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Abstract— In this paper, the Deep Deterministic Policy Gradient (DDPG) reinforcement learning algorithm is employed to enable 

a double-jointed robot arm to reach continuously-changing target locations. The experimentation of the algorithm is carried out by 

training an agent to control the movement of this double-jointed robot arm. The architectures of the actor and cretic networks are 

meticulously designed and the DDPG hyperparameters are carefully tuned. An enhanced version of the DDPG is also presented to 

handle multiple robot arms simultaneously. The trained agents are successfully tested in the Unity Machine Learning Agents 

environment for controlling both a single robot arm as well as multiple simultaneous robot arms. The testing shows the robust 

performance of the DDPG algorithm for empowering robot arm maneuvering in complex environments. 
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I. INTRODUCTION 

The ɩdevelopment ɩof ɩthe ɩartificial ɩintelligence ɩfield ɩin ɩthe ɩreal-world ɩis ɩmeasured ɩby ɩthe ɩability ɩto ɩsolve ɩcomplex 

ɩcontrol ɩtasks ɩ[1][2] ɩthat ɩpossess ɩa ɩhigh ɩdimension ɩin ɩinput ɩand ɩaction ɩspaces ɩ[3][4]. ɩReinforcement ɩLearning ɩ(RL) ɩlends 

ɩitself ɩas ɩa ɩhigh-potential ɩplayer ɩin ɩthis ɩfield ɩsince ɩthe ɩadvent ɩof ɩthe ɩDeep ɩQ ɩNetwork ɩ(DQN) ɩ[5], ɩas ɩit ɩachieved ɩhuman-

level ɩperformance ɩin ɩseveral ɩearly-level ɩ2-dimensional ɩcomputer ɩgames. ɩMoreover, ɩreinforcement ɩlearning ɩhas ɩbeen 

ɩdeveloped ɩfurther ɩto ɩbeat ɩhuman-level ɩperformance ɩin ɩboard ɩgames ɩlike ɩGo ɩ[6] ɩand ɩChess ɩ[7]. ɩHowever, ɩthe ɩmentioned 

ɩgames ɩand ɩthe ɩapplied ɩalgorithms ɩstill ɩhave ɩa ɩfinite ɩnumber ɩ(although ɩsometimes ɩhuge) ɩof ɩdiscrete ɩactions. 

In ɩmost ɩcontrol ɩtasks ɩin ɩreal ɩapplications ɩ(like ɩrobotics ɩand ɩautonomous ɩdriving ɩ[8][9]), ɩcontinuous ɩaction ɩspaces ɩare 

ɩthe ɩmost ɩcommon. ɩTherefore, ɩif ɩalgorithms ɩlike ɩDQN ɩ(which ɩdepends ɩon ɩthe ɩmaximization ɩof ɩits ɩpolicy ɩvalue ɩfunction 

ɩfor ɩaction ɩselection) ɩneed ɩto ɩbe ɩapplied ɩto ɩsuch ɩcontrol ɩtasks, ɩit ɩneeds ɩto ɩgo ɩthrough ɩa ɩcomputationally ɩexpensive 

ɩoptimization ɩstep ɩor ɩa ɩcareful ɩdiscretization ɩstep ɩof ɩthe ɩaction ɩspace. ɩ ɩThe ɩmost ɩcommon ɩapproach, ɩin ɩthis ɩcase, ɩis 

ɩdiscretization, ɩhowever, ɩit ɩshows ɩon ɩseveral ɩoccasions ɩthat ɩit ɩis ɩan ɩinsufficient ɩapproximation ɩparticularly ɩin ɩhigh-

dimensional ɩconfigurations ɩor ɩin ɩdelicate ɩcases ɩthat ɩrequires ɩvery ɩfine ɩand ɩprecise ɩcontrol ɩactions. ɩConsequently, ɩa ɩmore 

ɩlogical ɩapproach ɩis ɩexploited ɩthat ɩdepends ɩon ɩthe ɩexplicit ɩparameterization ɩof ɩa ɩcertain ɩpolicy ɩand ɩoptimizing ɩits ɩlong-

term ɩvalue ɩwhile ɩfollowing ɩthis ɩpolicy. ɩThe ɩmethods ɩthat ɩfollow ɩthis ɩapproach ɩare ɩreferred ɩto ɩas ɩPolicy-Based ɩMethods 

ɩ(PBM) ɩ[10]. 

