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Motivation

In the nextfew years, wewill seea dramaticincreaseof robot applications
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Industrial Robots

Today:

Nano-RobotsRobot Assistants Dangerous Env.

Tomorrow:

http://news.softpedia.com/

Household Robot AthletesHousehold Transportation

http://www.Wikipedia.de http://zackkanter.com/



Reinforcement Learning

Most of these tasks can not be programmed by hand

Easier: Specifying a reward function         Markov Decision Processes

A Markov Decision Process (MDP) is defined by:

Å its state space 

Å its action space

Å its transition dynamics  

Å its reward function

Å and its initial state probabilities

Agent

Environment



Reinforcement Learning

Most of these tasks can not be programmed by hand

Easier: Specifying a reward function         Markov Decision Processes

A Markov Decision Process (MDP) is defined by:

Å its state space 

Å its action space

Å its transition dynamics  

Å its reward function

Å and its initial state probabilities

Learning: Adaptingthe policy of the agent



Reinforcement Learning

Objective: Find policy thatmaximizes long term reward

Infinite Horizon MDP:

Tasks:
Å Stabilizing movements:

Balancing, Pendulum Swing-ǳǇΧ 

Å Rhythmic movements:
Locomotion [Levine & Koltun., ICML 2014], Ball 
Padding[Koberet al, 2011], Juggling [Schaalet al., 

1994]

Finite Horizon MDP:

Tasks:
Å Stroke-based movements:

Table-tennis [Müllinget al., IJRR 2013], Ball-
in-a-Cup [Kober& Peters., NIPS 2008], Pan-
Flipping [Kormushevet al., IROS 2010], Object 
Manipulation [Krömeret al, ICRA 2015]

Deisenrothet. al.Stanford

Kormushevet. al.Peters et. al.

Peters et. al.



Robot Reinforcement Learning

Challenges:

Dimensionality: 

ÅHigh-dimensional continuous
stateandactionspace

ÅHugevarietyof tasks

Real worldenvironments:

ÅHigh-costsof generatingdata

ÅNoisymeasurements

Exploration: 

ÅDo not damagethe robot

ÅNeed to generatesmooth 
trajectories
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Robot Reinforcement Learning
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Value-basedReinforcement Learning:

Estimatevaluefunction: 

ÅGlobal estimatefor all reachablestates

ÅHard to scaleto high-D

ÅApproximationsmightαdestroyά policy

Estimateglobal policy:

ÅGreedypolicyupdate for all states

ÅPolicyupdate mightgetunstable

Explorethe wholestatespace: 

ÅUncorrelatedexplorationin eachstep

ÅMight damagethe robot

Challenges:

Dimensionality

Real worldenvironments

Exploration



Correlatedlocalexploration

ÅExplorein parameterspace

ÅGenerates smoothtrajectories

Robot Reinforcement Learning
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PolicySearch Methods[Deisenroth, Neumann &Peters, A Survey of PolicySearch for Robotics, FNT 2013]

Useparametrizedpolicy

ÅCompact parametrizationsfor
high-D exists

ÅEncodeprior knowledge

Locallyoptimal solutions

ÅSafe policyupdates

ÅNoglobal valuefunctionestimation

Challenges:

Dimensionality

Real worldenvironments

Exploration

Value-basedReinforcement Learning:

Estimatevaluefunction

Estimateglobal policy

Explorethe wholestatespace



Policy Search Classification

¸ŜǘΣ ƛǘΩǎ ŀ ƎǊŜȅ ȊƻƴŜΧ

Important Extensions:

ÅContextual Policy Search [Kupscik, Deisenroth, Peters & Neumann, AAAI 2013], [Silva, Konidaris& Barto, ICML 2012], [Kober& Peters, IJCAI 2011], [Paresi& 

Peters et al., IROS 2015] 

ÅHierarchical Policy Search [Daniel, Neumann & Peters., AISTATS 2012], [Wingate et al., IJCAI 2011], [Ghavamzadeh& Mahedevan, ICML 2003]
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Direct Policy
Search

