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Objectives

ÅClassification of approaches

ÅTL difficulties in RL domains

ïWhen: definition and discussion of different 
transfer problems in RL domains

ïWhat: overview of popular approaches

ïHow: augmenting RL algorithms with TL

ÅFutureresearch directions 

sequel.futurs.inria.fr/lazaric

teamcore.usc.edu/taylorm



Section 1: Transfer in AI and Machine Learning

Transfer Learning in 
Reinforcement Learning Domains



Section Outline

ÅHistorical Perspective

ÅAn overview of transfer in Machine Learning

ÅChallenges and Goals of TL

ÅHow TL in RL relates to TL in general



The Theory of Transfer

ά¢ǊŀƴǎŦŜǊ ƻŦ ƭŜŀǊƴƛƴƎ ƻŎŎǳǊǎ ǿƘŜƴ ƭŜŀǊƴƛƴƎ ƛƴ 
one context enhances (positive transfer) or 
undermines (negative transfer) a related 
ǇŜǊŦƻǊƳŀƴŎŜ ƛƴ ŀƴƻǘƘŜǊ ŎƻƴǘŜȄǘΦέ

(D. Perkins, G. Salomon, Transfer of Learning, 1992, 
International Encyclopedia of Education)



Psychology, Education

ÅB.F. Skinner

ïάwŀŘƛŎŀƭ .ŜƘŀǾƛƻǊƛǎƳέ

ïSchedules of reinforcement (+ or -)

Åfrom continuous reinforcementto extinction

ÅInstructional Scaffolding

ïƭŀǘŜ рлΩǎΥ ƭŀƴƎǳŀƎŜ ŀŎǉǳƛǎƛǘƛƻƴ

ïSequence of well-timed tasks guide learning



Psychology, Education



Motivations for TL

ÅLearning tabula rasa can be extremely slow

ïLots of data / time may be needed

ïEvery algorithm has biases: why use an 
uninformed bias?

ÅHumans always use past knowledge

ïWhat knowledge is relevant?

ïHow can it be effectively leveraged?



Example: Rich Caruana

ÅMultitask Learning: A Knowledge-Based Source of 
Inductive Bias [ICML 1993]

ÅLearning Many Related Tasks at the Same Time with 
Backpropagation[NIPS 1995]

ÅAlgorithms and Applications for Multitask Learning 
[ICML 1996]

ÅMultitask Learning [PhD thesis, 1997]



Example: Sebastian Thrun

ÅExplanation-Based Neural Network Learning: A 
Lifelong Learning Approach [PhD thesis, 1995]

ÅIs Learning the nth Thing any Easier than Learning the 
First? [NIPS, 1996]

ÅLearning to Learn [Edited volume (with LorienPratt), 1998]



9ȄŀƳǇƭŜΥ  aŀǘǘΩǎ ϧ !ƭŜȄΩǎ ǿƻǊƪ



Towards Transfer Learning

ÅML-COLT '94 Workshop on Constructive 
Induction and Change of Representation

ïTowards autonomy

ïGenerate / modify representationsautomatically

ÅbLt{ Ψфр ²ƻǊƪǎƘƻǇ ƻƴ [ŜŀǊƴƛƴƎ ǘƻ [ŜŀǊƴΥ 
Knowledge Consolidation and Transfer in 
Inductive Systems

ïCapitalize on previously acquired domain 
knowledge



More recent TL workshops

ÅInductive Transfer: 10 Years Later [NIPS 2005]

ÅStructural Knowledge Transfer for Machine 
Learning [ICML 2006]

ÅTransfer Learning for Complex Tasks [AAAI 2008]



Challenges and Goals

ά¢ǊŀƴǎŦŜǊ ώƭŜŀǊƴƛƴƎϐ ƛǎ ŀ sequentialprocess that 
influences the performance of learning

through the reuseof structured knowledge 
[collected on previous tasks] and improvesthe 
behavior of the agent on new relatedǘŀǎƪǎΦέ 

(Pat Langley, Workshop on Structural Knowledge Transfer for Machine 

Learning, ICML 2006)



Challenges

ÅStructured Knowledge

ïDefinition

ïCollection

ïReuse

ÅTransfer Process

ÅTransfer Metrics

ÅTask Relatedness

ÅNegative Transfer



An Overview of TL in ML

ÅMany names

ïLearning to Learn

ïMeta-learning

ïLifelong Learning

ïContinual Learning

ïMulti-task Learning

ïInductive Transfer Learning

ïΧ



An Overview of TL in ML

ÅTechniques

ïHierarchical Bayes

ïRegularized Regression

ïNeural Networks

ïGraph Integration



Hierarchical Bayes

ÅAll the tasks are drawn from an underlying 
generative model

ÅDefine a hyper-distribution over the task 
distribution

ÅCompute the distribution parameters 
according to the samples collected over all the 
tasks



