned by the
algorithm depending on the parameters of the task and thdauof samples is
available. For instance, if the algorithm returns a funchice 27 andQ* is the
optimal action value function, a finite sample bound is usuigfined as

Ih=Q'llp < &1(#,Q") + &(N), ()

wherep is a distribution over the state spaBee; (7, Q%) is theapproximation
error and it accounts for the asymptotic error of the bessipés solution inZ,
and&(N) is theestimationerror and it decreases with the number of samples.
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(I

(D)

Transfer algorithms should be able to reduce the estimatimr such that with
the same number of samples as in the single-task algoritrey,dould achieve
a better performance. Although recent works in RL providiedisample analy-
sis for a number of popular algorithms such as fitted valuatien (Munos and
Szepesvari, 2008), LSTD (Farahmand et al, 2008; Lazaat €010), and Bell-
man residual minimization (Antos et al, 2008; Maillard et29110), at the best of
our knowledge, at the moment there is no finite-sample aisdigsany transfer
algorithm in RL.

As it will be reviewed in next sections, this objective is aby pursued by
instance-transfer by adding source samples to the set gilsarased to learn
the target task and by parameter-transfer approachestiglining the learning
process to a convenient solution. Representation-traatferithms achieve a
learning speed improvement by augmenting the currentseptation of the task
(e.g., adding options to the action set) and of the solutjpas adding features).
Asymptotic improvemerin most of the problems of practical interest, a perfect
approximation of the optimal value function or policy is patssible (e.g., prob-
lems with continuous state-action spaces) and the use ofieumapproximation
techniques is mandatory. The more accurate the approximatie better the
generalization (and the performance) at convergence. Theracy of the ap-
proximation is strictly dependent on the structure of thecgpof hypotheses”
used to represent the solution (e.g., value functions}k @bjective is usually tar-
geted by representation-transfer algorithms which adegstructure o7 (e.qg.,
by changing the features in a linear approximation spacap4o accurately ap-
proximate the solutions of the tasks . An empirical measure of the quality of
J is to compare the asymptotic performance (i.e., when a lauggber of sam-
ples is available) of transfer and single-task learningoAh this case it would
be interesting to analyze the effectiveness of the traraégrithms by provid-
ing a finite-sample analysis of their performance. In patég the asymptotic
improvement corresponds to a better approximation errar te the bound of
Equation (5). Similar to the learning speed improvemernh@moment no trans-
fer algorithm is guaranteed to improve the average appratan error over the
tasks in.Z .

Jumpstart improvementhe learning process usually starts from either a ran-
dom or an arbitrary hypothesisin the hypothesis spac#’. According to the
definition of environment, all the tasks are drawn from theasalistributionQ.
As a result, after observing a number of source tasks, thefeaalgorithm may
build an effective prior on the solution of the tasks# and initialize the learn-
ing algorithm to a suitable initial hypothesis with a betperformance w.r.t. to
a random initialization. It is worth noting that this objeetdoes not necessarily
correspond to an improvement in the learning speed. Let osider a source
task whose optimal policy is significantly different frometloptimal policy of
the target task but that, at the same time, it achieves onliglatly suboptimal
performance (e.g., two goal states with different final pesirewards in dif-
ferent regions of the state space). In this case, the imprene of the initial
performance can be obtained by initializing the learniggéathm to the optimal
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| Setting | Knowledge | Objective |
Transfer from source to target with fixed domjin Instance Learning speed
Transfer across tasks with fixed domain [Representatiosymptotic performance
Transfer across tasks with different domainjs Parameter Jumpstart

Table 2 The three dimensions of transfer learning in RL. Each temsbélution is specifically
designed for aetting it transfers some form dhowledgeand it pursues aobjective The survey
classifies the existing algorithms according to the firstefision, it then reviews the approaches
depending on the transferred knowledge and discusses whjehbtives they achieve.

policy of the source task, but this may lead to worsen thenlagrspeed. In fact,
the initial policy does not provide samples of the actuaimpt policy of the task

at hand, thus slowing down the learning algorithm. On theoiland, it could be
possible that the policy transferred from the source tagk isffective exploration
strategy for learning the optimal policy of the target tasit that it also achieves
very poor performance. This objective is usually pursuegdmameter-transfer
algorithms in which the learning algorithm is initializedtiva suitable solution

whose performance is better compared to a random (or aspitratialization.

2.2.4 The Survey

Given the framework introduced in the previous sections,ghrvey is organized
along the dimensions in Table 2. In the following sectionding classify the main
transfer approaches in RL according to the specific settieg tonsider. In each
setting, we further divide the algorithms depending on ttpe tof knowledge they
transfer from source to target, and, finally, we discuss Wwhlijectives are achieved.
As it can be noticed, the literature on transfer in RL is natadly distributed on the
three settings. Most of the early literature on transferlinfetused on the source-
to-target setting, while the most popular scenario of recesearch is the general
problem of transfer from a set of source tasks. Finally,aesgeon the problem of
mapping different state and action spaces mostly reliedamwl{toded transforma-
tions and much room for further investigation is available.