Value-Based
RL

Evolutionary
Strategies, 
CMA-ES

Episodic
REPS

Policy 
Gradients,

eNAC

Actor Critic,
Natural Actor Critic

Model-based REPS
PS by Trajectory 

Optimization

Q-Learning,
Fitted Q

LSPIPILCO

Advantage
Weighted
Regression

Conservative 
Policy Iteration



Used policy representations

Parametrized Trajectory Generators

ÅReturns a desired trajectory

ÅCompute controls       by the use of 
trajectory tracking controllers 

ÅCompact representation for high-D 
state spaces

ÅCan only represent local solutions

Examples:

ÅSplines, Bezier Curves [Kohl & Stone., ICRA 2004]Σ Χ

ÅMovement Primitives[Peters & Schaal, IROS 2006], [Kober & Peters., NIPS 2008], [Kormushevet al., IROS 2010], [Kober& Peters, IJCA 2011] [Theodorou, 

Buchli& Schaal., JMLR 2010]

Other Representations:

ÅLinear Controllers [Williams et. al., 1992]

ÅRBF-Networks [Deisenroth& Rasmussen., ICML 2011]

Å(Deep) Neural Networks [Levine & Koltun., ICML 2014][Levine & Abbeel, NIPS 2014, ICRA 2015]10



Outline

Taxonomy of Policy Search Algorithms

Model-Free Policy Search Methods

ÅPolicy Gradients

ÅLikelihood Gradients: REINFORCE [Williams, 1992], PGPE [Rückstiesset al, 2009]

ÅNatural Gradients: episodic Natural Actor Critic (eNAC), [Peters & Schaal, 2006]

ÅWeighted Maximum Likelihood Approaches

ÅSuccess-Matching Principle [Kober& Peters, 2006]

ÅInformation Theoretic Methods [Daniel, Neumann & Peters, 2012]

ÅExtensions: Contextual and Hierarchical Policy Search

Model-Based Policy Search Methods 

ÅGreedy Updates: PILCO [Deisenroth& Rasmussen, 2011]

ÅBounded Updates: Model-Based REPS [Peters at al., 2010], Guided Policy Search by Trajectory 
Optimization [Levine & Koltun, 2010]
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Taxonomyof PolicySearch Algorithms
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Model-BasedPolicySearch

Usesamples

to estimatea model

Properties:

ÅSample efficient

ÅOnlyworksif a goodmodelcanbe
learned

ÅOptimizationof inaccuratemodelsmight
leadto disaster

Model-Free PolicySearch

Usesamples

to directlyupdate the policy

Properties:

ÅNo model approximations required

ÅApplicable in many situations

ÅRequires a lot of samples

model-free vs. model-based 



Taxonomyof PolicySearch Algorithms
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Model-BasedPolicySearch

Usesamples

to estimatea model

Optimizationmethods:

ÅAnymodel-freemethodwith artificial
samples[Kupscik, Deisenroth, Peters & Neumann, 2013]

ÅAnalyticPolicyGradients[Deisenroth& Rasmussen 2011]

ÅTrajectoryOptimization[Levine & Koltun2014]

Model-Free PolicySearch

Usesamples

to directlyupdate the policy

Optimizationmethods:

ÅPolicyGradients[Williams et al. 992, Peters & Schaal 2006, 

Rückstiesset al 2008]

ÅNatural Gradients[Peters & Schaal  2006, Peters & Schaal 2008, 

Su, Wiestra& Peters 2009]

ÅExpectationMaximization[Kober & Peters 2008, Vlassis& 

Toussaint 2009]

ÅInformation-TheoreticPolicySearch [Daniel, 

Neumann & Peters 2012, Daniel, Neumann & Peters, 2013]

ÅPath Integral Control [Theoudorou, Buchli& Schaal 2010, Stulp

& Sigaud2012]

ÅStochasticSearch Methods[Hansen 2012, Mannor2004]

model-free vs. model-based 



Model-freepolicysearch

Pseudo-Algorithm: 3 basicsteps

Repeat 

1. Explore: Generate trajectories          following the current policy

2. Evaluate: Assess quality of trajectory or actions

3. Update: Compute new policy            from trajectories andevaluations

Until convergence
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Episode-based

Explore:in parameter spaceat the 
beginning of an episode

ÅLearn a search distribution
over the parameter space

Å parameter vector of search 
distribution

Å deterministic control 
policy

Evaluate:quality of parameter vectors            
by the returns  

Taxonomyof Model-Free PolicySearch Algorithms
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Step-Based

