Policy Search: Methods and Applicatic

| JanPeters
- v Gerhard Neumann

&Es  TECHNISCHE
ﬁ”ﬂ’" UNIVERSITAT
*’%’*" DARMSTADT




Motivation

Inthe nextfew years we will seea dramaticincreaseof robot applications
Today Tomorrow

Robot Assistants Nano-Robots
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Reinforcement Learning

Most of these tasks can not be programmed by hand

EasierSpecifying a reward functio=)

Markov Decision Processes

A Markov Decision Process (MDP) is defined by:
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and its initial state probabilitiego(s)

:[ Agent }

St
Tt

Tt4+1

a;

Environmen}f

St+1




Reinforcement Learning

Most of these tasks can not be programmed by hand
EasierSpecifying a reward functio=) Markov Decision Processes

A Markov Decision Process (MDP) is defined by:

A its state spaces ¢ S

Sy
]
A its action spacer € A - :[ rlals) )
A its transition dynamicsP (s, 1|s;, a;) e
A its reward functionr(s, a) %&(P(Sﬂs,a)/ }7
51 Sir1\ T(Sa (1,)

A and its initial state probabilitieso(s)

LearningAdaptingthe policyr~(a|s) of the agent



Reinforcement Learning

Objectivefindpolicy thatmaximizes long term rewatd

T = arg max g
Infinite Horizon MDP: Hnite Horizon MDP:
- ] -
Jr = EMQ,P,T&' Z')/trrt Jr = EMO,P,W Zrt
| t=0 _ [ t=0
Tasks: Tasks:
A Stabilizing movements: A Strokebased movements:
Balancing, Pendulum SwidglLJX Tabletennispvuingetar., urr 20131 Ball
A Rhythmic movements: iN-a-CUPikobers peters.NiPs 20051 PaR
LLOCOMOtIONLevines Koltun, icme 2011, Ball Fli ppiﬂgKC’”““S*‘e"Bt al., IROS 201P]ObjeCt
Paddingkoberet i, 20115 JUGGIiNGchastai. Manipulationmereta, icra 2015

1994]

Kormushe\et. al.

Stanford



RobotReinforcementl.earning

Challenges

Dimensionality

AHighdimensionatontinuous
stateandactionspace

AHugevarietyof tasks

Reaworld environments
AHighcostsof generatinglata
ANoisymeasurements

Exploration:
ADo notdamagethe robot

ANeedto generatesmooth
trajectories




Robot Reinforcement Learning

Challenges
Dimensionality
Realworld environments
Exploration

ValuebasedReinforcement Learning:

Estimatevaluefunction
e.g.: Q(s,a) =r(s,a) +~Ep[V(s')|s,al
AGlobalestimatefor all reachablestates
AHardto scaleto high-D
AApproximationsnightodestroydpolicy

Estimateglobalpolicy:.
e.g.. T (s) = arg max Q(s,a)
AGreedypolicyupdatefor all states
APolicyupdatemightgetunstable
Explorethe wholestatespace

exp(Q (s, a,))
> o exp (Q(s, a’))
AUncorrelatedexplorationin eachstep
AMight damagethe robot

e.g.. m(als) =



Robot Reinforcement Learning

Challenges ValuebasedReinforcement Learning:
Dimensionality Estimatevaluefunction
Realworld environments Estimateglobalpolicy
Exploration Explorethe wholestatespace

POI ICﬁearCI‘M Eth OdS[Deisenroth Neumann &Peters, &irveyof PolicySearcHor Robotics FNT 2013]

Useparametrizedoolicy Correlatedocalexploration
a~ w(als;0), O ... parameter vector e.g.: 0; ~ N8|y, Xg)
AC_ompacparametrizatione&or AExplorein parameterspace
high-D exists . .
. AGenerates smootirajectories
AEncodeprior knowledge
Locallyoptimalsolutions
dJg
2.0 Ohew = 04 —
€.g d T & 70

ASafepolicyupdates
ANo globalvaluefunctionestimation



Policy Searc@lassification

Sz Ad0Qa | 3aANBe 1 2ySX

>

Episodic PILCO Actor Critic, Conservative
REPS Natural Actor Critic  Policy Iteration ~ LSPI
Direct Policy ValueBased
Search RL
Evolutionary Policy Modetbased REPS Advantage Q-Learning,
Strategies,Gradients, ~ PS by Trajectory Weighted Fitted Q
CMAES eNAC Optimization Regression