3 Methodsfor Transfer from Sourceto Target with a Fixed
State-Action Space

In this section we consider the most simple setting in whiaghgfer occurs from one
source task to a target task. We first formulate the genettaigén the next section
and we then review the main approaches to this problem bgaaring them ac-
cording to the type of transferred knowledge. Most of therapphes reviewed in
the following change the representation of the problemmauadly transfer the source
solution to the target task. Furthermore, unlike the othvergettings considered in
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Fig. 4 Example of the setting of transfer from source to target wiftxed state-action space.

Section 4 and 5, not all the possible knowledge transfer tsa@ie considered and
at the best of our knowledge no instance-transfer methobtéws proposed for this
specific setting.

3.1 Problem Formulation

In this transfer setting we define two MDPssaurcetask Ms = (S A, Ts, Rs) and
atargettaskM; = (S A Ti,R), sharing the same state-action sp&ceA. The en-
vironmenté’ is defined by the task spac# = {Ms,M;} and a task distributio®
which simply returndvis as the first task anil; as second.

Example 3Let us consider the transfer problem depicted in Figure 4.Sdurce
task is a navigation problem where the agent should move thennegion marked
with Sto the goal regiorG. The target task shares exactly the same state-action
space and the same dynamics as the source task but the statialand the goal
(and the reward function) are different. The transfer atfor first collect some
form of knowledge from the interaction with the source taskl ¢hen generates a
transferrable knowledge that can be used as input to theitepalgorithm on the
target task. In this example, the transfer algorithm caraéixine similarity in the
dynamics and identify regularities that could be usefuldarhing the target task.
As reviewed in the next section, one effective way to perftnansfer in this case
is to discover policies (i.e., options) useful to navigat@n environment with such
a dynamics. For instance, the policy sketched in Figureahallthe agent to move
from any point in the left room to the door between the two reo8uch a policy is
useful to solve any navigation task requiring the agent teenfimm a starting region
in the left room to a goal region in the right room. Another plap approach is to
discover features which are well-suited to approximateoihténal value functions
in the environment. In fact, the dynamics displays symrastand discontinuities
which are likely to be preserved in the value functions. Rstance, both the source
and target value functions are discontinuous close to tHks weparating the two
rooms. As a result, once the source task is solved, the &aalgforithm should an-
alyze the dynamics and the value function and return a setatfifes which capture
this discontinuity and preserve the symmetries of the @bl O
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3.2 Representation Transfer

In some transfer problems no knowledge about the targetisaakailable before
transfer actually takes place arif in Equation (2) is always empty. In this case, it
is important to abstract from the source task general chexiatics that are likely to
apply to the target task as well. The transfer algorithm éiodiects some knowledge
from the source task and it then changes the representatiwr ef the solution
spaces# or of the MDP so as to speed-up the learning in the target task.

Option discovery. One of the most popular approachesto the source-targsttran
fer problem is to change the representation of the MDP byrealdtions(Sutton
et al, 1999) to the set of available actions (see Ch&téor a review of hierarchi-
cal RL methods). In discrete MDPs, options do not affect thesfbility to achieve
the optimal solution (since all the primitive actions araitable, any possible pol-
icy can still be represented), but they are likely to imprtlve learning speed if
they reach regions of the state space which are useful to teartarget task. All
the option-transfer methods consider discrete MDPs, ddabepresentation of the
action-value function, and source and target tasks whiffardinly in the reward
function (i.e.,Ts = T;). The idea is to exploit the structure of the dynamics shared
by the two tasks and to ignore the details about the specificeaeward function.
Most of these methods share a common structure. A set of sarspla;, ri,s) is
first collected from the source task and an estimated NRFs computed. On the
basis of the characteristics of the estimated dynamics afsetevant subgoals is
identified and a set a options is learned to reach each of them. According to the
model in Section 2.1, the source knowledgezds= (Sx A x Sx R)NS, and for any
specific realizatiorK € %, the transfer algorithm returnsfansre{ K) = (O, 57,
whereO = {0j}¢ ; and# = {h: Sx {AUO} — O}. The learning algorithm can
now use the new augmented action space to learn the solotibe target task us-
ing option Q-learning (Sutton et al, 1999). Although allgbdransfer algorithms
share the same structure, the critical point is how to idetiie subgoals and learn
options from the estimated dynamics. McGovern and Bart@12@define the con-
cept of bottleneck state as a state which is often travergettid optimal policy
of the source task and that can be considered as criticalte &sks in the same
MDP. Metrics defined for graph partitioning technigues aediin (Menache et al,
2002) and (Simsek et al, 2005) to identify states connedlifigrent regions of the
state space. Hengst (2003) proposes a method to autorfyatieselop a MAXQ
hierarchy on the basis of the concept of access stateshyfiBaharini et al (2006)
a psychology-inspired notion of interest aimed at idemifystates from which the
environment can be easily explored.