Explore:in action-space at each time 
step

Åstochastic control policy

Evaluate:quality of state-action pairs                   
by reward to come

episode-based vs. step-based



Episode-based

Explore:in parameter spaceat the 
beginning of an episode

Evaluate:quality of parameter vectors         
by the returns  

Properties: 

ÅGeneral formulation, no Markov 
assumption

ÅCorrelated exploration, smooth trajectories

ÅEfficient for small parameter spaces (< 100)

ÅE.g. movement primitives

Structure-less optimization

α.ƭŀŎƪ-.ƻȄ hǇǘƛƳƛȊŜǊά

Taxonomyof Model-Free PolicySearch Algorithms
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Step-Based

Explore:in action-space at each time 
step

Evaluate:quality of state-action pairs                   
by reward to come

Properties:

ÅLess variance in quality assessment.

ÅMore data-efficient (in theory)

ÅJerky trajectories due to exploration

ÅCan produce unreproducible trajectories for 
exploration-free policy

Use structure of the RL problem

decomposition in single timesteps

episode-based vs. step-based



Episode-based

Explore: in parameterspaceat the
beginningof an episode

Evaluate: qualityof parametervectors
by the returns

Algorithms:

Å EpisodicREPS [Daniel, Neumann & Peters, 2012]

Å PI2-CMA [Stulp& Sigaud, 2012]

Å CMA-ES [Hansen et al., 2003]

Å NES [Su, Wiestra,  Schaul& Schmidhuber, 2009]

Å PE-PG [Rückstiess, Sehnke, et al.2008]

Å Cross-EntropySearch [Mannoret al. 2004]

Taxonomyof Model-Free PolicySearch Algorithms
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Step-Based

Explore: in action-spaceat eachtime 
step

Evaluate: qualityof state-action pairs
by rewardto come

Algorithms:

Å Reinforce[Williams 1992]

Å PolicyGradient Theorem / GPOMDP [Baxter & 

Bartlett , 2001]

Å EpisodicNatural ActorCritic[Peters & Schaal, 2003]

Å 2nd Order PolicyGradients[Furmston& Barber 2011]

Å DeterministicPolicyGradients[Silver, Lever et al,  

2014]

episode-based vs. step-based



Episode-based

Explore: in parameterspaceat the
beginningof an episode

Evaluate: qualityof parametervectors
by the returns

Algorithms:

EpisodicREPS [CITE]

PI2-CMA [CITE]

CMA-ES [CITE]

NES [CITE]

PE-PG [CITE]

Cross-EntropySearch [CITE]

Taxonomyof Model-Free PolicySearch Algorithms

18

Step-Based

Explore: in action-spaceat eachtime 
step

Evaluate: qualityof state-action pairs
by rewardto come

Algorithms:

Reinforce[CITE]

PolicyGradient Theorem / GPOMDP [CITE]

EpisodicNatural ActorCritic[CITE]

2nd Order PolicyGradients[CITE]

episode-based vs. step-based

Hybrid

Explore: in parameterspaceat each
time step

Evaluate: qualityof state-action pairs
by rewardto come

Properties:

ÅStatedependentexploration

ÅCan bereproducedbynoise-freepolicy

Algorithms:

ÅPower [Kober & Peters, 2008]

ÅPI2 [Theoudorou, Buchli& Schaal, 2010]

More recentversionsof thesealgorithmsare
episode-based



Model-Free Policy Updates

Use samples 

to directly update the policy

ÅDifferent optimizationmethods

ÅGradients: Reinforce [Williams 1992], Natural Actor Critic [Peters & Schaal, 2003][Peters & Schaal, 2006], PGPE 
[Rückstiesset al. 2009]

ÅSuccess matching by weighted maximum likelihood: POWER[Kober& Peters 2008], 

Episodic REPS[Daniel , Neumann & Peters, 2012], Path Integrals[Theodorou, Buchli& Schaal2010]

ÅEvolutionary strategies [Hansen 2003], Cross-entropy [Mannor2004]Σ Χ

ÅMany of them can be used for step-basedand episode-basedpolicy search

ÅDifferent metricsto define the step-size of update

ÅEuclidian (distance in parameter space) [Williams 1992][Rückstiesset al., 2009]

