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Abstract

Policy Reuse is a method to improve reinforcement
learning with the ability to solve multiple tasks by build-
ing upon past problem solving experience, as accumu-
lated in a Policy Library. Given a new task, a Policy
Reuse learner uses the past policies in the library as
a probabilistic bias in its new learning process. We
present how the effectiveness of each reuse episode is
indicative of the novelty of the new task with respect to
the previously solved ones in the policy library. In the
paper we review Policy Reuse, and we introduce theo-
retical results that demonstrate that: (i) a Policy Library
can be selectively and incrementally built while learn-
ing different problems; (ii) the Policy Library can be
understood as abasisof the domain that represents its
structure through a set of core policies; and (iii) given
the basis of a domain, we can define a lower bound for
its reuse gain.

Introduction
Reinforcement learning is a well known technique for con-
trol learning in non-deterministic domains where the state
transitions and the reward functions are not necessarily
known. Reinforcement learning returns a policy as a func-
tion that maps states of the world into the actions that max-
imize a reward function. A policy is viewed as a universal
plan that specifies the actions to be taken by the plan execu-
tor at any state. Inspired by our previous work on planning
by analogy (Veloso 1994), we investigate how to extend re-
inforcement learning to reuse past learned policies. The re-
sult of our investigation is a successful policy reuse algo-
rithm (Ferńandez & Veloso 2006). In this paper, we present
Policy Reuse, and focus on introducing the reuse and accu-
mulation of a Policy Library.

Policy Reuse uses past learned policies from a policy li-
brary as aprobabilistic bias, in which the learner faces three
choices: the exploitation of the ongoing learned policy, the
exploration of random unexplored actions, and the exploita-
tion of past policies. We present theπ − reuse exploration
strategy that defines the balance among these choices. From
this strategy, we derive a metric to estimate the similarity
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of past policies with respect to a new problem. The PRQ-
Learning algorithm (Policy Reuse in Q-Learning), is able
both to bias a new learning process with policies from a Pol-
icy Library, and to use the similarity metric to decide which
policies are more effective to reuse (Fernández & Veloso
2006).

The PRQ-Learning algorithm identifies classes of similar
policies revealing abasis, (the basis library) ofcore policies
of the domain. The PLPR algorithm (Policy Library through
Policy Reuse), creates such a library of policies. In a nut-
shell, when solving a new problem through reuse, the PLPR
algorithm determines whether the learned policy is or is not
“sufficiently” different from the past policies, as a function
of the effectiveness of the reuse. The idea is to identify the
core policies that need to be saved to solve any new task in
the domain within a threshold of similarity. Given a thresh-
old δ defining the performance improvement of reuse, the
PLPR algorithm identifies a set of “δ-core policies,” as the
basis of the domain. The policies represent the core structure
of the domain. We provide a formal definition ofδ-basis li-
brary andδ-core policy. We also describe the conditions that
a Policy Library must satisfy so it can be considered a Basis
of the domain.

Policy Reuse in Reinforcement Learning
A Markov Decision Process (MDP) is a tuple<
S,A, T ,R >, whereS is the set of states,A is the set of
actions,T is an unknown stochastic state transition func-
tion, T : S × A× S → <, andR is an unknown stochastic
reward function,R : S ×A → <. We focus in RL domains
where different problems ortaskscan be solved, and where
we want to transfer knowledge acquired while learning some
tasks to new ones. In these cases, the MDP’s formalism is
not expressive enough to represent all the concepts involved
in the knowledge transfer (Sherstov & Stone 2005), so we
define domain and task separately to handle different tasks
executed in the same domain. We characterize a domain,D,
as a tuple< S,A, T >, i.e., the state and action spaces and
the transition function. We introduce a task as a specific re-
ward function in a domain, soS,A andT stay constant for
all the tasks in the same domain.

Definition 1. A DomainD is a tuple< S,A, T >, where
S is the set of all states;A is the set of all actions; andT is
a state transition function,T : S ×A× S → <.
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Definition 2. A taskΩ is a tuple< D,RΩ >, whereD is
a domain; andRΩ is the reward function,R : S ×A → <.

