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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 hasisof 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

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 (Fendez & Veloso
2006).

The PRQ-Learning algorithm identifies classes of similar
policies revealing dasis, (the basis library) aore 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 ¢ defining the performance improvement of reuse, the
PLPR algorithm identifies a set of “Gore policies,” as the
basis of the domain. The policies represent the core structure
of the domain. We provide a formal definition &basis li-
brary and-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

plan that specifies the actions to be taken by the plan execu- S: A, 7, R >, whereS is the set of statesd is the set of

tor at any state. Inspired by our previous work on planning
by analogy (Veloso 1994), we investigate how to extend re-

actions,7 is an unknown stochastic state transition func-
tion,7 : S x A xS — R, andR is an unknown stochastic

inforcement learning to reuse past learned policies. The re- reward functionR : S x A — R. We focus in RL domains

sult of our investigation is a successful policy reuse algo-
rithm (Ferrandez & Veloso 2006). In this paper, we present

where different problems daskscan be solved, and where
we want to transfer knowledge acquired while learning some

Policy Reuse, and focus on introducing the reuse and accu- tasks to new ones. In these cases, the MDP’s formalism is

mulation of a Policy Library.

Policy Reuse uses past learned policies from a policy li-
brary as grobabilistic 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 the— reuse exploration

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 dorfain,
as atuple< S, A, 7 >, i.e., the state and action spaces and
the transition function. We introduce a task as a specific re-

strategy that defines the balance among these choices. Fromfvard function in a domain, s, .A and7 stay constant for

this strategy, we derive a metric to estimate the similarity

Copyright © 2006, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.

378

all the tasks in the same domain.

Definition 1. ADomainD is atuple< S, A, 7 >, where
S is the set of all states4 is the set of all actions; and is
a state transition functiorf : S x A x S — R.



Definition 2. A taskQ is a tuple< D, Rq >, whereD is
a domain; andR g, is the reward functionR : S x A — R.

A control learning episode starts by placing an agent in a
random position in the environment. Each episode finishes

Interestingly, ther-reuse strategy also contributes a sim-
ilarity metric between policies, based on the gain obtained
when reusing each policy. L&t; be the gain obtained while
executing ther-reuse exploration strategy, reusing the past

when the agent reaches a goal state or when it executes apolicy IT,. W; represents an estimation of the similarity be-

maximum number of step#/. The agent’s goal is to maxi-
mize the expected average reinforcement per episédas
defined in equation 1,

1 K H
W= e Z Z Y
k=0 h=0
where~ (0 < v < 1) reduces the importance of future
rewards, and, ;, defines the immediate reward obtained in
the steph of the episode, in a total of K episodes. Ac-
tion policies are represented using the action-value function,
Q" (s, a), which defines for each statec 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 policyl. So,
the RL problem is mapped to learning the funct@H(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. Thigolicy Library is the set of past
policies.

Definition 3. A Policy Library, L, is a set ofn. policies
{Iy,...,1I,,}. Each policyIl; € L solves a task; =<
D,Rq, >,i.e., each policy solves atask in the same domain.

Policy Reuse can be summarized as follows: we want to
solve the task?, i.e., learnlly,; we have previously solved
the set of task{Qy,...,Q,} with n policies stored as a
Policy Library, L = {II;,...,II,}; how can we use the
policy library, L, to learn the new policyI§,?

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 w-reuse Exploration Strategy

The w-reuse strategy biases a new learning process with a
past policy. Lefl,,s; be the past policy to reuse ai,,,

the new policy to be learned. We use a direct RL method
to learn the action policy, so we learn the relafgélinction

by applying the Q-Learning algorithm (Watkins 1989). The
goal of r-reuse is to balance random exploration, exploita-
tion of the past policy, and exploitation of the new policy, as
represented in Equation 2.

o= { @)

The equation shows that thereuse strategy follows the
past policy with a probability ofy, while it exploits the new
policy with a probability ofl — «. Clearly, random explo-
ration is always required, so when exploiting the new policy,
it follows ane-greedy strategy.

Hpast(s)
€ — greedy(I ew(s))

w/prob.
w/prob. (1 — )
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tween the policylI; and the new policy being learned. The
set of W, values, for; = 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 (Feemdez & Veloso 2006).