Action spacetransfer. A different approach to representation-transfer invalvin
the action space is proposed in (Sherstov and Stone, 208i5)g thndom task per-
turbation, a set of tasks is artificially generated from oingls source task and a
new action set is obtained by removing fréaall the actions which are not optimal
in any of the source tasks. In this case, the transfer algonieturns a paifA’, 7#)
whereA’ C Ais a subset of the original action spasand.”” = {h: Sx A' — 0O}.
With a smaller action set the learning speed in the targé&tigasignificantly im-
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proved at the cost of a loss in the optimality of the learnelicpoln fact, some
of the actions removed according to the artificially geredtaource tasks might be
optimal in the target task. Nonetheless, if source and taagks are similar and the
perturbed tasks are different enough from the source thsk,the method is likely
to preserve most of the actions necessary to solve the tasiet

Feature discovery. In (Mahadevan and Maggioni, 2007; Ferguson and Ma-
hadevan, 2006; Ferrante et al, 2008) a representatiosféraapproach similar to
option-transfer is proposed. The main difference is thateiad of options, the
transfer algorithm extracts a set of featu{edﬁ}idzl which defines the hypothe-
sis spaces”. Similar to the option-transfer algorithms, the tasks asuaned to
share the same dynamics and an estimated transition Modelused to extract
the features. While the source knowledg& is again the set of samples col-
lected fromMs, the transferred knowledge i#gansier= -#9 and once a specific
set of feature ¢ }¢, (with ¢ € F) is extracted, the solution space is defined as
A ={h(x,a) =S | aidi(x,a)}. Furthermore, in option-transfer the objective is to
improve the learning speed, while feature-transfer ainashieving a better approx-
imation of the target value function (i.e., asymptotic imgement). While option-
transfer approaches are specifically designed for on-lgperishms such as option
Q-learning, the feature-transfer algorithms can be paoeahy RL algorithm using
a linear function approximation scheme. Mahadevan and Mag¢2007) intro-
duces a method to generagimto-value functiongi.e., the features) using spectral
analysis of the Laplacian of the estimated graph of the soMDP. Proto-value
functions capture the intrinsic structure of the manifahdlerlying the dynamics of
the tasks at hand (e.g., symmetries) and thus they are likedypproximate well
the value function of any task sharing the same dynamicgusen and Mahade-
van (2006) generalize this approach to problems with diigtifferent dynamics.
Finally, Ferrante et al (2008) further generalize this apph to a more general set-
ting is considered in which both the dynamics and rewardtianenay be different
in source and target task. A different method is proposedid ithe source graph
and extract proto-value functions which are well suited ppraximate functions
obtained from similar dynamics and reward functions.

3.3 Parameter transfer

All the previous methods about representation transfgraelthe implicit assump-
tion that source and target tasks ammilar enough so that options or features ex-
tracted from the source task are effective in learning thatism of the target task.
Nonetheless, it is clear that many different notions of kinity can be defined. For
instance, we expect the option-transfer methods to workwietnever the two op-
timal policies have some parts in common (e.g., they bothl meessing through
some specific states to achieve the goal), while proto-Vainetions are effective
when the value functions preserve the structure of theitrangraph (e.g., sym-
metries). The only explicit attempt to measure the expepéetbrmance of transfer
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from source to target as a function of a distance betweentb&DPs is pursued
by Ferns et al (2004) and Phillips (2006). In particularytlamalyze the case in
which a policyTg is transferred from source to target task. The learninggs®m
the target task is then initialized usimg and its performance is measured. If the
MDPs are similar enough, then we expect this policy-transfethod to achieve
a jumpstart improvement. According to the formalism introeld in Section 2.1,
in this case’s is any knowledge collected from the source task used to lggrn
while the transferred knowledgé{ansieronly containgg and no learning phase ac-
tually takes place. Phillips (2006) defines a state distbeteeenvis andM; along
the lines of the metrics proposed in (Ferns et al, 2004). htiquaar, the distance
d:S— Ois defined as

d(s) = max(|Rs(s,a) — R(s,a)| +y.7(d) (Ts(s,2), Ti(-]s.))), (6)
where 7 (d) is the Kantorovich distance which measures the differeratesden
the two transition distribution3s(+|s,a) and Ti(+|s,a) given the state distana®
The recursive Equation (6) is proved to have a fixed pdinivhich is used a state
distance. Phillips (2006) prove that when a poligyis transferred from source to
target, its performance loss w.r.t. the optimal targetqyati* can be upper bounded
by d* as

1+y

T IV

WS =W < 7 mad(9)+

As it can be noticed, when the transferred policy is the oatipolicy 7 of the
source task, then its performance loss is upper boundedebhatpest value ofl*
which takes into consideration the difference betweendheard functions and tran-
sition models of the two tasks at hand.

As discussed in Section 5, many other approaches paratretsfer approaches
have been investigated in the setting of source and targjet taith different state-
action spaces.