A control learning episode starts by placing an agent in a
random position in the environment. Each episode finishes
when the agent reaches a goal state or when it executes a
maximum number of steps,H. The agent’s goal is to maxi-
mize the expected average reinforcement per episode,W , as
defined in equation 1,

W =
1
K

K∑
k=0

H∑
h=0

γhrk,h (1)

whereγ (0 ≤ γ ≤ 1) reduces the importance of future
rewards, andrk,h defines the immediate reward obtained in
the steph of the episodek, in a total ofK episodes. Ac-
tion policies are represented using the action-value function,
QΠ(s, a), which defines for each states ∈ S, a ∈ A, the ex-
pected reward that will be obtained if the agent starts to act
from s, executinga, and after it follows the policyΠ. So,
the RL problem is mapped to learning the functionQΠ(s, a)
that maximizes the expected gain.

The goal of Policy Reuse is to use different policies,
which solve different tasks, to bias the exploration process
of the learning of the action policy of another similar task
in the same domain. ThePolicy Library is the set of past
policies.

Definition 3. A Policy Library,L, is a set ofn policies
{Π1, . . . ,Πn}. Each policyΠi ∈ L solves a taskΩi =<
D,RΩi

>, i.e., each policy solves a task in the same domain.
Policy Reuse can be summarized as follows: we want to

solve the taskΩ, i.e., learnΠ∗
Ω; we have previously solved

the set of tasks{Ω1, . . . ,Ωn} with n policies stored as a
Policy Library, L = {Π1, . . . ,Πn}; how can we use the
policy library,L, to learn the new policy,Π∗

Ω?
We answer this question, by introducing (i) a exploration

strategy able to bias the exploration process towards the poli-
cies of the Policy Library; (ii) a method to estimate the utility
of reusing each of them and to decide whether to reuse them
or not; and (iii) an efficient method to construct the Policy
Library. We briefly describe these three elements.

The π-reuse Exploration Strategy
The π-reuse strategy biases a new learning process with a
past policy. LetΠpast be the past policy to reuse andΠnew

the new policy to be learned. We use a direct RL method
to learn the action policy, so we learn the relatedQ function
by applying the Q-Learning algorithm (Watkins 1989). The
goal ofπ-reuse is to balance random exploration, exploita-
tion of the past policy, and exploitation of the new policy, as
represented in Equation 2.

a =
{

Πpast(s) w/prob.ψ
ε− greedy(Πnew(s)) w/prob.(1− ψ) (2)

The equation shows that theπ-reuse strategy follows the
past policy with a probability ofψ, while it exploits the new
policy with a probability of1 − ψ. Clearly, random explo-
ration is always required, so when exploiting the new policy,
it follows anε-greedy strategy.

Interestingly, theπ-reuse strategy also contributes a sim-
ilarity metric between policies, based on the gain obtained
when reusing each policy. LetWi be the gain obtained while
executing theπ-reuse exploration strategy, reusing the past
policy Πi. Wi represents an estimation of the similarity be-
tween the policyΠi and the new policy being learned. The
set ofWi values, fori = 1, . . . , n, is unknown a priori, but
it can be estimated on-line while the new policy is computed
in the different episodes. Our PRQ-Learning algorithm for-
malizes this idea (Fernández & Veloso 2006).

PRQ-Learning Algorithm
Table 1 describes the PRQ-Learning algorithm (Policy
Reuse in Q-Learning) (Fernández & Veloso 2006). The
learning algorithm used is Q-Learning (Watkins 1989). The
goal is to solve a taskΩ, i.e., to learn an action pol-
icy ΠΩ. We assume that we have a Policy LibraryL =
{Π1, . . . ,Πn} composed ofn past policies. Then,Wi is the
expected average reward that is received when reusing the
policy Πi with theπ-reuse exploration strategy, andWΩ is
the average reward that is received when following the pol-
icy ΠΩ greedily. The algorithm uses theW values in a soft-
max manner to choose between reusing a past policy with
the π-reuse exploration strategy, or following the ongoing
learned policy greedily.

PRQL(Ω, L, K, H)

Given:

A new taskΩ we want to solve

A Policy LibraryL = {Π1, . . . , Πn}
A maximum number of episodes to execute,K

A maximum number of steps per episode,H

Initialize:

QΩ(s, a) = 0, ∀s ∈ S, a ∈ A
WΩ = Wi = 0, for i = 1, . . . , n

Fork = 1 to K do

Choose an action policy,Πk, assigning to each policy

the probability of being selected computed by the following equation:

P (Πj) = e
τWj∑n

p=0
e

τWp
whereW0 is set toWΩ

Execute a Q-Learning episodek:

If Πk = ΠΩ, exploit greedily the policyΠk

Otherwise, reuseΠk through theπ-reuse strategy

In any case, receive the reward obtained in that episode, sayR, and

the updated Q function,QΩ(s, a)

RecomputeWk usingR

Return the policy derived fromQΩ(s, a)

Table 1: PRQ-Learning.

