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Abstract

The life-long learning architecture attempts to create
an adaptive agent through the incorporation of prior
knowledge over the lifetime of a learning agent. Our
paper focuseson task transfer in reinforcement learn-
ing and speci c ally in Q-learning. There are three main
model free methads for performing task transfer in Q-
learning: direct transfer, soft transfer and memory-
guided explomation. In direct transfer Q-valuesfrom a
previous task are usel to initialize the Q-valuesof the
next task. Soft transfer initializes the Q-values of the
new task with a weightel average of the standard ini-
tialization value and the Q-valuesof the previoustask.
In memory-guidel exploration the Q-valuesof previous
tasks are useal as a guide in the initial exploration of
the agent. The weight that the agent givesto its past
experience decreasesover time. We explore stability is-
suesrelated to the o®-plicy nature of memory-guided
exploration and compare memory-guidel explormation to
soft transfer and direct transfer in three di®erent envi-
ronments.

1 Intro duction

There are seweral major problems that have been en-
countered by researtiersasthey have attempted to cre-
ate intelligent agerts. Theseproblemsmostly certer on
the availability of good data, training time, and over-
tting.

[12] has identied the following four major machine
learning bottlenecks: knowledge (a need for accu-
rate information and models), engineering (informa-
tion must be made computer accessible),tractabilit y
(complexity of robot domains), and precision (impre-
cisesensorsand actuators causedi®erencedetweenthe
real world and models, simulators, or plans).

1.1 Prop osed solution

One approach to overcoming these problems is with

the \life-long learning" paradigm for macdhine learn-
ing [12][2][11[5]. In the life-long learning approadc an
agert encourters many di®erer tasks over its lifetime.

These tasks are often related to ead other. Through

the appropriate transfer of knowledgeit is possiblefor

an agert to learn ead new task with greater exciency.

Lesstraining exampleswould be required becausethe

agert could usepast experienceto 1l in the holesin its

training set. Accurate models would be learned, and
transferred. Such knowledgewould be computer acces-
sible becauset would be learned, and the needto hard

code sud information would be reduced. By transfer-
ring information from simpler problemsto more com-
plex problems the tractabilit y issueswould be signi -

cantly reduced. Learning tends to adapt automatically

to precision problemsin the sensorsand actuators. In

short many of the problemsin machine learning could
be solved or simpli ed through the life-long learning
paradigm.

For any life-long learning systemto succeedit will be
important for an agert to be able to transfer informa-
tion successfullybetweentasks. Task transfer requires
the agert to automatically determine which features
from previous tasks are signi cant to the new task to
be learned, and which are not. Appropriate task trans-
fer is a complexproblem and it lies at the very heart of
life-long learning. This paper focuseson task transfer
in reinforcemen learning, speci cally in Q-learning.

2 Curren t Transfer Metho ds

If the agert's actuators and sensorsremain constart,
there are two situations that could be encounered
when attempting task transfer. Either the ernviron-
ment will have changed, or the reward structure will
have changed [12]. If the ervironment has changed,
the state transition probabilities will no longer be the
same. Alternately if the reward structure has changed,



the state transition probabilities will be the samebut
the reward received for taking those transitions will
have changed. Combinations of these two situations
can also be encountered. If the agert itself changes,
then the actual state spacecan grow or cortract (if
preceptors are added or removed), or the agert's ac-
tion spacecan grow or cortract (if actuators are added
or removed).

Task transfer mechanisms can be thought of as algo-
rithms that 1) attempt to determine invariants among
all tasks, 2) generalize invariant information among
various groups of tasks, 3) determine group member-

ship of new tasks, 4) determine task speci ¢ informa-

tion, and 5) allow specialization in those areaswhere
the tasksdi®er. In generalsud algorithms should allow

the agen to learn a new task with greater speedthan

learning that task from scratch. When encourtering

a task unlike any the agert has encourtered before we
should allow the agert to takeslightly longerthan when
learning from scratch. This is understandable because
we would expect the agert to exploreareasof similarity

betweenthe current and past tasks rst. However we
believe that any appropriate task transfer mecanism
should be guaranteed to evertually learn any learnable
task, regardlessof the amourt of incorrect or irrelevant

prior information givento the agert.

2.1 Q-learning

Q-learning is a reinforcemen learning method where
the agert stores the expected discourted reward for
performing action a in state s Q(st; a;) updated by

¢ Q(st; a) = ®&R(st; a) + °maxaQ(st+1 ;a));

where R is the reward and t is the time step, ® is the
learning rate and ° is the discourt factor. Q-valuesare
typically initialized to someconstart value Q(s;a) = |.