4 Methodsfor Transfer across Taskswith a Fixed State-Action
Space

While in the previous section we considered the setting ifcvionly one source

task is available, here we review the main transfer appemththe general setting
when a set of source tasks is available. Transfer algorithntisis setting should

deal with two main issues: how to merge knowledge coming fdifferent sources

and how to avoid the transfer from sources which differ toacmirom the target

task hegativetransfer).
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4.1 Problem Formulation

In this section we consider the more general setting in whiiehenvironment’
is defined by a set of task# and a distribution2. Similar to the setting in Sec-
tion 3.1, here all the tasks share the same state-actioe gpatis for an € .7,
Su = SandAu = A. Although not all the approaches reviewed in the next sectio
explicitly define a distributior2, they all rely on the implicit assumption that all
the tasks involved in the transfer problem share some cteaistics in the dynam-
ics and reward function and that by observing a number ofcsotaisks, the transfer
algorithm is able to generalize well across all the tasks7n

Example 4.Let us consider a similar scenario to the real-time stra{@&RHs)
game introduced in (Mehta et al, 2008). In RTS, there is a rarmobbasic tasks
such as attacking the enemy, mining gold, building strestuwhich are useful to
accomplish more complex tasks such as preparing an armyanggliering an en-
emy region. The more complex tasks can be often seen as amatiobiof the low
level tasks and the specific combination depends also orhtgepof the game, the
characteristics of the map, and many other parameters. plsiway to formalize
to problem is to consider the case in which all the taskg/rshare the same state-
action space and dynamics but have different rewards. lticpkar, each reward
function is the result of a linear combination of a setldfasis reward function, that
is, for each tasM, the reward is defined & (-) = &, wiri(-) wherew is a weight
vector and;(-) is a basis reward function. Each basis reward function esxadpe-
cific objective (e.g.defeat the enemyollect gold, while the weights represent a
combination of them as in a multi-objective problem. It imsenable to assume
that the specific task at hand is randomly generated by gettanweight vectow.
In particular, we can define a generative distributfogp with hyper-parameterg
from which the weightsw, are drawn. For instance, the hyper-parameter could be
apairy = (u,2) andQy could be a multivariate-dimensional Gaussian distribu-
tion 4" (u,X). In this case, the objective of the transfer algorithm isdtineate as
accurately as possible the parametérso as to have a reliable prior on any new
weight vectorwy. O

4.2 |nstance transfer

The main idea of instance-transfer algorithms is that thedfier of source samples
may improve the learning on the target task. Nonethelesanifples are transferred
from sources which differ too much from the target task, thegativetransfer
might occur. In this section we review the only instancexfar approach for this
transfer setting proposed in (Lazaric et al, 2008) whichcelely transfers samples
on the basis of the similarity between source and targestask

Let L be the number of source tasks, Lazaric et al (2008) proposdganthm
proposed which first collectss samples for each source tagk = (Sx Ax Sx R)Ns
andN; samples (with\; < Ns) from the target task# = (Sx Ax Sx R)™, and the
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transfer algorithm takes as inputs and.#{. Instead of returning as output a set con-
taining all the source samples, the method relies on a mea$similarity between
the source and the target tasks to select which source ssustpbeild be included

in Jranster Let Kg € 75 andK; € J# be the specific source and target samples
available to the transfer algorithm. The number of sourcepes is assumed to be
large enough to build an accurate kernel-based estimattiesioh source modﬁ]a .
Given the estimated model, the similarity between the sotaskMg and the target
taskM is defined as

1 N n
"=y ;P(<sn,an,$,rn>l'\/'s)

whereP ((s,an, S),n)|Mg ) is the probability of the transitioks,, an, s, f'n) € K
according to the (estimated) modeld§ . The intuition behind this measure of sim-
ilarity is that it is more convenient to transfer sampledemied from source tasks
which are likely to generate target samples. Finally, sesamples are transferred
proportionally to their similarity\s to the target task. The method is further refined
using another measure of utility for each source sample a&bftbm each source
task only the samples that are more likely to improve theniearperformance in
the target task. In the experiments reported in (Lazarid, 2098) this method is
shown to successfully identify which sources are more egleto transfer samples
from and to avoid negative transfer.

4.3 Representation Transfer

Unlike in the source-to-target transfer, the objectiveapiresentation transfer in this
setting is to infer from the source tasks general charatiesithat are preserved
across the tasks inZ and that can be effectively exploited to improve the average
(measured according to the distributi@) learning performance w.r.t. single-task
learning.

Option transfer. Bernstein (1999) introduce a new option (caltedseoption)
which is added to the set of available actions and which i beia combination
of the optimal policies learned on thesource tasks and it is then reused to speed-
up learning on the target task. The process can be re-itesatéhat the target task
is added to the source tasks and the reuse option is updatedangly. After a
sufficient number of source tasks, the reuse option is showighificantly speed-
up the learning process on new tasks. Options are used td-sipelearning also
in (Perkins and Precup, 1999) where a POMDP-like framewsrtonsidered. In
particular, they assume the set to be known in advance and a belief about the
identity of the current task is estimated. The value of amoogh the current task is
then computed as an average of its value in different taskghtel by the current
belief. Although in both these approaches the tasks areressto be drawn from
a common distributior2, they do not provide any analysis about which options
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could guarantee the best improvement. Kalmar and Szepé¢$980) consider the
problem of finding the set of options which reduces the mashtimber of iterations
needed for value iteration to converge. Unlike the previeyysroaches, in this case
the transfer algorithm is guaranteed to return the optiratlo$ options. Finally,
Asadi and Huber (2007) propose a method for incrementabdesy of skills using
the MAX-Q hierarchical architecture.