In ɩthis ɩwork, ɩthe ɩfocus ɩwill ɩbe ɩon ɩthe ɩPBMs ɩand ɩits ɩsubcategory ɩPolicy ɩGradient ɩMethods ɩ(PGM) ɩ[11]. ɩSeveral 

ɩresearch ɩendeavors ɩhave ɩbeen ɩconducted ɩto ɩexplore ɩfurther ɩand ɩenhance ɩPBMs ɩand ɩPGMs ɩalgorithms. ɩExamples ɩlike 

ɩREINFORCE ɩAlgorithm ɩ[12], ɩProximal ɩPolicy ɩOptimization ɩ(PPO) ɩalgorithms ɩ[13], ɩAsynchronous ɩAdvantage ɩActor-Critic 

ɩ(A3C) ɩalgorithms ɩ[14], ɩAdvantage ɩActor-Critic ɩ(A2C) ɩalgorithms ɩ[15], ɩGeneralized ɩAdvantage ɩEstimation ɩ(GAE) 

ɩalgorithms ɩ[16], ɩTrust ɩRegion ɩPolicy ɩOptimization ɩ(TRPO) ɩalgorithm ɩ[17], ɩTruncated ɩNatural ɩPolicy ɩGradient ɩ(TNPG) 
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ɩalgorithm ɩ[17], ɩDeep ɩDeterministic ɩPolicy ɩGradient ɩ(DDPG) ɩalgorithms ɩ[17][18], ɩand ɩDistributed ɩDistributional ɩDeep 

ɩDeterministic ɩPolicy ɩGradients ɩ(D4PG) ɩ[19] ɩwhich ɩintegrates ɩseveral ɩmodifications ɩto ɩthe ɩDDPG ɩalgorithm. 

To ɩɩbe ɩɩmore ɩɩspecific, ɩthe ɩDDPG ɩreinforcement ɩlearning ɩalgorithm ɩ[17] ɩis ɩmainly ɩconsidered ɩin ɩthis ɩwork. ɩThe 

ɩfundamental ɩoperation ɩof ɩDDPG ɩis ɩbased ɩon ɩan ɩoff-policy ɩactor-critic ɩprinciple, ɩin ɩwhich ɩthe ɩupdate ɩof ɩthe ɩactor-network 

ɩparticularly ɩdepends ɩon ɩa ɩlearned ɩcritic ɩonly. ɩTherefore, ɩany ɩenhancements ɩto ɩthe ɩcritic ɩlearning ɩprocess ɩwill ɩpositively 

ɩaffect ɩthe ɩupdates ɩof ɩthe ɩactor. ɩDDPG ɩis ɩa ɩmodel-free ɩapproach ɩthat ɩcan ɩlearn ɩcompetitive ɩpolicies ɩusing ɩlow-dimensional 

ɩobservations ɩ(e.g. ɩCartesian ɩcoordinates ɩor ɩjoint ɩangles ɩof ɩa ɩmulti-joint ɩrobot ɩarm). 

The ɩDDPG ɩalgorithm ɩis ɩimplemented ɩusing ɩdeep ɩlearning ɩto ɩrealize ɩa ɩdeterministic ɩpolicy, ɩin ɩwhich ɩthe ɩActor-Critic 

ɩframework ɩis ɩemployed. ɩThe ɩoutput ɩof ɩthe ɩpolicy ɩis ɩnot ɩthe ɩprobability ɩof ɩaction ɩbut ɩa ɩcertain ɩaction. ɩAs ɩa ɩresult, ɩthe 

ɩsampled ɩdata ɩis ɩreduced ɩand ɩDDPG ɩcan ɩguarantee ɩthe ɩcontinuity ɩand ɩthe ɩsmoothness ɩof ɩthe ɩjoint ɩmovement. ɩ 

The ɩmain ɩpurpose ɩof ɩthe ɩwork ɩin ɩthis ɩpaper ɩis ɩto ɩadopt ɩthe ɩDDPG ɩalgorithm ɩto ɩsolve ɩcontrol ɩproblems ɩthat ɩallow ɩthe 

ɩsuccessful ɩmanipulation ɩof ɩa ɩrobot ɩarm ɩwith ɩmultiple ɩjoints, ɩand ɩmultiple ɩdegrees ɩof ɩfreedom ɩto ɩreach ɩand ɩgrasp ɩa ɩball 