Somemethods of incorporating prior knowledgein Q-
learning have involved building a model of the envi-

ronmert [7], biasing the inputs [9] or changing other
aspects of a function approximator [4]. [8] suggested
that transfer of information from onetask to anotherin

Q-learning can be accomplishedby stringing together
solutions to elemenal sequetiial sub tasks. Unfortu-

nately this requires designintervention.® to determine
eat elemenal task.

A common model free task transfer method in Q-
learning is to use the Q-values from the rst task to
initialize the Q-valuesof the secondtask. This method
is called direct transfer of Q-values. Other model free

Imanual intervention by the designer of the system

methods for task transfer in Q-learning that we devel-
oped include memory-guided exploration [6] and what
we call \soft transfer.” We discussthesethree methods
and their applications in three di®eren ervironments.

2.1.1 Direct Transfer. One simple way to transfer
information from one Q-learning task to another is by
usingthe Q-valuesfrom the “rst task to initialize the Q-
valuesof the secondtask, then allowing normal updates
to adjust to any di®erencedbetweenthe two tasks.

If the problems are too dissimilar the agert will spend
too much time unlearning the incorrect portion of the
policy causingthe agert to learn the new task slower
than learning it from scratch [6][1]. Also asthe agert
unlearns this incorrect information it often unlearns
correct information aswell. This usually happensas®
discourts Q-valuesalong the path to the goal and be-
fore the reward from the new goal hasback-propagated
suzciently to overcomethis situation. We call this the
unlearning problem. For direct transfer to function well
the two tasks must be suzciently similar, which limits
the applicability of the method.

2.1.2 Soft Transfer. Oneway to make direct trans-
fer morerobust to di®erencesn the past task is through
soft transfer. Soft transfer presenes the current pol-
icy while softening the Q-values making them easier
to change. This is a similar idea to that of avoiding
over tting in many other machine learning problems.
This is accomplishedby initializing the Q-valuesusing
a weighted average betweenthe old Q-values and the
standard tabula rasal thus:

Q™ (sia) = (Li W)I + W(QR%s;a));

where Qq is the initial Q-value, and Qf is the nal Q-
value. If W = 1 this is the sameasdirect transfer and
if W = 0 then agert learns from scratch. By picking
0 < W < 1 the agernt can unlearn the incorrect por-
tions of its policy easier. Care needsto be taken to
set this parameter appropriately. If W is too high the
agert will spend too much time unlearning the incor-
rect information in the past task, if it is too low the
agert will looseuseful information.

2.1.3 Memory-guided Exploration. Memory-
guided exploration storestwo or more setsof Q-values
QCld(s;a) and Q™" (s;a). One set of Q-values rep-
resers the agert's current experience in the new
task. The other set of Q-valuesrepresents the stored
memory of a past task. The old Q-values are never
changed, preverting the accidenal loss of pertinent



information. The new Q-values are updated normally
as the agert explores its ervironment, reducing the
time necessaryto \unlearn" the incorrect portions of
the policy [6].

A processsimilar to memory-guided exploration was
independertly dewveloped by [3]. They useda switching
mechanismto choosebetweenthe agerts prior task and
the current task. In our version actions are chosen
based on a weighted sum of random noise, with the
prior and current Q-values

a = maxa[W £ Q%(si;a) + (1 W)Q™ (si;a) + ¢l;

where W (the weights of the old Q-values)and ¢, (the
random exploration noise) decay over time. Thus the
old Q-values are used only to guide the agen's ini-
tial exploration. Memory-guided exploration is an o®-

policy cortroller [10], and this raisesconvergencessues.

Theseissuescan be overcome,and we will discussthem
in greater detail later. However once W deca/s suz-
ciertly all the standard corvergenceproofs hold, thus
this method is guaranteed to evertually converge.

3 Metho dology

We tested thesetask transfer methods on three di®er-
ent Markov decisiontasks. Thesetasksillustrate di®er-
ent properties of various transfer medanisms. For eah
task we will discussthe issuesof unlearning, stability
and corvergence.

Decision Task

3.1 Tree-structured
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Figure 1: Simple analysis task. Agent starts task at node
0 and terminates at one of the nodes at the
bottom of the tree.

Figure 1 shows a simple decision task. In this world
the agert starts at node 0 and terminates at one of the
leaf nodes of the tree. The goal is placedin one of the

leaf nodes,and the agert's task isto nd it. The agert
receivesareward of +1 if it nds the goaland a reward
of 0 if the agen terminates in a non-goal state. Once
the agert reachesa leaf node the task beginsover, and
the agert is placed at the top of the tree. The transi-
tions are deterministic. The tasksvaried in depth d and
branching factor b and can thus be made of arbitrary
complexity.