ÅwŜƭŀǘƛǾŜ 9ƴǘǊƻǇȅ όάŘƛǎǘŀƴŎŜέ ƛƴ ǇǊƻōŀōƛƭƛǘȅ ǎǇŀŎŜύ [Bagnellet al. 2003], [Peters & Schaal2006], 

[Peters et al. 2010], [Daniel, Neumann & Peters 2012]

ÅHeuristics [Kober& Peters 2008, Theoudorou, Buchli & Schaal,2010, Hansen et al., 2003]

ÅBefore discussion of algorithms: Analyze consequence of step size
19



Model-Free Policy Updates

ÅReproduce trajectories with high quality / Avoid trajectories with low 
quality

ÅWe learn stochastic policies:

ÅUsed for exploration!

ÅEfficient Learning: also update exploration rate!

ÅE.g. For Gaussian policies:

ÅUpdate mean and covariance!

ÅMean     : easy!

ÅCovariance      : hard!

20

Example: 2-D parameter space

Episode-based Step-based



Desired Properties for the Policy Update

Desired properties:

ÅInvarianceto parameter or reward transformations

ÅRegularize policy update

ÅUpdate is computed based on data        

stay close to data!

ÅSmooth learning progress

ÅControllable exploration-exploitation trade-off

Which policy update should we use?

21

Conservative Update
{Ƴŀƭƭ άǎǘŜǇ ǎƛȊŜέ

Moderate Update,
aƻŘŜǊŀǘŜ άǎǘŜǇ ǎƛȊŜέ

Greedy update
[ŀǊƎŜ άǎǘŜǇ ǎƛȊŜέ



Illustration of Policy Updates
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Iteration 1

Iteration 1

Iteration 1

2 3 4 5 10

2 3 4 5 10

2 3 4 5 10

small step-size       high exploration       slow convergence

large step-size         exploration vanishes        premature convergence

step-size about right       moderate exploration       fast convergence



Metrics used for the Policy Update

Desired properties:

ÅInvariance to parameter or reward transformations

ÅRegularize policy update

ÅUpdate is computed based on data        

stay close to data

ÅSmooth learning progress

ÅControllable exploration-exploitation trade-off

ÅExplore: Higher reward in future / Lower reward now

ÅExploit: Higher reward now / Lower reward in the future

Å²ƘƛŎƘ ƻƴŜ ǘƻ ŎƘƻƻǎŜΚ 5ƻ ƴƻǘ ƪƴƻǿΧ ǇǊƻōƭŜƳ ǎǇŜŎƛŦƛŎ

ÅBut:algorithm should allow us to choose the greediness

Metric used for the policy update

ÅDifferent metrics are used to define the step-size of the update

ÅNeed metric that can measure the greediness of the update

23
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Outline

Taxonomy of Policy Search Algorithms

Model-Free Policy Search Methods

ÅPolicy Gradients

ÅLikelihood Gradients: REINFORCE [Williams, 1992], PGPE [Rückstiesset al, 2009]

ÅNatural Gradients: episodic Natural Actor Critic (eNAC), [Peters & Schaal, 2006]

ÅWeighted Maximum Likelihood Approaches

ÅSuccess-Matching Principle [Kober& Peters, 2006]

ÅInformation Theoretic Methods [Daniel, Neumann & Peters, 2012]

ÅExtensions: Contextual and Hierarchical Policy Search

Model-Based Policy Search Methods 

ÅGreedy Updates: PILCO [Deisenroth& Rasmussen, 2011]

ÅBounded Updates: Model-Based REPS [Peters at al., 2010], Guided Policy Search by Trajectory 
Optimization [Levine & Koltun, 2010]
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Policy Gradients

Optimization Method:Gradient Ascent

ÅCompute gradient from samples

ÅUpdate policy parameters in the direction of the gradient

Å learning rate

25
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Likelihood Policy Gradients

Episode-Based: Policy 

We can use the  log-ratio trick to compute the policy gradient

Gradient of the expected return:

Å Only needs samples!