Important Extensions:
ACO nteXtU al DOI |Cy SearmmkDeisenroth Peters & Neumann, AAAI 2013], [SKamidaris& Bartg ICML 2012]Kober& Peters, IJCAI 2011Rdres&

Peters et al., IROS 2015]

AH |e I’arCh | Ca. POI |Cy Sear[ﬁ\ahal Neumann & Peter&lSTATS 20J.ZWingate et al., IJCAI 201Havamzade& Mahedevan ICML 2003]




Used policy representations

Parametrized Trajectory Generators
AReturns a desired trajectory
T*ZQT:T:JC(O)
ACompute controlgs: by the use of
trajectory trackingontrollers

ACompact representation for high
state spaces

ACan only represent local solutions

Examples:
ASplines, Bezier CUrves e sone. icrazols; X

-0.5
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1o 0.2 0.4 t 0.6 0.8 1

AM Ovement PFI M |t|Ve$eters &SchagllIROS 2006]Kpber & Peters., NIPS 2008Kdrmusheet al., IROS 2010K¢ber& Peters, IJCA 201T]Heodoroy

Buchli& Schaal JMLR 2010]
OtherRepresentations:
ALinear Controlleriiams et a, 19921
ARBPNetworkSpeisenrot Rasmussen., icmL 2011]

1 O A(Deep) Neural NetworkSiine sottun, icmL 2014)Levine @beel NIPS 2014, ICRA 2015]



Outline

Taxonomy of Policy Search Algorithms

Model-FreePolicy Searchlethods

APolicy Gradients
ALikelihood GradientfREINFOR Giams, 19921 PGP Eickstiesst al, 2009]
ANaturalGradients: episodic Natural Actor CriiblAG, peters sschaal2006]

AWeighted Maximum Likelihood Approaches
ASuccesdatching Principl@obers peters2006]
Alnformation Theoretic MethodSaniel, Neumann & Peters, 2012]

AExtensions: Contextual and Hierarchical P8kzyrch

ModelBasedPolicy Search Methods
AG reedy U pd atEEF’l LC@eisenroth& Rasmussen, 2011]

ABounded UpdatesodelBased RERSers atal. 2019 GuidedPolicy Search by Trajectory
Optl mizatiOﬂLevine 8Koltun 2010]
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Taxonomyf PolicySearchAlgorithms

modeklree vs. modebased

ModelFreePolicySearch ModelBasedPolicySearch
Usesamples Usesamples
D = { (Sgi:}Tv a’[li:]T—lﬂ 7"@T) } D = { (3[17::]@ a[li:]T—l) }
to directlyupdatethe policy to estimatea model
Properties Properties:
ANo model approximations required ASampleefficient
AApplicable in many situations AOnlyworksif agoodmodelcanbe
learned

ARequires a lot of samples
AOptimizationof inaccuratemodelsmight

leadto disaster

12



Taxonomyf PolicySearchAlgorithms

modeklree vs. modebased

ModelFreePolicySearch Model-BasedPolicySearch
Usesamples Usesamples
D = { (s[f}T, a[li:]T_l, Tgi;]T) } D= { (3[1?::]@ af[li:]T—l) }
to directlyupdatethe policy to estimatea model
Optimizatiormethods Optimizatiormethods
APolicyGradientSwiiiams et . 992, peters & Schaal 2006, AAnymodelfree methodwith artificial

Ruckstiesst al 2008]

] Sam pIeSKupscik Deisenroth Peters & Neumann, 2013]
AN atu I’alG I’ad |entSPeters & Schaal 2006, Peters & Schaal 200¢,

Su,Wiestra& Peters 2009] AAI’] alyt|CPOI|CyG rad ientSDeisenroth& Rasmussen 2011]
AExpectatiorVlaximizationkeser & peters 2008iassis ATrajectoryOptimizationtevine aotunzo14
Toussaint 2009]

AlnformationTheoreticPolicySearchbare

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

APath Integral Contr([}l]eoudorouBuchli& Schaal 201Btulp

& Sigaud?2012]

AStOCh aSt| (SeaI’C H\/l eth OdS[Hansen 2012Vlannor2004]
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ModelHree policysearch

PseudeAlgorithm 3 basicsteps

Repeat
1. ExploreGenerate trajectoriesr

following the current patiey

2. EvaluateAssess quality of trajectory or actions

3. UpdateCompute new policyri+1
Until convergence

14

from trajectoaes evaluations



Taxonomyf ModelFreePolicySearchAlgorith

episodebased vs. stepased

Episodebased

Explorein parameter spacat the
beginning of an episode
0; ~ m(0;w)