ɩthat ɩmoves ɩrandomly ɩin ɩa ɩ3D ɩspace ɩas ɩshown ɩin ɩFig. 1. ɩ 

The ɩprocess ɩof ɩfinding ɩthe ɩmost ɩappropriate ɩactor ɩand ɩcretic ɩtopologies ɩwill ɩbe ɩpresented. ɩThe ɩfinal ɩinternal ɩstructures 

ɩof ɩthe ɩactor ɩand ɩcritic ɩnetworks ɩwill ɩbe ɩdescribed ɩin ɩdetail, ɩand ɩthe ɩtuning ɩof ɩthe ɩhyperparameters ɩwill ɩbe ɩalso ɩexplained. 

ɩThe ɩtraining ɩresults ɩare ɩdemonstrated ɩwith ɩdiscussion. ɩTesting, ɩevaluation, ɩconcluding ɩremarks ɩand ɩfuture ɩwork ɩwill ɩbe 

ɩpresented ɩas ɩwell. 

 

 

Fig. 1. The ɩMultiple-Agent ɩTennis ɩEnvironment. 

II. OVERVIEW ƖOF ƖTHE ƖDDPG ƖALGORITHM 

In ɩthe ɩtypical ɩreinforcement ɩlearning ɩsetup, ɩan ɩagent ɩinteracts ɩwith ɩa ɩcertain ɩenvironment ɩin ɩdiscrete ɩtime. ɩ ɩAt ɩeach 

ɩtime ɩstep ɩt, ɩthe ɩagent ɩmakes ɩobservations ɩ𝑥𝑥𝑡𝑡 ∈ Χ ɩtakes ɩaction ɩ𝑎𝑎𝑡𝑡 ∈ Α, ɩand ɩreceives ɩreward ɩ𝑟𝑟(𝑥𝑥𝑡𝑡 ,𝑎𝑎𝑡𝑡) ∈ ℝ. ɩThe ɩsetup 

ɩenvironment ɩhas ɩa ɩreal ɩaction ɩspace ɩΑ ∈ ℝ𝑑𝑑. 

The ɩcontrol ɩof ɩthe ɩagent ɩbehavior ɩis ɩcarried ɩout ɩusing ɩa ɩpolicy ɩ𝜋𝜋:Χ → Α ɩthat ɩmaps ɩeach ɩobservation ɩto ɩaction. ɩThe 

ɩexpected ɩreturn ɩis ɩdescribed ɩusing ɩthe ɩstate-action ɩvalue ɩfunction ɩ𝑄𝑄𝜋𝜋(𝑎𝑎, 𝑥𝑥), ɩunder ɩthe ɩcondition ɩof ɩfirst ɩtaking ɩan ɩarbitrary 

ɩaction ɩ𝑎𝑎 ∈ Α ɩfrom ɩa ɩcertain ɩstate ɩ𝑥𝑥 ∈ Χ ɩand ɩsubsequently ɩacting ɩaccording ɩto ɩ𝜋𝜋. ɩHence, ɩthe ɩvalue ɩfunction ɩis ɩdefined ɩas ɩ 

𝑄𝑄𝜋𝜋(𝑎𝑎, 𝑥𝑥) = 𝔼𝔼 ��𝛾𝛾𝑡𝑡𝑟𝑟(𝑥𝑥𝑡𝑡 ,𝑎𝑎𝑡𝑡)
∞

𝑡𝑡=0

� (1) 

where ɩ𝑥𝑥0 = 𝑥𝑥, ɩ ɩ𝑎𝑎0 = 𝑎𝑎, ɩ ɩ𝑎𝑎𝑡𝑡 = 𝜋𝜋(𝑥𝑥𝑡𝑡), 𝑥𝑥𝑡𝑡 ∼ 𝑝𝑝(. |𝑥𝑥𝑡𝑡−1,𝑎𝑎𝑡𝑡−1) ɩis ɩthe ɩtransition ɩkernel ɩ(probability) ɩto ɩnext ɩstate, ɩand ɩ𝛾𝛾 ∈ [0,1] 