PRQ-Learning Algorithm

Table 1 describes the PRQ-Learning algorithm (Policy
Reuse in Q-Learning) (Feamdez & Veloso 2006). The
learning algorithm used is Q-Learning (Watkins 1989). The
goal is to solve a tasKl, i.e., to learn an action pol-
icy II. We assume that we have a Policy Libraty=
{114, ...,1I,,} composed of. past policies. Therd}; is the
expected average reward that is received when reusing the
policy II; with the 7-reuse exploration strategy, amid, is

the average reward that is received when following the pol-
icy Il greedily. The algorithm uses th& values in a soft-
max manner to choose between reusing a past policy with
the w-reuse exploration strategy, or following the ongoing
learned policy greedily.

PRQL(2, L, K, H)
Given:
A new task2 we want to solve
A Policy Library L = {IIy,...,IL,}
A maximum number of episodes to execuke,
A maximum number of steps per episodé,

Initialize:
Qa(s,a) =0,Vs € S,aec A
W =W, =0,fori =1,...,n

Fork = 1to K do
Choose an action polic¥]x, assigning to each policy
the probability of being selected computed by the following equation:

Wi .
P(Ily) = 77, WhereW, is set toWg

n
szo i
Execute a Q-Learning episode
If IT,, = Ilq, exploit greedily the policyIy,
Otherwise, reusél, through ther-reuse strategy
In any case, receive the reward obtained in that episodeRsand
the updated Q functioQq (s, a)
RecomputéV;, usingR
Return the policy derived froq, (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 task),

is solved, the corresponding learned poli¢y can only be
learned without reusell; is added to the Policy Library
and PL = {II;}. Upon a second task, the PRQ-Learning
algorithm is applied reusingl;. II, is learned. The algo-
rithm makes a decision on whether to ddg to the Policy
Library, based on how simildi; is toIl,, following a sim-
ilarity function based on the efficiency of the reuse episode,



as we introduce below. A similar process continues as mul-
tiple tasks are presented to the learner.

Definition 4. Given a policy]l; that solves a tasi; =<
D,R; >, a new task? =< D, Rp >, and its respective
optimal policy,II, II is é-similar to IT; (for 0 < ¢ < 1) if
W, > 6W¢, whereW; is the Reuse Gain dil; on task(2
and W, is the average gain obtained in when an optimal
policy is followed.

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

Definition 5. Given a Policy Library,L = {II;,...,IL,}
in a domainD, a new task) =< D, R >, and its respec-
tive optimal policy,II, II is é-similar with respect taL iff
dII; such adlI is d-similar toII;, fori = 1, .

Table 2 describes the PLPR algorlthm Wh|ch is executed

if it is different enough with respect to the previously stored
ones, depending on the threshéldvhen the policies stored
aresulfficiently representativef 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 there policiesof such domain. In the
following, we introduce the formalization of these concepts.
Definition 6. A Policy Library, L = {II;,...,II,} in
a domainD is a §-Basis-Library of the domairD iff: (i)
All; € L, such adl; is d-similar with respect td,—1II;; and
(ii) every policyII in the space of all the possible policies in
D is é-similar with respect td..
Definition 7. Given a J§-Basis-Library, L
{113, ...,1I,,} in adomainD, a new task? =< D, Rq >,
each pollcyH € L is aé-Core Policy of the domamD in L.

each time that a new task needs to be solved. It gets as an The proper computation of the Reuse Gain for each past

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 polidy; such
asj = arg;,maxW;, fori = 1,...,n. The gain that
will be obtained by reusing such a policy is calléd,, .
The new policy learned is inserted in the libraryif,, ... is
lower thané times the gain obtained by using the new pol-
icy (Wq), whered € [0, 1] defines the similarity threshold,
i.e., whether the new policy i&similar with respect to the
Policy Library.

PLPR(S2, L, 9)

Given:
A Policy Library, L, composed of. policies,{IIy, . ..
A new taskQ2 we want to solve
A § parameter
Execute the PRQ-Learning algorithm, usihgas the set of past policies.
Receive from this executiol g, Wq andW,,, ..., where:
I1g, is the learned policy
Wq, is the average gain obtained when the polity was followed
Wimar = max W;,fori=1,...,n
Update PL using the following equation:
L { LU{Tlo} i Winas < 6Wa
L otherwise

I}

Table 2: PLPR Algorithm.