The PLPR Algorithm
The PLPR algorithm (Policy Library through Policy
Reuse) is able to build a library of policies. Initially the
Policy Library is empty,PL = ∅. When the first taskΩ1

is solved, the corresponding learned policyΠ1 can only be
learned without reuse.Π1 is added to the Policy Library
andPL = {Π1}. Upon a second task, the PRQ-Learning
algorithm is applied reusingΠ1. Π2 is learned. The algo-
rithm makes a decision on whether to addΠ2 to the Policy
Library, based on how similarΠ1 is toΠ2, following a sim-
ilarity function based on the efficiency of the reuse episode,
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as we introduce below. A similar process continues as mul-
tiple tasks are presented to the learner.

Definition 4. Given a policy,Πi that solves a taskΩi =<
D, Ri >, a new taskΩ =< D, RΩ >, and its respective
optimal policy,Π, Π is δ-similar to Πi (for 0 ≤ δ ≤ 1) if
Wi > δW ∗

Ω, whereWi is the Reuse Gain ofΠi on taskΩ
andW ∗

Ω is the average gain obtained inΩ when an optimal
policy is followed.

From this definition, we can also formalize the concept of
δ-similarity with respect to a Policy Library,L.

Definition 5. Given a Policy Library,L = {Π1, . . . ,Πn}
in a domainD, a new taskΩ =< D, RΩ >, and its respec-
tive optimal policy,Π, Π is δ-similar with respect toL iff
∃Πi such asΠ is δ-similar toΠi, for i = 1, . . . , n.

Table 2 describes the PLPR algorithm, which is executed
each time that a new task needs to be solved. It gets as an
input the Policy Library and the new task to solve, and it
outputs the learned policy and the updated Policy Library.
The Policy Library update equation requires the computa-
tion of the most similar policy, which is the policyΠj such
as j = argi maxWi, for i = 1, . . . , n. The gain that
will be obtained by reusing such a policy is calledWmax.
The new policy learned is inserted in the library ifWmax is
lower thanδ times the gain obtained by using the new pol-
icy (WΩ), whereδ ∈ [0, 1] defines the similarity threshold,
i.e., whether the new policy isδ-similar with respect to the
Policy Library.

PLPR(Ω, L, δ)

Given:

A Policy Library,L, composed ofn policies,{Π1, . . . , Πn}
A new taskΩ we want to solve

A δ parameter

Execute the PRQ-Learning algorithm, usingL as the set of past policies.

Receive from this executionΠΩ, WΩ andWmax, where:

ΠΩ is the learned policy

WΩ is the average gain obtained when the policyΠΩ was followed

Wmax = max Wi, for i = 1, . . . , n

Update PL using the following equation:

L =

{
L ∪ {ΠΩ} if Wmax < δWΩ

L otherwise

Table 2: PLPR Algorithm.

If δ receives a value of 0, the Policy Library stores only the
first policy learned, while ifδ = 1, mostly all of the policies
learned are inserted, due to the fact thatWmax < WΩ, given
thatWΩ is maximum if the optimal policy has been learned.
Different values in the range(0, 1) generate libraries of dif-
ferent sizes. Thereforeδ defines the resolution of the library.
An extended description of the previous algorithms, and em-
pirical results of their performance in a robot navigation do-
main can be found in (Fernández & Veloso 2006). The next
section contributes new theoretical results.

Theoretical Analysis of Policy Reuse
The PLPR algorithm has an interesting “side-effect,” namely
the learning of thestructureof the domain. As the Policy Li-
brary is initialially empty, and a new policy is included only

if it is different enough with respect to the previously stored
ones, depending on the thresholdδ, when the policies stored
aresufficiently representativeof the domain, no more poli-
cies are stored. Thus, the obtained library can be considered
as theBasis-Libraryof the domain, and the stored policies
can be considered as thecore policiesof such domain. In the
following, we introduce the formalization of these concepts.