Featuretransfer to speed-up learning. A different approach to representation-
transfer is to identify a function space which is likely tontain functions able ei-
ther to speed-up the learning process or to accurately &jppade the optimal value
functions in.#. Similar to option-transfer, the first objective is usuallshieved in
the setting of discrete MDPs in which a tabular approach égluk this case, the
space of functions? = {h: Sx A— [} already guarantees the possibility to com-
pute the optimal action value function with an arbitrary 8rapproximation error.
Nonetheless, when the number of states and actions is tgédéearning process
could be very slow. The augmentation of the spa€ewith features which accu-
rately approximate the optimal action-value functionste tasks in# in some
parts of the state-action space could considerably sppdtieulearning process.
The transfer phase in this case takes as input for each stasica source knowl-
edgeKg € 7g defined aKy = {{(&,an,%rn)}ﬁil,%”} while no knowledge
about the target task is available. The output knowledgesist @fd new features
Hranster= F9, S0 thatranste {Ks }-_1) = {@i € Z,i =1,...,d} where the new
features are used by the learning algorithm in additioo4o Foster and Dayan
(2002) propose an automatic method to decompose the MD&slenental frag-
ments. In particular, an unsupervised method is first useahtdyze the optimal
value functions learned so far and to decompose the state sp@ fragments.
Each fragment (i.e., a sub-task) can be solved indepenydand its value func-
tion is then used as an additional feature when learningatteeet task. Drummond
(2002) propose a similar method which identifies subtasideatures according to
the analysis of the dynamics of the source tasks. In bottscdsemethods are able
to identify useful features in maze problems with highlyustured optimal value
functions. Madden and Howley (2004) introduce a hybrid @spntation-parameter
transfer approach. According to the Q-tables learned osdhece tasks, a symbolic
learner generates a set of decision rules defined on a higledef abstraction com-
pared to the state features used in learning the Q-tablésr@presentation is then
transferred to the target task together with the rules whrehused to initialize the
Q-table for the target task.

Feature transfer to improve asymptotic performance. While the previous
methods consider discrete MDPs where it is possible to Bxeompute the op-
timal solution and the objective is to speed-up the learnather methods focus
on the continuous state-action spaces in which functiomeagdmation is manda-
tory. Walsh et al (2006) consider a simple state-aggregétioction approximation
scheme. In this case, the objective is to find an aggregafistates able to accu-
rately approximate all the optimal value functions of thekeaat hand. A similar
objective is pursued in (Lazaric, 2008) in which the transfgorithm identifies the
best set of features to approximate the source tasks andebses them in solving
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Fig. 5 Example of a generative model of a hierarchical Bayesianan@®tBM). The observations
(s,a,9,r) are generated according to an MDP parameterized by a paaweetorf, while each

task is generated according to a distribution defined by efdgtper-parameterd’. Y4 is a vector

of parameters defining the prior over the hyper-parameters.

the target task. Similar to (Argyriou et al, 2008), the altfon relies on the assump-
tion that there exists a small subset of features which ifuls® approximate the
value functions of the tasks i (shared sparsitgassumption). The algorithm con-
siders a set of feature{spie id:1 parameterized by a paramete © and the corre-
sponding linear hypothesis spa¢® = {h(x,a) = Zid:1 ai$®(x,a)}. The objective

is to learn the paramet@rwhich defines a feature space such that only a small set of
features are used to approximate the value functions ofiest(i.e., features such
that the corresponding optimal weiglitshave a small number of non-zero compo-
nents). Empirical evaluation shows that whenever the adtiualue functions of the
tasks in.# can be represented with a very small number of features |glogithm

is able to learn them and to obtain a significant convergenpedvement.

4.4 Parameter Transfer

Unlike representation-transfer approaches, all parantietesfer algorithms explic-
itly define a distributionQ on the task space” and try to estimate the true distri-
bution in order to build a prior over the space of hypothe#€so as to improve
the initial performance (jumpstart improvement) and regiie number of samples
needed to solve any task @. More formally, most of the parameter-transfer ap-
proaches share the following structure. L#t= {My, 6 € ©} be a parameterized
space of tasks with parameté&sandQy a family of task probability distributions,
wherey € W is a hyper-parameter vector. The main assumption is théttelask
parameter® are independently and identically distributed accordimg@ specific
task distributionQ-.

The hierarchical Bayesian model. The structure of this problem is usually rep-
resented as a hierarchical Bayesian model (HBM) as degittédure 5. The trans-
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fer algorithms take as input sampl€s = {{<31,an,q1,rn>}§;1} from each of the

source taskMg (I = 1,...,L) which are drawn from the true distributid®y- (i.e.,
6 g Qy+) whose true hyper-parameters are unknown. Given a priar $ye¢he
algorithm solves the inference problem

L
P (@|{Kg }i=1) O ID]P)(KS (W) P(), (7)

whereP (Kg |¢) OP (Kg|6) P (). They with highest probability is usually trans-
ferred and used to initialize the learning process on thgetaask. Notice that the
learning algorithm must be designed so as to take advantaige knowledge about
the specific task distributiof2, returned by the transfer phase. Bayesian algorithms
for RL such as GPTD (Engel et al, 2005) are usually adoptesl Cbaptef??).