In the rst phaseof training the agen is trained with
the goal in a random location. Once the agert has
learned this task the task is changedslightly by mov-
ing the reward a small distance. In this secondphase
the agert's task is to adapt to this new situation. The
closerthe new goalis to the old goal the more the poli-
ciesof the two taskswill overlap and the more\similar"
the two problems will be.

This task is important becauseof the theoretical frame-
work it provides for analyzing various transfer meda-
nisms. This type of task is similar to problems like
chess, where similar states have vastly di®eren utili-

ties, and the agert is not allowed to return to prior

states. Statesnearthe old goal often have relatively low
Q-values even though there is a substartial overlap in

the policy necessaryto reac those states. This makes
task transfer extremely ditcult, and many task trans-
fer algorithms perform di®ererily in this environment

than they would in environments where the Q-values
near the old goal are comparatively high. For this rea-
sonwe believed that directly transferring the Q-values
from the rst phaseto this secondphasewould cause
the agen to perform poorly in this ervironment while
memory-guided exploration would perform well [6].

Becauseof the unidirectional nature of this task, con-
vergencewas not an issuein this world like it wasin
someof the other worlds we investigated.

3.2 Simple Grid Task

We also tested the agert in a simple accessiblemaze
world (see Figure 2). This world has very di®eren
properties than the decisiontask. States near the old
goal tend to have relatively high Q-values, and there-
fore we would expect direct transfer to perform better
in this world than it doesin the decisionworld.

The agert's task wasto navigate from the bottom left
to the goal, while avoiding the walls. A reward ofa 1
was given when the agert hit a wall, and a reward of
a +1 was given when the agent found the goal. Both
a stochastic and a deterministic version of this world
were tested.

To test task transfer the agen initially learned this



Figure 2: Grid world. Versions of this world were tested
with obstacles, without obstacles, and of vary-
ing widths.

task with the goal in the upper left then the new goal
was moved various distancesto the right. This allowed
us to test transfer mechanismson problems of varying
similarity. The further to the left the new goal is the
more similar the two problems will be. As the goal is
moved to the right, the problems becomeincreasingly
dissimilar until the goalis in the upper right (as shown
in Figure 2).

The ability of the agert to return to previously visited
statescreateddivergenceproblemswith someo®-plicy
cortrollers that were not presert in the decisionworld.
This allowed us to test the stability of various algo-
rithms generally, and memory-basedexploration specif-
ically. Theseproblemswill be discussedin greater de-
tail in section4.

3.3 Nomad |1 Rob ots

In order to test transfer mechanismsin a more real-
istic setting, the agent was trained in a simulator for
Nomad Il Robots on a wall avoidancetask. This task
wasthen transferred to a wall following task. The envi-
ronment was simply a large empty room. The agert's
sensorsconsistedof eight sonars. This ervironment is
approximately cortinuous, and the state spaceis large,
thereforethe agert useda CMA C asa function approxi-
mator. The memory-guidedcorvergenceissuessncoun-
tered in the grid werenot manifestin this ervironment.

4 Convergence Issues

The o®-policy nature of memory-guided exploration
causedthree speci ¢ problems: 1) required exploration
bias 2) unvisited transitions and 3) local exploration
vs. global exploitation. Theseissuesneededto be dealt
with beforeresults could be obtained in the grid world
for memory-guided exploration.

4.1 Required exploration bias

Memory-guided exploration requiresan additional bias
towards unexplored areas. W deca/s asymptotically
toward 0. The purposeof decaying W is to allow the
agert to explore additional areas of the state space.
However the agert will still have some bias towards
the previous policy becausewW will not fall all the way
to zero. In order to insure sutcient exploration as W
decays, someadditional wealker bias toward the unex-
plored areas of the state space must dominate, oth-
erwise the agert will newer leave the location of the
previous goal.

This problem is bestillustrated whenl = 0, and canbe
easily solved by choosingl > 0. This biasesthe agert's
exploration away from areaswhere he hasalready been
becausehe Q-valueswill be discourted ead time they
are visited. If | is chosento be 0 this can not happen
becauseO £ ° = 0. Alternately, any other type of ex-
ploration bias could be employed, such as recency or
counter-basedexploration [13]. Care needsto be taken
to ensurethat this additional bias is initially smaller
than the bias towards the prior policy.