A Learn a search distributior(8; w)
over the parameter space

A w... parameter vector of search
distribution

A a = 7(s;0)... deterministic control
policy

Evaluate:quality ofparameter vectors

9, by the returnsrl
T

R =", D= {g[i],R[i]}

t=1

15

StepBased

Explorein actionspaceat each time
step

a; ~ w(a|s:; 0)
A stochastic control policy

Evaluate:quality ofstate-action pairs
(sl &l by reward to come

T

1= n. D= {sll.al.0f')

h=t



Taxonomyf ModelFreePolicySearchAlgorithms

episodebased vs. stepased

Episodebased StepBased
Explorein parameter spacat the Explorein actionspaceat each time
beginning of an episode step
Evaluate:quality ofparameter vectors  Evaluate:quality ofstate-action pairs
0; by the returns Rl (s, aily by reward to comegl’
Properties: Properties:
AGeneral formulation, no Markov ALess variance in quality assessment.
assumption AMore dataefficient (in theory)

ACorrelated exploration, smooth trajectories A Jerky trajectories due to exploration

AEfficient for small parameter spaces (< 100) Acan produce unreproducible trajectories fc
AE.g. movement primitives explorationfree policy

Structureless optimization Use structure of the RL problem
sa . f-F DE h LIGA YA T S NI =decomposition in singimesteps

16



Taxonomyf ModelFreePolicySearchAlgorith

episodebased vs. stepased

Episodebased StepBased
Explorein parameterspaceat the Explorein actionspaceat eachtime
beginningof anepisode step
Evaluate qualityof parametervectors Evaluate qualityof state-actionpairs
0; bythereturns Rl (s, ally by rewardto come @l
Algorithms Algorithms
A EpisodidREP Baniel, neumann & peters, 2012 A Reinforcewiiams 1952
A PI12CMAsuipe sigaud2012) A PolicyGradient Theorem / GPOMBRR«x
Bartlett , 200}
A CMAE Sharsrs . 200 A EpisodidNaturalActor CritiCipeterse sohaal, 200:
A NE Soesta serutscmcrber 201 A 2nd OrderPolicyGradientSrumstons saer 011
A PEPGrdsicssommoo:azuo A DeterministidPolicyGradientSsiverLeveretai
A CrossEntropySearchuamoret a. 2003 2014]

17



Taxonomyf ModelFreePolicySearchAlgorith

18

$§ 4$ 3 3 33

episodebased vs. stepased

Hybrid

Explorein parameterspaceat each

time step

Evaluate qualityof state-actionpairs

(s¢),a;)by rewardto come @V’ L
Properties:

A Statedependentexploration
A Canbe reproducedby noisefree policy

Algorithms

A Powe r[Kober& Peters, 200B

A P I 2[Theoudorou Buchli& Schaal, 2010]

More recentversionf thesealgorithmsare
episodebased




ModelFree Policy Updates

Use samples o o
PES D = {01, R} or Dy = {8l aft, @}

to directly update the policy

ADifferent optimizatioomethods
AG l'ad IentS Re| nfO 'Q&iliams 1992]Natura| Actor Cfiti@eters &Schagl2003][Peters @chaalZOOG],PG PE

[Ruckstiesst al. 2009]

ASuccess matching by weighted maximum likelihBOWE Rbers peters 20081,
EpiSOdiC REFﬂﬁniel , Neumann & Peters, ZO]Bath |ntegra|Sheodorou Buchli& SchaaP010]

AEvolutionary strateqi@Snsen 2003 CroS®Ntropy mamorzoosz. X
AMany of them can be used fetep-basedandepisodebasedpolicysearch

ADifferent metricdo define the stepsize of update

AEuclidian (distance in parameter SpB@@ms 1osgrckstiesst al. 2009]
AWSEt I GA GBS 9V INRLIE 00 R pdgded doypd:onseoaA Y LINBOIF 0

[Peters etal. 2010], [Daniel, Neumann & Peters 2012]

AHeu “S“CSKober& Peters 2008TheoudoroyBuchli & Schaal,2010, Hansen et al., 2003]

ABeforediscussion of algorithmgmnalyze consequence of step size

19



ModelFree Policy Updates

AReproduce trajectories with high quality / Avoid
guality
AWe learn stochastic policies:

trajectories with low

0, ~n(0;w) a; ~ m(a|s:; 0)

Episodebased Stepbased

AUsed for exploration!
AEfficient Learningilsoupdate exploration rate
AE.g. For Gaussian policies:

AUpdatemean and covariante
AMeany : easy!
ACovariancex : hard!