If § receives a value of 0, the Policy Library stores only the
first policy learned, while it = 1, mostly all of the policies
learned are inserted, due to the fact that,. < Wq, given
thatWg, is maximum if the optimal policy has been learned.
Different values in the rang@, 1) generate libraries of dif-
ferent sizes. Thereforedefines 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 (Feamdez & 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 thetructureof the domain. As the Policy Li-
brary is initialially empty, and a new policy is included only
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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. = {II4, ... ,1I,,}
in a domainD, and a new task) =< D, Rqo >, let us
assume that the PRQ-Learning algorithm is executed, and
it outputs the new polic¥lg, the estimation of the optimal

gain Wr,,, and the estimation of the Reuse Gain of the most

similar policy, sayW,,... We say that the PRQ-Learning al-
gorithm has been Properly Executed with a confidence fac-
torn (0 < n < 1), if IIg is optimal to solve the task, and

the error in the estimation of both parameters is lower than
a factor ofn, i.e.,:

WHQ > nWHQ ananHQ < WHQ
whereW,,.... is the actual value of the Reuse Gain of the
most similar policy and¥py, 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,,, 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 @asis-Library,
as described in the following theorem.

Theorem 1. The PLPR algorithm builds &-Basis-
Library if (i) the PRQ-Learning algorithm is Properly Ex-
ecuted with a confidence of 1; (i) 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 definitioryof
Basis-Library can be demonstrated by induction. The base case



is when the library is composed of only one policy, given that no
policy is d-similar with respect to an empty library. The induc-
tive hypothesis states that a Policy Libraky, = {II1,...,II,}

is a -Basis-Library. Lastly, the inductive step is that the library
Ly = {ILy,..., 11,1141} is also aj-Basis-Library. If the
PLPR algorithm has been followed to insBrt 1 in L, we ensure
thatIl, 4 is notd-similar with respect td, given this is the con-
dition to insert a new policy in the library, as described in the PLPR
algorithm. Furthermord]; (for: = 1,...,n)is noté-similar with
respect td.,,+1 —I1;, given that (i)II; is notd-similar with respect

to L,, — II; (for inductive hypothesis); and (il)l; is notd-similar

to IT,,+1 because the reuse distance is symmetric (by second con-

dition of the theorem), and that ensures that jfis notd-similar to
11,41, thenIl, 4, is noté-similar toII;. Lastly, the second condi-
tion of the definition oB-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

by reusing any other different policy is 0, i.B/; = 0, VII; # II;.

By the definition ofs-Basis-Library we know that every polidyf

in the domairnD is noté-similar with respect td.. Thus, the most
similar policy in L, IT; is such that its Reuse Gaili/,.... satisfies
Winaz > WS (by definition ofé-similarity). However, given that
we have executed the PRQ-Learning algorithm with a confidence
factor ofn), the obtained gaifiV, only satisfies thaiVo > nWiaa

by definition of proper execution of the PRQ-Learning algorithm.
Thus,Wa > nWhaz, aNdWiae > WS, SOWq > néW.

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
d-core policies oh-Basis-Library. We have defined the con-
ditions required in order for the PLPR algorithm to build the
0-Basis-Library. The reuse of this basis or set of policies en-

' sures that a minimum gain will be obtained when learning a

although the previous theorem requires the PRQ-Learning o\, task as demonstrated theoretically.

algorithm to be properly executed with a confidence of 1, a

generalized result can be easily derived when the confidence

is under 1, say), as the following theorem claims.

Theorem 2. The PLPR algorithm builds &74)-Basis-
Library if (i) the PRQ-Learning algorithm is Properly Ex-
ecuted with a confidence @f (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 policyl,.+: is inserted in they-Core Policy
L, = {I1,,...,1I,} following the PLPR algorithm. The policy
is added only if it is not-similar with respect td.,,. In that case,
if the PRQ-Learning algorithm has been properly executed with a
confidence ofy, we can only ensure that the poli€¥,+1 is not
(2nd)-similar with respect td_,,, 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 &@Basis-Library to solve a new
task.

Theorem 3. Given as-Basis-Library,L = {II;, ..., IL,}
of a domainD, and a new taskl =< D, R, >. The aver-
age gain obtained, sa/, when learning a new polichii
to solve the task by properly executing the PRQ-Learning
algorithm overQ2 reusingL with a confidence factor of is
at leastnd times the optimal gain for such a tadig, i.e.,

Wa > niWe (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, Egy was called
Wines, 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 poli€y;, and the gain obtained
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