ɩis ɩthe ɩdiscount ɩfactor. ɩThe ɩquality ɩof ɩa ɩpolicy ɩis ɩcommonly ɩevaluated ɩusing ɩEq. ɩ(1). ɩEven ɩthough ɩit ɩis ɩpossible ɩto ɩderive 

ɩan ɩupdated ɩpolicy ɩfrom ɩ𝑄𝑄𝜋𝜋. ɩHowever, ɩsuch ɩan ɩapproach ɩtypically ɩrequires ɩmaximizing ɩthe ɩvalue ɩfunction ɩwith ɩrespect ɩto 



ɩ𝑎𝑎 ɩand ɩis ɩmade ɩcomplicated ɩby ɩthe ɩexistence ɩof ɩcontinuous ɩaction ɩspace. ɩInstead, ɩa ɩparametrized ɩpolicy ɩ𝜋𝜋𝜃𝜃 ɩis ɩformed ɩand 

ɩthe ɩexpected ɩvalue ɩof ɩthis ɩpolicy ɩis ɩmaximized ɩby ɩoptimizing ɩthe ɩobjective ɩfunction ɩ𝐽𝐽(𝜃𝜃) = 𝔼𝔼�𝑄𝑄𝜋𝜋𝜃𝜃�𝑥𝑥,𝜋𝜋𝜃𝜃(𝑥𝑥)�� . ɩBy 

ɩincorporating ɩthe ɩdeterministic ɩpolicy ɩgradient ɩtheorem ɩ[19], ɩthe ɩgradient ɩof ɩthis ɩobjective ɩfunction ɩis ɩcomposed ɩas ɩ 

∇𝜃𝜃𝐽𝐽(𝜃𝜃) ≈ 𝔼𝔼𝜌𝜌�∇𝜃𝜃𝜋𝜋𝜃𝜃(𝑥𝑥)∇𝑎𝑎𝑄𝑄𝜋𝜋𝜃𝜃(𝑥𝑥,𝑎𝑎)|𝑎𝑎=𝜋𝜋𝜃𝜃(𝑥𝑥)� (2) 

where ɩ𝜌𝜌 ɩis ɩthe ɩstate-visitation ɩdistribution ɩassociated ɩwith ɩsome ɩbehavior ɩpolicy. ɩThe ɩbehavior ɩpolicy ɩis ɩdifferent ɩthan ɩthe 

ɩpolicy ɩ𝜋𝜋, ɩconsequently, ɩit ɩis ɩpossible ɩto ɩevaluate ɩthe ɩbehavior ɩpolicy ɩ𝜌𝜌 ɩfrom ɩdata ɩgathered ɩoff-policy. ɩThe ɩgradient ɩgiven 

ɩby ɩEq. ɩ(2) ɩcan ɩbe ɩapproximated ɩand ɩmodeled ɩusing ɩa ɩparameterized ɩcritic ɩ𝑄𝑄𝑤𝑤(𝑥𝑥, ɩ𝑎𝑎), ɩas ɩthe ɩexact ɩgradient ɩassumes ɩaccess 

ɩto ɩthe ɩtrue ɩvalue ɩof ɩthe ɩcurrent ɩpolicy ɩwhich ɩis ɩunreachable. ɩ 

By ɩintroducing ɩthe ɩBell ɩoperator 

(Τ𝜋𝜋𝑄𝑄)(𝑥𝑥,𝑎𝑎) = 𝑟𝑟(𝑥𝑥,𝑎𝑎) + 𝛾𝛾𝔼𝔼�𝑄𝑄�𝑥𝑥′,𝜋𝜋(𝑥𝑥′)�|𝑥𝑥, ɩ𝑎𝑎� (3) 

which ɩinclude ɩan ɩexpectation ɩvalue ɩcalculated ɩwith ɩrespect ɩto ɩthe ɩnext ɩstate ɩ𝑥𝑥′, ɩthe ɩTemporal ɩDifference ɩ(TD) ɩerror ɩcan 

ɩbe ɩminimized. ɩTD ɩis ɩthe ɩdifference ɩbetween ɩthe ɩvalue ɩfunction ɩbefore ɩand ɩafter ɩthe ɩapplication ɩof ɩthe ɩBellman ɩupdate. 