20

Example: 2D parameter space




Desired Properties for the Policy Update

Desired properties:
Alnvariancdo parameter or reward transformations
ARegularize policy update
AUpdate is computed based on data

= stayclose todata!
ASmoothlearningprogress

AControllable exploraticexploitation tradeoff

CJoldpoliey | [~ ~

[ ]new policy
© samples

Conservative Up’dgte‘ A _ .. Moderate Update, Greedy update
{YIFtt dausSL) aAIgeRENFI GS GaGSLI a4 88S aadsSLy ¢
Which policy update should we use?

21



Moderate Conservative

Greedy Update

lllustration of Policy Updates

/’//,
L

ratic®  slow convergence

/4 o g
7l &

J

snall stepsize =® high explo

5 10

/ 0o

stepsize about righs» moderate exploratisp fast converger

large stepsize = exploration vanishep premature converger

22
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Metrics used for the Policy Update

()
Desired properties =
Alnvariance to parameter or rewatchnsformations §
ARegularize policy update &
AUpdate izomputed based on data ©

= Stay close to data
ASmooth learning progress o
AControllable exploraticexploitation tradeoff ‘g
AExplore Higher reward in future / Lower reward now 8
AExploit:Higher reward now / Lower reward in theure =

A2 KAOK 2yS (2 OK22aSK 52 y2i
ABut:algorithm should allow us to choose the greediness
Metric used for the policy update

ADifferentmetrics are used to define the stejzeof the update
ANeedmetric that can measure the greedin@dthe update

Greedy Update
e2

23




Outline

Taxonomy of Policy Search Algorithms

Model-FreePolicy Searchlethods

APolicy Gradients
ALikelihood GradientfREINFOR Giams, 19921 PGP Eickstiesst al, 2009]
ANaturalGradients: episodic Natural Actor CriiblAG, peters sschaal2006]

AWeighted Maximum Likelihood Approaches
ASuccesdatching Principl@obers peters2006]
Alnformation Theoretic MethodSaniel, Neumann & Peters, 2012]

AExtensions: Contextual and Hierarchical Policy Search

ModelBased Policy Search Methods
AG reedy U pd at6$)| LC@eisenroth& Rasmussen, 2011]

ABounded UpdatesodelBased RERSers atal. 2019 GuidedPolicy Search by Trajectory
Optl mizatiOﬂLevine 8Koltun 2010]
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Policy Gradients

Optimization MethodGradient Ascent
ACompute gradient from samples

Dep — { olil R[i]} or D — {8][;:]’ C'n[ei]a 1[;]}
8J9/8w = Vwa or 8.]9/80 == VQJQ
AUpdate policy parameters in the direction of the gradient

Wit1 = Wgt1 + aVdy, or Orp =0 +aVely,

A «... learning rate

25



Likelihood Policy Gradients

EpisodeBasedPolicy 6 ~ 7(0; w)
We can use theogratio trick to compute the policy gradient
1
Vlog f(z) = mvf(m) =>  Vf(z) = f(z)Vlog f(z)

Gradient of the expected return:
Vod, = Vw/W(Q;w)RgdB = /Vwﬂ(ﬂgw)RgdB

= /71'(9; w)V logm(0;w)Redb

N
~ Z Ve log m(0;; w) R
1=1
A Only needs samples!

A This gradient is callg@arameter Exploring Policy Gradient

P G P E uckstiesst al., 2009
2 6 ( a ]



FaSt AySax

217

We can alwaysubtract ébaselindbT N2 Y G KS 3INF RASY (X
N

Vodo =Y Vlogm(0i;w)(R; — b)

Why? =1

A The gradient estimate can have a high variance
A Subtractinga baseline can reduce the variance
A lts still unbiase

Ep(z:w) Ve logp(x; w)b| = b/pr(a:;w) = bV, /p(w;w) =0

Goodbaselines
A Averageeward
A but there areoptimal baselinefor eachalgorithmthat minimizethe

Varl an CaPeters & Schaal, 2006DQ¢isenroth Neumann & Peters, 2013]



Stepbased Policy GradieMethods

The returns can still hawelot of variance
- T

RQ = Z Tt
| t=1

X asit Isthe sumoverT randomvariables

0

There is less variance in the rewardsdme;
1] _ T []
Q; = Zh:t Ty

AStepbasedalgorithms can be more efficient when estimating gradient
AWe have to compute the gradiefg.J for the lowlevel policyr(a|s; )