Hierarchical Bayes

ÅMulti-Task Gaussian Processes [Yu et al., ICML05]

ïLinear functions

ïTask distribution

ïHyper-prior

ïInference problem: given m samples from n tasks

ÅPosterior

ÅParameters

ïGiven the parameters it can be used also to 
improve the performance on new tasks



Hierarchical Bayes

ÅMTL with Dirichlet Process (DP) priors

ïTasks often are not homogeneous and belong to 
different classes

ïDirichlet Process automatically clusters tasks into 
classes

ïDefine hyper-priors over the DP parameters

ïUse all the samples to refine the DP parameters

ïGiven the parameters it can be used also to 
improve the performance on new tasks



Regularized Regression

ÅSingle-task Regularized Regression

where               is a suitable norm (e.g., L2 for 
linear regression)

ÅMulti-task Regularized Regression

where                forces the tasks to be similar



Regularized Regression

ÅLinear Multi-Task Regularization
ïIndependent learning

ïTask clustering [Evgeniou, 2005]

ïGraph regularization [Evgeniou, 2005]

ïCommon feature space [Argyriou, 2007]



Related Paradigms
ÅLifelong Learning
ïLess clear task boundaries (spatial / temporal)

ïPrepare for anything

ÅImitation / Demonstration Learning
ïWatching a similar agent or human

ÅDirect Human Advice
ïAction suggestion

ïDirect knowledge injection

ÅShaping
ïReward function

ïHuman modifies reward function over time



Goals

ÅImprove performance over non-transfer learning

ïSample Complexity

ïJumpstart

ïLearning speed

ïFinal performance

ïAsymptotic 

Performance



How TL in RL relates to TL in general

ÅRL is the most general learning paradigm
ïApproximation

ïExploration/exploitation

ÅMore challenging than in supervised
ïLarge number of scenarios

ïMany different types of knowledge can be transferred

ïDifficult to asses the contribution of transfer to the 
learning performance

ÅMany possible goals

ÅMany possible applications



Section 2: Transfer in Reinforcement Learning

Transfer Learning in 
Reinforcement Learning Domains



Section Outline
Å Introduction to RL

ÅThe dimensions of transfer 
ï task relatedness
ï transferred knowledge
ï learning algorithms

ÅTransfer between tasks with same state-action variables 
ïFrom one source task to one target task
ïFrom many source tasks to one target task
ïMultitask learning: Learning a distribution of tasks

ÅTransfer between tasks with different state-action variables
ïNo explicit mapping
ïMapping state variables and actions between tasks
ïLearning the inter-task mapping
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ïFrom one source task to one target task
ïFrom many source tasks to one target task
ïMultitask learning: Learning a distribution of tasks

ÅTransfer between tasks with different state-action variables
ïNo explicit mapping
ïMapping state variables and actions between tasks
ïLearning the inter-task mapping



Introduction to RL

agent

environment

critic

delay

Markov Decision 
Process

Sample

Policy Value Function



Introduction to RL

ÅMarkov Decision Process

States

Actions Reward 
function

Transition 
model



Introduction to RL

Markov 
property

ÅMarkov Decision Process



Introduction to RL

ÅMarkov Decision Process

Å(Deterministic) Policy

ÅValue functions



Introduction to RL

ÅOptimal value functions

ÅOptimal policy



Introduction to RL

agent

environment

critic

delay



Introduction to RL

ÅOn-line algorithms: learning as collecting 
samples



Introduction to RL

ÅBatch algorithms (FQI)



Section Outline
Å Introduction to RL

ÅThe dimensions of transfer 
ï task relatedness
ï transferred knowledge
ï learning algorithms

ÅTransfer between tasks with same state-action variables 
ïFrom one source task to one target task
ïFrom many source tasks to one target task
ïMultitask learning: Learning a distribution of tasks

ÅTransfer between tasks with different state-action variables
ïNo explicit mapping
ïMapping state variables and actions between tasks
ïLearning the inter-task mapping



Task Differences

ÅGoal (reward function)

ÅDynamics (transition model)

ÅDomain (state-action space / features)



Transferred Knowledge

Å Task representation

ï Action space (e.g., options, 
task decomposition)

ï Reward function

Å Solution representation

ï Basis function

Experience 

Transfer
Samples

Value

Function
Policy

Structural Transfer

Task

Representation

Solution

Representation

Å Samples

ï Collected through direct 
exploration

Å Value function/ policy

ï Solution initialization


