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Thesis Overview

In reinforcement learning (RL) (Sutton & Barto 1998) prob-
lems, agents take sequential actions with the goal of maxi-
mizing a reward signal, which may be time-delayed. In recent
years RL tasks have been gaining in popularity as learning
methods able to handle complex problems. RL algorithms,
unlike many machine learning approaches, do not require cor-
rectly labeled training examples and thus may address a wide
range of difficult and interesting problems. If RL agents be-
gin their learning fabula rasa, mastering tasks may be slow
or infeasible. A significant amount of current research in RL
thus focuses on improving the speed of learning by exploiting
domain expertise with varying degrees of autonomy.

My thesis will examine one such general method for speed-
ing up learning: transfer learning. In transfer learning prob-
lems, a source task can be used to improve performance on, or
speed up learning in, a rarget task. An agent may thus lever-
age experience from an earlier task to learn the current task. A
common formulation of this problem presents an agent with
a pair of tasks and the agent is told explicitly to train on
one before the other. Alternately, in the spirit of multitask
learning (Caruana 1995) or lifelong learning (Thrun 1996),
an agent could consult a library of past tasks that it has mas-
tered and transfer knowledge from one or more of them to
speed up the current task.

Transfer learning in RL is an important topic to address
at this time primarily for three reasons. Firstly, RL tech-
niques have, in recent years, achieved notable successes
in difficult tasks which other machine learning techniques
are either unable or ill-equipped to address (e.g., TDGam-
mon (Tesauro 1994), elevator control (Crites & Barto 1996),
Keepaway (Stone, Sutton, & Kuhlmann 2005), and Server Job
Scheduling (Whiteson & Stone 2006)). Secondly, classical
machine learning techniques are sufficiently mature that they
may now easily be leveraged to assist with transfer learning.
Thirdly, promising initial results show that not only are such
transfer methods possible, but they can be very effective at
speeding up learning.

When physical or virtual agents are deployed, any mech-
anism that allows for faster learned responses to a new task
has the potential to greatly improve their efficacy. Thus, any
transfer method that is able to handle the above differences
could potentially be utilized by such agents to increase their
adaptability and performance when an agent must perform a
new task.
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With motivations similar to those of case based reason-
ing (Agnar & Enric 1994), where a symbolic learner con-
structs partial solutions to the current task from past solutions,
a primary goal of transfer learning is to autonomously deter-
mine how a current task is related to a previously mastered
task and then to automatically use past experience to learn
faster. My thesis focuses on the following question:

Given a pair of related RL tasks that have different
state spaces, different applicable actions, and/or dif-
ferent representative state variables, how and to what
extent can agents transfer knowledge from the source
task to learn faster in the target task, and what, if any,
domain knowledge must be provided to the agent?

The primary contribution of this thesis will be to address
the above question, demonstrating a series of techniques that
are able to successfully transfer knowledge between tasks
with varying degrees of similarity and given domain knowl-
edge. There are many ways of formulating and addressing
the transfer learning problem, but we distinguish this work
from previous transfer work (Selfridge, Sutton, & Barto 1985;
Singh 1992; Asada et al. 1994; Maclin et al. 2005; Fernandez
& Veloso 2006; Soni & Singh 2006) in three ways:

1. Our methods focus on allowing differences in the ac-
tion space, the state, and state variables between the two
tasks, increasing their applicability relative to many exist-
ing transfer methods. However, we will show that they are
also applicable when the transition function, reward func-
tion, and/or initial state differ.

2. Our methods are competitive with, or are able to outper-

form, other transfer methods with similar goals.

3. Our methods are able to learn relationships between pairs

of tasks without relying on human domain knowledge, a
necessity for achieving autonomous transfer.

Core contributions
I now enumerate the components we consider necessary to
address the main question posed in this thesis.

1. Problem Definition: Our transfer problems will focus on
using a source task to speed up learning in a target task and
I will define the scope of such problems in a RL setting.

2. Performance Metrics: In order to measure the efficacy of

our methods I have defined two transfer-specific metrics. I
argue that the two metrics are appropriate for the RL do-
mains considered and focus on the performance speedup
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due to transfer, rather than the performance of a particular
underlying TD or policy search base learning algorithm.

3. Oracle-Enabled Transfer: One class of transfer methods
considered utilize inter-task mappings. Inter-task mappings
describe relations between state variables and actions in the
source and target tasks; they are used so that learned knowl-
edge in the source task can apply to a target task even when
the state and action spaces have changed. I first assume
that an oracle provides mappings that are complete and cor-
rect. We investigate three distinct ways of using the inter-
task mappings: for value function transfer (Taylor, Stone,
& Liu 2005), for policy search transfer (Taylor, Whiteson,
& Stone 2007), and via rule transfer (Taylor & Stone 2007).

4. Learning Task Relationships: 1 also consider pairs of
tasks where no oracle exists and the inter-task mapping
must be learned. Constructing such relationships is the pri-
mary difficulty when transferring between disparate tasks,
but I plan to leverage a variety of existing machine learning
techniques to assist with this process. I will demonstrate
the effectiveness of these relationship-learning methods on
pairs of related tasks and then combine them with the above
transfer methods to achieve autonomous transfer. Thus far
we have succeeded by making the (strong) assumption that
objects can be described by a constant set of state variables,
regardless of the task these object appear in (Taylor, White-
son, & Stone 2007).