Å This gradient is called Parameter Exploring Policy Gradient 
(PGPE) [Rückstiesset al., 2009]
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We can always subtract a baselinebŦǊƻƳ ǘƘŜ ƎǊŀŘƛŜƴǘΧ

Why? 

Å The gradient estimate can have a high variance

Å Subtractinga baseline can reduce the variance

Å Its still unbiasedΧ

Goodbaselines: 

Å Average reward

Å but there are optimal baselines for eachalgorithmthat minimize the
variance[Peters & Schaal, 2006], [Deisenroth, Neumann & Peters, 2013]

.ŀǎŜƭƛƴŜǎΧ



Step-based Policy Gradient Methods

The returns can still have a lot of variance

Χ asit is the sumover T randomvariables

There is less variance in the rewards to come:

ÅStep-basedalgorithms can be more efficient when estimating the gradient

ÅWehave to compute the gradient           for the low-level policy 

28



Step-based Policy Gradient Methods

Plug in the temporal structureof the RL problem

ÅTrajectorydistribution:

ÅReturn for a singletrajectory:   

Expectedlongterm reward canbewritten asexpectationover
the trajectorydistribution

29
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Step-Based Likelihood Ratio Gradient

Usingthe log-ratio trick, we arriveat

How do we compute ?

Model-dependenttermscanceldue to the derivative
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Step-Based Policy Gradients

Plug it ōŀŎƪ ƛƴΧ 

This algorithm is called theREINFORCE PolicyGradient [Williams 1992]

ÅWait... we still use the returns

high varianceΧ

ÅWhatdid we gain with our step-based version? Not too much yet...
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¦ǎƛƴƎ ǘƘŜ ǊŜǿŀǊŘǎ ǘƻ ŎƻƳŜΧ

Simple Observation: Rewardsin the pastarenot correlatedwith actionsin the
future

This observation leads to the Policy Gradient Theorem [Sutton 1999]

ÅThe rewards to come have less variance

ÅCan also bedonewith a baseline...
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Metric in standard gradients

Ok, howcanwechoosethe learningrate    ?

Metric usedfor policygradients:

ÅStandard gradientsuseeuclidiandistance
in parameterspaceasmetric

ÅEpisode-based:

ÅStep-based:

ÅInvarianceto rewardtransformations

ÅChooselearningrate, such that

ÅResultinglearningrate:

ÅNoInvarianceto parametertransformations

ÅEuclidianmetriccannot capturethe greediness
of the update
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²Ŝ ƴŜŜŘ ǘƻ ŦƛƴŘ ŀ ōŜǘǘŜǊ ƳŜǘǊƛŎΧ

Policiesare probabilty distributions

WeŎŀƴ ƳŜŀǎǳǊŜ αŘƛǎǘŀƴŎŜǎά of distributions

BetterMetric: Relative Entropy  or Kullback-Leiblerdivergence

ÅInformation-theoreticαŘƛǎǘŀƴŎŜά ƳŜŀǎǳǊŜ betweendistributions

ÅProperties:

ÅAlwayslarger 0:

ÅOnly0 iff both distributionsareequal:

ÅNot symetric, so not a real distance
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Kullback-LeiblerDivergences

2 types of KLs that canbeminimized:

Moment projection: 

Åp is large whereeverq is large

ÅMatch the momentsof q with the momentsof p

ÅSame as Maximum Likelihoodestimate!

Bishop, 2006
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Kullback-LeiblerDivergence

2 typesof KLs that canbeminimized:

Information projection: 

Åp is zerowhereverq is zero (zero forcing): no wild exploration

Ånot unique for mostdistributions

ÅContainsthe entropyof p: importantfor exploration

Bishop, 2006
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The KullbackLeiblerdivergencecanbeapproximatedbythe Fisher information
matrix(2nd orderTaylor approximation)

where      is the Fisher information matrix (FIM)

Captures information howa singleparameterinfluencesthe distribution

KL divergences and the Fisher information matrix
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The naturalgradient[Amari1998] usesthe Fisher information matrix asmetric

Å Find directionmaximallycorrelatedwith gradient

Å Constraint: (approximated) KL shouldbebounded

The solution to this optimization problem is given as:

Å Inverse of the FIM: everyparameterhas the same influence!

Å Invariant to linear transformations of the parameter space!

Natural Gradients