4.2 Unvisited transitions

O®-policy cortrollers can diverge from the true Q-
values, unlessthe controller is a random Monte Carlo
cortroller [10]. This happensbecausethe prior knowl-
edgebias causesthe agert to visit the statesaccording
to a di®eren distribution than would the policy that
maximizesthe current reward function [3]. E®ectively
certain transitions never get updated.

As an example,the memory biasesthe agert away from

obstacles(especially when ¢ is low or 0). This behav-
ior is one of the major advantages of this method. We
wanted the agert's memory to be strong enoughto in-

sure that the agert wouldn't explore transitions that

usedto map to obstaclesuntil it had rst explored all

other options. The Q-valuesmapping to obstacleswill

remain at i and the Q-valuessurrounding obstacleswill

therefore not drop below | £ °9 where d is the dis-
tance from the obstacle. This meansthat when these
un-updated Q-valuesare the maximum for that state,
they causethe Q-valuesof all neighboring statesto be
in°ated. This e®ectremainsuntil W drops suzciently

to allow thesestatesto be visited. E®ectively this cre-
ates an arti cial bias towards states next to obstacles
becausetransitions into those obstaclesare never up-
dated.

It wasnot immediately clearwhether theseissueswould
e®ectmemory-guided exploration becausethe agert's
memory of old tasks only e®ectsthe agert's initial ex-



ploration. Convergenceis assuredonce W deca/s to
insigni cance [3]. However we found that the agert's
behavior was often divergert until the decay of W, at
which time the agert would behave like an agert learn-
ing from scratch. Although the agert evertually con-
verged, the advantages of the transfer were nulli ed.

There are two solutions to this problem. The “rst is to
allow the old Q-valuesto bias the update of the new Q-
valuesby the sameamourt that the old Q-valuesa®ect
exploration. The update equation becomes:

¢ Q(s;a) = &R(St; &) + °maxa(QC (St 5 Q)):

Where Q€ = W aQ%4(sp4g ;a)+ (1] W)Q"™Y (St+1 ; ).
In e®ectthis createsa new \comp osite" on-policy con-
troller.

The other option is to keeplocal valuesfor W. This
is e®ective becausedivergert behavior manifests itself
as repeated visits to the samefew statesin an in nite

loop. BecauseW decas ead time the agen visits a
state, the local values of W can be decayed in areas
of divergencewhile remaining high for the rest of the
state space. This allows the agert to behave like an on-
policy controller in areasof divergence,while allowing
the agert the exploration advantagesof behaving asan
o®-policy cortroller in areaswhere divergenceis not an
issue.

4.3 Local Exploration vs. Global Exploitation
There is another reasonto keep W local. The true
max old Q-valuesare approximately °¢ whered is the
shortest path to the old goal. This meansthat in areas
of the state spacethat are far from the old goal, the
di®erencebetweenthe Q-valuesof the best choice and
the secondbestchoiceis often very small, whereasthese
di®erencesare comparatively high near the old goal.
Therefore the agert's memory bias is stronger near the
old goal than it is in statesfurther away.

If W is not local the agert will stay nearthe old goalun-
til the global W hasdecayed sutciently for the agen's
exploration bias to overcomethe agen's strong mem-
ory bias at the old goal location. Becausethe agert's
memory bias is weaker near the start, when the agert
is moved to the start it will begin learning tabula rasa.
Thusthe agert haslost any exploratory advantage that
could have beendrawn from its memory biasin the rest
of the state space.

Keeping W local to eat state solves this problem.
When W is local the agert moves to the old goal,
and stays there until the local W decass suzciently
at which time the agen begins exploration, while W

remains high and allows the agert to exploit the old
policy in other areasof the state space.

5 Results

5.1 Decision World Results

As noted in [6] memory-guided exploration performed
substartially better than direct transfer in this world.
This occurred becausethe actual Q-valuesof all tran-
sitions that did not terminate in a goal state were 0.
With direct transfer the agert often lost all information
along the path to the old goal. This is the unlearn-
ing problem discussedin [6]. This meansthat even
whenthe tasksare very similar direct transfer performs
slightly worse than learning from scratch. Memory-
guided exploration on the other hand performs an or-
der of magnitude better, and only performed slightly
worsethan tabula rasalearning when the newtask was
completely dissimilar to the old task.

5.2 Grid World Results

Figure 3: Stepsto nd goal 150 times over distance goal
was moved for all 3 transfer versionsand learn-
ing from scratch in the deterministic version of
the grid world.