The inference problem in Equation (7) leverages on the kedgé collected on
all the tasks at the same time. Thus, even if few samples pleata available (i.e.,
Ns is small), the algorithm can still take advantage of a lang@ber of tasks (i.eL,
is large) to solve the inference problem and learn an ace@stimate ofy*. AsL
increases the hyper-parametegets closer and closer to the true hyper-parameter
Y* and @ can be used to build a prior on the paraméidor any new target task
drawn from the distributiomy:. Depending on the specific definition &f and
Qy and the way the inference problem is solved, many differgyardhms can be
deduced from this general model.

Inference for transfer. Tanaka and Yamamura (2003) consider a simpler ap-
proach. Although the MDPs are assumed to be drawn from akdison Q, the
proposed algorithm does not try to estimate the task digtah but only a statistics
about the action values is computed. The mean and variatice attion values over
different tasks are computed and then used to initializetftable for new tasks.
Sunmola and Wyatt (2006) and Wilson et al (2007) considerctise where the
MDP dynamics and reward function are parameterized by apetea vecto® and
they are assumed to be drawn from a common distribulignThe inference prob-
lem is solved by choosing appropriate conjugate priors tiverhyper-parameter
Y. A transfer problem on POMDPs is consider in (Li et al, 2008)this case, no
explicit parameterization of the tasks is provided. On ttieephand, it is the space
of history-based policies# which is parameterized by a vector paraméiet O.

A Dirichlet process is then used as a non-parametric prier tve parameters of
the optimal policies for different tasks. Lazaric and Ghazadeh (2010) consider
the case of a parameterized space of value functions bydsmnigj the space of lin-
ear functions spanned by a given set of featusés= {h(x,a) = &, B¢i(x,a)}.
The vector6 is assumed to be drawn from a multivariate Guassian withnpara
ters @ drawn from a normal-inverse-Wishart hyper-prior (i.8..~ .4 (u,%) and
u,= ~ A -7 (P)). The inference problem is solved using an EM-like alganith
which takes advantage of the conjugate priors. This apprizatirther extended to
consider the case in which not all the tasks are drawn frorsdhee distribution. In
order to cluster tasks into different classes, Lazaric ahavamzadeh (2010) place
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Fig. 6 Transfer from 2D to 3D mountain car (Taylor et al, 2008a).

a Dirichlet process on the top of the hierarchical Bayesiadehand the number of
classes and assignment of tasks to classes is automalézaliied by solving an in-

ference problem using a Gibbs sampling method. Finally, tslebal (2008) define

the reward function as a linear combination of reward fesgwvhich are common
across tasks, while the weights are specific for each task.viéights are drawn

from a distributionQ and the transfer algorithm compactly stores the optimalesal
functions of the source tasks exploiting the structure efréward function and uses
them to initialize the solution in the target task.

5 Methodsfor Transfer from Sourceto Target Taskswith a
Different State-Action Spaces

All the previous settings consider the case where all tHestsisare the sangomain
(i.e., they have the same state-action space). In the mnstadransfer setting the
tasks in# may also differ in terms of number or range of the state-actariables.

5.1 Problem Formulation

Although here we consider the general case in which eactMask/ is defined as

an MDP(Su,Aw, Tu, Rv) and the environmer is obtained by defining a distribu-
tion Q on.#, in practice only the source-to-target transfer settingtieen consid-
ered. Thus, similarly to Section 3, we consider a task space- {Ms,M; }, where

Ms = (Ss,As, Ts, Rs) is the source task and; = (S, A, Ti,R) is the target task on
which we want to improve the learning performance. Accaydmthe notation in-
troduced in Section 2.1%5 and.% are now defined on different state-action spaces
and the knowledge in#s cannot be directly used by the learning algorithm to learn
on the target task. Thus, the transfer phase implementedihyster must return
some knowledge#anster cOMpatible with.#%. This objective is usually achieved
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following three different approaches: transfogii into % through ahand-coded
mapping learn a mappingrom Ms to M; and transform’s into %, extract from
s someabstract knowledgthat can be reused to sol¥g. In the next section we
still follow the different categories used in the previoestions but we will make
explicit which approach to the problem of mapping is used.

Example 5Let us consider the mountain car domain and the source and tar
get tasks in Figure 6 introduced by Taylor et al (2008a). &lthh the problem
is somehow similar (i.e., an under-powered car has to mawa fthe bottom of
the valley to the top of the hill), the two tasks are definedravelifferent state
space and the action space contains a different numberiohactn fact, in the
2D mountain car task the state space is defined by the positidrthe velocity
variables(x,x) and the action space contains the actidns {Left, Neutral Right}.
On the other hand, the 3D task has two additional state wasatescribing the
position iny and its corresponding spegdand the action space becomis=
{Neutral West East South North}. The transfer approaches described so far can-
not be applied here because the knowled€gnster they transfer from the source
task would not be compatible with the target task. In thigct®e transfer algorithm
must define a suitable mapping between source and targetsstdtaction spaces,
and then transfer solutions learned in the 2D mountain cenitialize the learning
process in the 3D task.O