Definition 6. A Policy Library, L = {Π1, . . . ,Πn} in
a domainD is a δ-Basis-Library of the domainD iff: (i)
6 ∃Πi ∈ L, such asΠi is δ-similar with respect toL−Πi; and
(ii) every policyΠ in the space of all the possible policies in
D is δ-similar with respect toL.

Definition 7. Given a δ-Basis-Library, L =
{Π1, . . . ,Πn} in a domainD, a new taskΩ =< D, RΩ >,
each policyΠ ∈ L is a δ-Core Policy of the domainD in L.

The proper computation of the Reuse Gain for each past
policy in the PRQ-Learning algorithm plays an important
role, since it allows the algorithm to compute the most simi-
lar policy, its reuse distance and therefore, to decide whether
to add the new policy to the Policy Library or not. If the
reuse gain is not correctly computed, the basis library will
not be either. Thus, we introduce a new concept that mea-
sures how accurate the estimation of the reuse gain is.

Definition 8. Given a Policy Library,L = {Π1, . . . ,Πn}
in a domainD, and a new taskΩ =< D, RΩ >, let us
assume that the PRQ-Learning algorithm is executed, and
it outputs the new policyΠΩ, the estimation of the optimal
gainŴΠΩ , and the estimation of the Reuse Gain of the most
similar policy, sayŴmax. We say that the PRQ-Learning al-
gorithm has been Properly Executed with a confidence fac-
tor η (0 ≤ η ≤ 1), if ΠΩ is optimal to solve the taskΩ, and
the error in the estimation of both parameters is lower than
a factor ofη, i.e.,:

Ŵmax ≥ ηWmax andηŴmax ≤Wmax and
ŴΠΩ ≥ ηWΠΩ andηŴΠΩ ≤WΠΩ

(3)

whereWmax is the actual value of the Reuse Gain of the
most similar policy andWΠΩ is the actual gain of the ob-
tained policy.

Thus, if we say that the PRQ-Learning algorithm has been
Properly Executed with a confidence of 0.95, we can say,
for instance, that the estimated Reuse Gain,Ŵmax of the
most similar policy, has a maximum deviation over the ac-
tual Reuse Gain of a 5%. The proper execution of the algo-
rithm depends on how accurate the parameters selection is.
Such a parameter selection depends on the domain and the
task, so no general guidelines can be provided.

The previous definition allows us to enumerate the condi-
tions that make the PLPR algorithm build aδ-Basis-Library,
as described in the following theorem.

Theorem 1. The PLPR algorithm builds aδ-Basis-
Library if (i) the PRQ-Learning algorithm is Properly Ex-
ecuted with a confidence of 1; (ii) the Reuse Distance is
symmetric; and (iii) the PLPR algorithm is executed infinite
times over random tasks.

Proof. The proper execution of the PRQ-Learning algorithm
ensures that the similarity metric, and all the derived concepts,
are correctly computed. The first condition of the definition ofδ-
Basis-Library can be demonstrated by induction. The base case
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is when the library is composed of only one policy, given that no
policy is δ-similar with respect to an empty library. The induc-
tive hypothesis states that a Policy LibraryLn = {Π1, . . . , Πn}
is a δ-Basis-Library. Lastly, the inductive step is that the library
Ln+1 = {Π1, . . . , Πn, Πn+1} is also aδ-Basis-Library. If the
PLPR algorithm has been followed to insertΠn+1 in L, we ensure
thatΠn+1 is notδ-similar with respect toL, given this is the con-
dition to insert a new policy in the library, as described in the PLPR
algorithm. Furthermore,Πi (for i = 1, . . . , n) is notδ-similar with
respect toLn+1−Πi, given that (i)Πi is notδ-similar with respect
to Ln − Πi (for inductive hypothesis); and (ii)Πi is notδ-similar
to Πn+1 because the reuse distance is symmetric (by second con-
dition of the theorem), and that ensures that ifΠi is notδ-similar to
Πn+1, thenΠn+1 is notδ-similar toΠi. Lastly, the second condi-
tion of the definition ofδ-Core Policy becomes true if the algorithm
is executed infinite times, which is satisfied by the third condition
of the theorem.

The achievement of the conditions of the theorem depends
on several factors. The symmetry of the Reuse Distance de-
pends on the task and the domain. The proper execution
of the PRQ-Learning algorithm also depends on the selec-
tion of the correct parameters for each domain. However,
although the previous theorem requires the PRQ-Learning
algorithm to be properly executed with a confidence of 1, a
generalized result can be easily derived when the confidence
is under 1, sayη, as the following theorem claims.