Local values of W were usedwith memory-guided ex-
ploration, and for soft transfer we chosea value .5 for
W. In the deterministic version of the world, with-
out any obstaclesall three methods of task transfer
were superior to learning the task from scratch until
the tasks becamesuzciently dissimilar (seeFigure 3).
This is in contrast to the results in the decisionworld,
where direct transfer was worse even when the tasks
were similar. In the grid world with the increasingdis-
similarity of the tasks, direct transfer performedpoorly,
memory-guided exploration performed better, and soft
transfer performedbest. We alsotested this world with



obstaclesand with stochastic transitions with similar
results.

5.3 Nomad Il Rob ot Results
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Figure 4: Average of 3 runs ead, for learning from
scratch, direct transfer, soft transfer and mem-
ory guided exploration on the Nomad Il simu-
lator transferring wall avoidanceto wall follow-

ing.

In the Nomad Il simulator we found that memory-
guided exploration performed better than learning the
task from scratch (seeFigure 4). Interestingly enough
soft transfer and direct transfer were worsethan learn-
ing the task from scratch in this ervironment. These
results can vary somewhatfrom run to run. We believe
that this was due to di®erencesn the wall avoidance
policy learnedin the previoustask. There are many ef-
fective policiesfor wall avoidancethat could belearned.
One policy for wall avoidancemight transfer to wall fol-
lowing better than another, and di®erert mecanisms
for task transfer may transfer one policy better than
another.

6 Conclusions and future work

Memory guided exploration performed better than tab-
ula rasalearning in almost every situation tested, where
the more similar the situation the greater the e®ect.
Memory guided exploration was also superior to the
direct transfer of Q-values. More researt is needed
to determine when soft transfer performs better. This
paper hasfocusedon model free methods, model based
methods shouldwork well with task transfer and should
be explored further.

Additional methods for soft transfer and memory-
guided exploration could be explored such as initializ-
ing W such that the valuesof W closerto the old goal

are low, while valuesof W closerto the start are high.
Also, it may not be necessaryto keepa unique value for
W in ead state, a local function approximator may be
suzcient. Memory-guided exploration could also serne
asa method for creating an advice taking agert, where
the agert's initial exploration is handledthrough direct
control. Methods that use multiple past tasks should
be explored, and memory-guidedexploration should be
expandedto handle multiple past tasks.

References
[1] M. Bowling and M. Veloso. Reusing learned policies
between similar problems. In Proceedings of the AIIA-98
Workshop on new trendsin robotics. Padua, Italy, 1998.
[2] Rich Caruana. Multitask learning. Machine Learn-
ing, 28:41{75, 1997.
[3] Kevin Dixon, Richard Malak, and PradeepKosla. In-
corporating prior knowledge and previously learned infor-
mation into reinforcement learning agerts. Tednical re-
port, Institute for Complex Engineered Systems, Carnegie
Mellon, 2000.
[4] Tom M. Mitc hell and Sebastian Thrun. Explanation
based learning: A comparison of symbolic and neural net-
work approaches. In International Conference on Machine
Learning, pages197{204, 1993.
[5] J. O'Sullivan. Transferring learned knowledge in a
lifelong learning mobile robot agert. In 7th European Work-
shop on Learning Rotots, 1999.
[6] Todd Peterson, Nancy Owens, and James Carroll.
Automated shaping as applied to robot navigation. In
ICRA2001, San Diego, CA, 2001.In Press.
[71 J. A. Meyer R. Pfei®er, B. Blumberg and Jur-
gen Schmidhuber S. W. Wilson (eds.) Marco Wiering. Ef-
“cient model-based exploration. In Proceedings of tje Fifth
International Conference on Simulation of Adaptive Behav-
ior., 1998.
[8] S. P. Singh. Transfer of learning by composing so-
lutions of elemental sequerial tasks. Machine Learning,
8:323{339, 1992.
[9] P. Stoneand M. Veloso.Layeredlearning. In Eleventh
Europeaning Conference on Machine Learning, 2000.
[10] Richard S. Sutton and Andrew G. Barto. Reinforce-
ment Learning An Intr oduction. MIT Press, Cambridge
Mass, 1998.
[11] SebastianThrun and Tom M. Mitc hell. Learning one
more thing. Tedhnical report cmu-cs-94-184,School of Com-
puter Science,Carnegie Mellon Univ ersity, Pittsburgh, PA,
1994.
[12] SebastianThrun and Tom M.Mitc hell. Lifelong robot
learning. Tedhnical report iai-tr-93-7, Institute for Infor-
matics 111, University of Bonn, Bonn, Germany, July 1993.
[13] SebastianB. Thrun. The role of exploration in learn-
ing control. In D. White and D. Sofge, editors, Hand-
book for Intelligent Control: Neural, Fuzzy and Adaptive
Approaches Van Nostrand Reinhold, Florence, Kentucky
41022,1992.