5.2 Instance Transfer

Similar to the method introduced by Lazaric et al (2008),|dagt al (2008a) study
the transfer of samples. Unlike Lazaric et al (2008), hetg one source task is con-
sidered and no specific method for the selection of the sanipienplemented. On
the other hand, the two tasks do not share the same domairoagytitus an explicit
mapping between their state-action variables is heedednd{coded mapping is
provided as input to the transfer algorithms which simplplags it to the source
samples thus obtaining samples that can be used to leare ¢artfet task. Follow-
ing the inter-task mapping formalism introduced by Taylbak(2007a) and used
by Taylor et al (2008a), a hand-coded mapping is defined byfiwctionalsys and
Xa. Let the state spaceék andS be factorized irds andd; state variables respec-
tively (i.e.,S=Sx...x S5 andS = St x ... x S*) andAs andA; be scalar spaces
with valuesAs = {al,...,a%} andA = {al,...,a%}. The state mapping maps the
index of a source state variablelli < dsto the index of a state variable<lj < d; in
the target state space, thakis: {1,...,ds} — {1,...,d }. With an abuse of notation
we denote bys(s) € S the transformation of a statec S into the state obtained
by mapping each variable sfinto a target variable according jg. Similarly, the
action mapping(a maps each source actionAg to one of the target actions .
As aresult, if. 75 is the space of source samples &adk: 75 is one specific realiza-
tion of Ns samples, for any samplés,, a,, s, ) € Ks the transfer algorithm returns
new target sample&s(sn), Xa(an), Xs(Sh), ') - While Lazaric et al (2008) define an



24 Alessandro Lazaric

algorithm where the transferred samples are used in a batclelrfree RL algo-
rithm, Taylor et al (2008a) study how the model-based atgoriFitted R-max can
benefit from samples coming from the source task when tramgfd according to a
hand-coded mapping from the source to the target task. ticpkar, the method is
shown to be effective in the generalized mountain car proliteFigure 6.

5.3 Representation Transfer

As reviewed in the previous sections, many transfer ape=adevelop options that
can be effectively reused in the target task. In this caseniqin problem is that op-
tions learned on the source task are defined as a mappingSroonAs and they
cannot be used in a target task with different state-actamables. A number of
transfer algorithms deal with this problem by consideribgteact options that can
be reused in different tasks. Ravindran and Barto (2003)j 8od Singh (2006)
use thehomomorphisnframework to map tasks to a common abstract level. For
instance, let us consider all the navigation problems inraptg squared room. In
this case, it is possible to define one common abstract MDPhataih any specific
MDP by simply using operators such as translation, scaling,rotation. In order
to deal with this scenario, Ravindran and Barto (2003) ohiice the concept of rel-
ativized options. Unlike traditional options, relativizeptions are defined on the
abstract MDP, without an absolute frame of reference, agid piolicy is then trans-
formed according to the specific target task at hand. Inqadati, a set of possible
transformations is provided and the transfer phase neeidemntify the most suit-
able transformation of the relativized options dependinghe current target task.
The problem is casted as a Bayesian parameter estimatibleprand the transfor-
mation which makes the sequence of states observed by fotidive option more
likely is selected. Konidaris and Barto (2007) define opia a higher level of
abstraction and they can be used in the target task withgquéxgslicit mapping or
transformation. In fact, portable options are defined inraMarkovianagent space
which depends on the characteristics of the agent and renfized across tasks.
This way, even when tasks are defined on different stateraspiaces, portable op-
tions can be reused to speed-up learning in any target tasknat Finally, Torrey
et al (2006) proposed an algorithm in which a set of skillsri fdentified using in-
ductive logic programming and then reused in the targetligisising a hand-coded
mapping from source to target.

5.4 Parameter Transfer

While in the setting considered in Section 3, the transfenifal solutions (e.qg.,
the optimal source policy) from the source to the target tagkivial, in this case
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the crucial aspect in making transfer effective is to finditatle mapping from the
source state-action spaBgex Ag to the target state-action spagex A;.

Most of the algorithms reviewed in the following considentlecoded mappings
and investigate how the transfer of different sources ofakadge (e.g., policies,
value functions) influence the performance on the targét fhlse transformation
through a hand-coded mapping and the transfer of the soatae function to ini-
tialize the learning in the target task has been first intcediby Taylor and Stone
(2005) and Taylor et al (2005) and its impact has been studyimber of challeng-
ing problems such as the simulated keep-away problem (&toale 2005). Baner-
jee and Stone (2007) also consider the transfer of valuetibnmgcin the context
of general games where different games can be representddiymon abstract
structure. Torrey et al (2005) learn the Q-table in the tat@gk by reusingdvices
(i.e., actions with higher Q-values in the source task) Wiaiee mapped to the target
task through a hand-coded mapping. While the previous @gpes assume that in
both source and target task the same solution representaticsed (e.g., a tabu-
lar approach), Taylor and Stone (2007) consider the problemmapping a solution
(i.e., a value function or a policy) to another solution wieéther the approximation
architecture (e.g., CMAC and neural networks) or the learmigorithm itself (e.g.,
value-based and policy search methods) changes betwesresnd target tasks.
Using similar mappings as for the state-action mapping; iw that transfer is
still possible and it is still beneficial in improving the femmance on the target
task. Finally, Taylor et al (2007b) study the transfer of floeirce policy where a
hand-coded mapping is used to transform the source poltoyaivalid policy for
the target task and a policy search algorithm is then usesfitterit.