28



Stepbased Policy Gradiehtethods

Plug inthe temporalstructureof the RLproblem

ATrajectorydistribution T
p(7;0) = p(s1) H m(ai|se; 0)p(Si+1]se, ar)

t=1

R(T) = Z Ty

= ExpectedongtermrewardJg canbe written asexpectationover
the trajectorydistribution

AReturnfor a singletrajectory:

Jo = Eyma [R(T)] = / p(r:0)R(T)dr

29



StepBased LikelihooRatio Gradient

Usingthe log-ratio trick, we arriveat

VeJo = » Velogp(r'l;0)R(r!")
i=1

Howdo wecompute Vg log p(7!%;0) ?
T

log p(T;0) Zlogw a;|s:; @) + const

Modeldependenttermscanceldueto the derivative

T
Velogp(T;0) = > Veglogm(as|s;6)

t=1

30



StepBased Policy Gradients

Plugito I O1 N)\yT
VgJ = YYVBIOgW at ‘Sta 0)R(T)

1=1 t=1
N T

T
el ()
1

t=1

J

<
4
1

)

This algorithm is called tlicEINFOR @6 licyGradientwiiams 1se

AWait... we still use the returng(r)
=® highvariance

AwWnhatdid we gain with our stepased version? Not too much vyet...

31



aAy 3 UKS NBGgIF NRa G2 -02Y

SimpleObservation:Rewardsn the pastare not correlatedwith actionsin the
future

Epry|rilog m(an|sy)] = 0,Vt < h
This observation leads to tllicy Gradient Theoregion s

N T-1 o T-1 |
VQPGJ = >4 >4 Vo logw(al[;- \sj[f’]; 0) (Z T%] + réﬂ)
i=1 t=1 h=t

N —
— S: ;: Vo log 7( a,t ]s[z] )QEL]

1=1 t=1
AThe rewards to come have less variance

ACan alsde donewith a baseline...

32



Metric In standard gradients

Ok,how canwe choosethe learningrate o ?

Metric usedfor policygradients

AStandardyradientsuseeuclidiandistance
IN parameterspaceasmetric

AEpisodebased Lo(Tga1, k) = ||[wrt1 — wi||
AStepbased Lo(Tha1, k) = ||0ks1 — 0%

Alnvarianceo rewardtransformatiors
Ahooselearningrate, suctthat Lo(mpy1, ™) <€

1
IVJ|

ANo Invariancdo parametertransformations

AEuclidiarmetric cannot capturethe greediness
of the update

AResultindearningrate: ¢, = €

33

Moderate Conservative

Greedy Update




Policiesare probabilty distributions
2WeOl vy Y SI & dzNJef diatribitians I y OS & @

BetterMetric: Relative Entropy dfullback_eiblerdivergence

KL(pllg) = 3 p(a) log 22

q(x)

N

Alnformationtheoretica R A adi | Y ®IBatwlesidistributions
AProperties:
AAlwaydarger 0: KL(pllg) = 0
AOnly 0 iff both distributionsare equal KL(p|lg) =0 p=g¢q
ANot symetrig so not a reatlistance KL(pl||q) # KL(q||p)

34



Kullback_eiblerDivergences

2 typesof KLghat canbe minimized

Moment projection: argmin KL(q||p) = argmin, > _ q(x)log

35

Apis largevhereeverqislarge
AMatchthe momentsof g with the momentsof p

ASame aMaximum Likelihoodstimate!

Bishop, 2006

q()
p(x)




KullbacK_eiblerDivergence

2 typesof KLghat canbe minimized

Information projection: argmin KL(p||q) = argmin, > p(x)log
Apiszerowhereverqis zero (zerdorcing: no wild exploration
Anot unique formostdistributions
AContainghe entropyof p: importantfor exploration

— q(x)
— p(x)

Bishop, 2006

36



KL divergences and tsher information matrix--

TheKullbacHK_eiblerdivergencecanbe approximatedy the Fishennformation
matrix(2ndorder Taylorapproximation

KL(po+aollpe) =~ AT G(0)A8
where G(80)is theFisher information matrix (FIM)
G(0) = E,[Vglogpe(x)Velogpg(x)]

=® Captures informatiohow a singleparameternnfluenceghe distribution

37



Natural Gradients

Thenaturalgradientamise Usesthe Fisher information matrxsmetric
A Finddirectionmaximallycorrelatedwith gradient
A Constraint (approximated KLshouldbe bounded

The solution to this optimization problem is given as:

A Inverseof the FIM:everyparameterhasthe sameinfluence
A Invariant to linear transformatioraf the parameter space!

38