Theorem 2. The PLPR algorithm builds a(2ηδ)-Basis-
Library if (i) the PRQ-Learning algorithm is Properly Ex-
ecuted with a confidence ofη; (ii) the Reuse Distance is
symmetric; and (iii) the PLPR algorithm is executed infinite
times over random tasks.

Proof. The proof of this theorem only requires a small con-
sideration over the inductive step of the proof of the previous
theorem, where a policyΠn+1 is inserted in theδ-Core Policy
Ln = {Π1, . . . , Πn} following the PLPR algorithm. The policy
is added only if it is notδ-similar with respect toLn. In that case,
if the PRQ-Learning algorithm has been properly executed with a
confidence ofη, we can only ensure that the policyΠn+1 is not
(2ηδ)-similar with respect toLn, because of the error in the esti-
mation of the gains (reuse gain and optimal gain) in the execution
of the PRQ-Learning algorithm.

Lastly, we define a lower bound of the learning gain that
is obtained when reusing aδ-Basis-Library to solve a new
task.

Theorem 3.Given aδ-Basis-Library,L = {Π1, . . . ,Πn}
of a domainD, and a new taskΩ =< D, RΩ >. The aver-
age gain obtained, sayWΩ, when learning a new policyΠΩ

to solve the taskΩ by properly executing the PRQ-Learning
algorithm overΩ reusingL with a confidence factor ofη is
at leastηδ times the optimal gain for such a task,W ∗

Ω, i.e.,

WΩ > ηδW ∗
Ω (4)

Proof. When executing the PRQ-Learning properly, we reuse
all the past policies, obtaining an estimation of their reuse gain. In
the definition of Proper Execution of the PRQ-Learning algorithm,
the gain generated by the most similar task, sayΠi, was called
Ŵmax, which is an estimation of the real one. In the worst case, the
gain obtained in the execution of the PRQ-Learning algorithm is
generated only by the most similar policy,Πi, and the gain obtained

by reusing any other different policy is 0, i.e.Wj = 0,∀Πj 6= Πi.
By the definition ofδ-Basis-Library we know that every policyΠ
in the domainD is notδ-similar with respect toL. Thus, the most
similar policy inL, Πi is such that its Reuse Gain,Wmax satisfies
Wmax > δW ∗

Ω (by definition ofδ-similarity). However, given that
we have executed the PRQ-Learning algorithm with a confidence
factor ofη, the obtained gainWΩ only satisfies thatWΩ ≥ ηWmax

by definition of proper execution of the PRQ-Learning algorithm.
Thus,WΩ ≥ ηWmax, andWmax > δW ∗

Ω, soWΩ > ηδW ∗
Ω.

Conclusions
Policy Reuse contributes three main capabilities to control
learning. First, it provides Reinforcement Learning algo-
rithms with a mechanism to probabilistically bias a learning
process by reusing a Policy Library. Second, Policy Reuse
provides an incremental method to build the Policy Library.
And third, our method to build the Policy Library allows the
learning of the structure of the domain in terms of a set of
δ-core policies orδ-Basis-Library. We have defined the con-
ditions required in order for the PLPR algorithm to build the
δ-Basis-Library. The reuse of this basis or set of policies en-
sures that a minimum gain will be obtained when learning a
new task, as demonstrated theoretically.

Acknowledgments
This research was conducted while the first author was
visiting Carnegie Mellon from the Universidad Carlos III
de Madrid, supported by a generous grant from the Span-
ish Ministry of Education and Fullbright. He was par-
tially sponsored also by the Ministry of Education and Sci-
ence project number TIN2005-08945-C06-05 and by CAM-
UC3M project number UC3M-INF-05-016. The second au-
thor was partially sponsored by Rockwell Scientific Co.,
LLC under subcontract no. B4U528968 and prime contract
no. W911W6-04-C-0058 with the US Army, and by BBNT
Solutions, LLC under contract no. FA8760-04-C-0002 with
the US Air Force. The views and conclusions contained
herein are those of the authors and should not be interpreted
as necessarily representing the official policies or endorse-
ments, either expressed or implied, of the sponsoring insti-
tutions, the U.S. Government or any other entity.

References
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