Unlike the previous approaches, some transfer methodsnatitmally identify
the most suitable mapping between source and target teser et al (2008b) in-
troduce the MASTER algorithm. The objective is to identifg@ng all the possible
mappings from source to target state variables, the onehwiarantees the best
prediction of the dynamics of the environment. The algonitteceives as input a
relatively large number of samples from the source task eawddrget samples. Let
X be the set of all the possible mappings betwg&gmndS;, Ks € 75 andK; € % be
specific realization of source and target samples. Rfptie algorithm first com-
putes an approximation of the target dynamicsEach samplésy, an, S, n) in Ks
is then transformed with one of the possible mappirgs X and the statgs(s,)
is compared to the state predicted hyxs(sn,),a). The mappings which is the
most accurate in predicting the transitions of the sampl&s is then used to trans-
fer the solution of the source task. Talvitie and Singh (9GDgt learn a policy for
the source task, and a target policy is then obtained by mgphie source policy
according to each of the possible mappings from the sourtteettarget state vari-
ables. The problem of selecting the most appropriate mgpgithen translated into
the problem of evaluating the best policy among the targktips. The problem is
then solved using an expert-like algorithm (Cesa-Bianaodilaugosi, 2006).
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6 Conclusions and Open Questions

In this chapter we defined a general framework for the tras&ning problem in
the reinforcement learning paradigm, we proposed a cleasdh of the different
approaches to the problem, and we reviewed the main algwsitivailable in the
literature. Although many algorithms have been alreadypgpsed, the problem of
transfer in RL is far from being solved. In the following wengie out a few open
questions that are relevant to the advancement of the csearthis topic. We
refer the reader to the survey by Taylor and Stone (2009)tfrgossible lines of
research in transfer in RL.

Theoretical analysis of transfer algorithms. Although experimental results
support the idea that RL algorithms can benefit from tranten related tasks,
no transfer algorithm for RL has strong theoretical gua¥ast Recent research in
transfer and multi-task learning in the supervised leaypiaradigm achieved inter-
esting theoretical results identifying the conditions @mgthich transfer approaches
are expected to improve the performance over single-taskileg. Crammer et al
(2008) study the performance of learning reusing samplesrgp from different
classification tasks and they prove that when the sampletdigbns of the source
tasks do not differ too much compared to the target distiobyuthen the transfer
approach performs better than just using the target sammpdeder (2000) studies
the problem of learning the most suitable set of hypothemes §iven set of tasks.
In particular, he shows that, as the number of source tasksases, the transfer
algorithm manages to identify a hypothesis set which idyike containgood hy-
potheses for all the tasks iw. Ben-David and Schuller-Borbely (2008) consider
the problem of learning the best hypothesis set in the cowtemulti-task learn-
ing where the objective is not to generalize on new tasks duaichieve a better
average performance in the source tasks. At the same tinve] tigeoretical re-
sults are now available for a number of popular RL algoritismsh as fitted value
iteration (Munos and Szepesvari, 2008), LSTD (Farahmadral,e2008; Lazaric
et al, 2010), and Bellman residual minimization (Antos e&l08; Maillard et al,
2010). An interesting line of research is to take advantdghewretical results of
transfer algorithms in the supervised learning setting @@L algorithms in the
single-task case to develop new RL transfer algorithms vpiovably improve the
performance over single-task learning.

Transfer learning for exploration. The objective of learning speed improve-
ment (see Section 2.2) is often achieved by a better use sttheles at hand (e.g.,
by changing the hypothesis set) rather than by the colleaifanoreinformative
samples. This problem is strictly related to the exploragxploitation dilemma
where the objective is to trade-off between the exploratbdifferent strategies
and the exploitation of the best strategy so far. Recent svoyiBartlett and Tewari
(2009); Jaksch et al (2010) studied optimal exploratioategies for single-task
learning. Although most of the option-based transfer mashmplicitly bias the ex-
ploration strategy, the problem of how the exploration oe sk should be adapted
on the basis of the knowledge of previous related tasks islalgm which received
little attention so far.
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Concept drift and continual learning. One of the main assumptions of transfer
learning is that a clear distinction between the task#4ns possible. Nonetheless,
in many interesting applications there is no sharp divibietween source and target
tasks while it is rather the task itself that changes in tifiiés problem, also known
asconcept driftis also strictly related to the continual learning anddifey learning
paradigm (Silver and Pairier, 2007) in which, as the leagragent autonomously
discovers new regions of a non-stationary environmenisd icreases its capabil-
ity to solve tasks defined on that environment. Althoughd@oiming from transfer
learning probably could be reused also in this setting, happroaches are needed
to deal with the non-stationarity of the environment and&zk the changes in the
task at hand.
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