5. Empirical Validation: To validate our transfer methods, I
will fully implement them in at least three domains. Suc-
cess in different domains and with different implementa-
tions, which have different qualitative characteristics, will
show that our methods have broad applicability as well
as significant impact. Thus far we have concentrated
on the Robosoccer Keepaway Domain (Taylor, Stone, &
Liu 2005) and the Server Job Scheduling Domain (Taylor,
Whiteson, & Stone 2007).

Supplemental Contributions
In addition to these goals, I am considering at least two sup-
plemental goals, but am actively searching for more goals so
that my thesis can more fully develop our understanding of
transfer:

1. Inter-Domain Transfer: I informally define a domain to
be a setting for a group of semantically similar zasks. While
many methods exist to transfer between domains, none
have been shown to work between domains. In addition
to showing that inter-domain transfer is feasible (Taylor &
Stone 2007), I would like to show that such transfer can be
done autonomously.

2. Effects of Task Similarity on Transfer Efficacy: All the
RL tasks I consider can be parameterized and thus it is pos-
sible to make the source and target tasks more or less sim-
ilar. For instance, preliminary results in the Keepaway do-
main show that transfer is able to improve learning, com-
pared to learning without the benefit of transfer, when the
players in the two tasks have pass actuators with different
accuracies, but transfer is more beneficial when the players
in both tasks have actuators with the same capabilities. Ob-
serving, and ideally predicting, how transfer degrades as the
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source and target tasks become more dissimilar should lead
to a better understanding of the proposed transfer methods.
Such heuristics could be used to determine if two tasks are
“similar enough” that transfer could provide any benefit.
Defining a similarity metric for tasks based on these heuris-
tics would also potentially allow us to construct a source
task for a given target task.

References
Agnar, A., and Enric, P. 1994. Case-based reasoning: Foundational
issues, methodological variations, and system approaches.
Asada, M.; Noda, S.; Tawaratsumida, S.; and Hosoda, K. 1994.
Vision-based behavior acquisition for a shooting robot by using a
reinforcement learning. In Proc. of IAPR/IEEE Workshop on Visual
Behaviors-1994, 112-118.
Caruana, R. 1995. Learning many related tasks at the same time
with backpropagation. In Advances in Neural Information Process-
ing Systems 7, 657-664.
Crites, R. H., and Barto, A. G. 1996. Improving elevator perfor-
mance using reinforcement learning. In Touretzky, D. S.; Mozer,
M. C.; and Hasselmo, M. E., eds., Advances in Neural Information
Processing Systems 8, 1017-1023. Cambridge, MA: MIT Press.
Fernandez, F., and Veloso, M. 2006. Probabilistic policy reuse in
a reinforcement learning agent. In Proc. of the 5th International
Conference on Autonomous Agents and Multiagent Systems, 720—
727.
Maclin, R.; Shavlik, J.; Torrey, L.; Walker, T.; and Wild, E. 2005.
Giving advice about preferred actions to reinforcement learners via
knowledge-based kernel regression. In Proceedings of the 20th Na-
tional Conference on Artificial Intelligence.
Selfridge, O. G.; Sutton, R. S.; and Barto, A. G. 1985. Training
and tracking in robotics. In Proceedings of the Ninth International
Joint Conference on Artificial Intelligence, 670-672.
Singh, S. P. 1992. Transfer of learning by composing solutions of
elemental sequential tasks. Machine Learning 8:323-339.
Soni, V., and Singh, S. 2006. Using homomorphisms to trans-
fer options across continuous reinforcement learning domains. In
Proceedings of the Twenty First National Conference on Artificial
Intelligence.
Stone, P.; Sutton, R. S.; and Kuhlmann, G. 2005. Reinforce-
ment learning for RoboCup-soccer keepaway. Adaptive Behavior
13(3):165-188.
Sutton, R. S., and Barto, A. G. 1998. Introduction to Reinforcement
Learning. MIT Press.
Taylor, M. E., and Stone, P. 2007. Cross-domain transfer for rein-
forcement learning. In Proceedings of the Twenty-Fourth Interna-
tional Conference on Machine Learning.
Taylor, M. E.; Stone, P; and Liu, Y. 2005. Value functions for
RL-based behavior transfer: A comparative study. In Proceedings
of the Twentieth National Conference on Artificial Intelligence.
Taylor, M. E.; Whiteson, S.; and Stone, P. 2007. Transfer via
inter-task mappings in policy search reinforcement learning. In The
Sixth International Joint Conference on Autonomous Agents and
Multiagent Systems.
Tesauro, G. 1994. TD-Gammon, a self-teaching backgammon pro-
gram, achieves master-level play. Neural Computation 6(2):215—
219.
Thrun, S. 1996. Is learning the n-th thing any easier than learn-
ing the first? In Touretzky, D. S.; Mozer, M. C.; and Hasselmo,
M. E., eds., Advances in Neural Information Processing Systems,
volume 8, 640-646. The MIT Press.
Whiteson, S., and Stone, P. 2006. Evolutionary function approx-
imation for reinforcement learning. Journal of Machine Learning
Research 71(May):877-917.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