ɩUsually, ɩthe ɩTD ɩerror ɩis ɩevaluated ɩunder ɩseparate ɩtarget ɩpolicy ɩand ɩvalue ɩnetworks, ɩ(i.e. ɩnetworks ɩwith ɩseparate 

ɩparameters ɩ(𝜃𝜃′,𝑤𝑤′)), ɩto ɩstabilize ɩthe ɩlearning ɩprocess. ɩBy ɩtaking ɩthe ɩtwo-norm ɩof ɩthis ɩerror ɩwe ɩcan ɩwrite ɩthe ɩresulting 

ɩloss ɩas 

𝐿𝐿(𝑤𝑤) = 𝔼𝔼𝜌𝜌 ��𝑄𝑄𝑤𝑤(𝑥𝑥,𝑎𝑎) − �𝑇𝑇𝜋𝜋𝜃𝜃 ,𝑄𝑄𝑤𝑤′�(𝑥𝑥,𝑎𝑎)�
2
� (4) 

In ɩpractice, ɩthe ɩtarget ɩnetworks ɩwill ɩbe ɩperiodically ɩreplaced ɩwith ɩcopies ɩof ɩthe ɩcurrent ɩnetwork ɩweights. ɩUltimately, 

ɩby ɩtraining ɩa ɩdeep ɩneural ɩnetwork ɩthat ɩrepresents ɩthe ɩpolicy ɩusing ɩthe ɩdeterministic ɩpolicy ɩgradient ɩin ɩEq. ɩ(2) ɩand 

ɩtraining ɩanother ɩdeep ɩneural ɩto ɩminimize ɩthe ɩTD ɩerror ɩin ɩEq. ɩ(4), ɩthe ɩDeep ɩDeterministic ɩPolicy ɩGradient ɩ(DDPG) 

ɩalgorithm ɩ[17] ɩis ɩobtained ɩas ɩillustrated ɩin ɩFig. 2. ɩThe ɩactor ɩproduces ɩan ɩaction ɩgiven ɩthe ɩcurrent ɩstate ɩof ɩthe 

ɩenvironment, ɩand ɩthe ɩcritic ɩproduces ɩa ɩTD ɩerror ɩsignal ɩgiven ɩthe ɩstate ɩand ɩresultant ɩreward. ɩFor ɩthe ɩcritic ɩto ɩestimate 

ɩthe ɩaction-value ɩfunction, ɩit ɩneeds ɩto ɩacquire ɩthe ɩoutput ɩof ɩthe ɩactor ɩas ɩone ɩof ɩits ɩinputs. ɩTherefore, ɩthe ɩcritic ɩuses ɩthe 

ɩnext-state ɩvalue ɩ(TD ɩtarget) ɩthat ɩis ɩgenerated ɩfrom ɩthe ɩcurrent ɩaction ɩby ɩthe ɩgiven ɩenvironment. ɩThe ɩoutput ɩof ɩthe ɩcritic 

ɩdrives ɩthe ɩlearning ɩprocess ɩin ɩboth ɩthe ɩactor ɩand ɩthe ɩcritic. 

 

Fig. 2. The ɩworkflow ɩof ɩthe ɩDDPG ɩalgorithm. 

To ɩfurther ɩenhance ɩthe ɩDDPG ɩalgorithm, ɩthe ɩsample-based ɩapproximation ɩto ɩits ɩgradients ɩis ɩpreferably ɩemployed ɩby 

ɩusing ɩdata ɩgathered ɩin ɩsome ɩreplay ɩtables ɩas ɩit ɩshows ɩbetter ɩconvergence. ɩ 



Next, ɩa ɩmodification ɩto ɩthe ɩDDPG ɩupdate ɩis ɩconsidered ɩin ɩwhich ɩit ɩutilizes ɩN-step ɩreturns ɩwhen ɩestimating ɩthe ɩTD 

ɩerror. ɩThis ɩcan ɩbe ɩseen ɩas ɩreplacing ɩthe ɩBellman ɩoperator ɩΤ𝜋𝜋𝑁𝑁 ɩwith ɩan ɩN-step ɩvariant ɩas ɩfollows: 

(Τ𝜋𝜋𝑁𝑁𝑄𝑄)(𝑥𝑥𝑜𝑜,𝑎𝑎𝑜𝑜) = 𝑟𝑟(𝑥𝑥𝑜𝑜,𝑎𝑎𝑜𝑜)

+ 𝔼𝔼 �� 𝛾𝛾𝑛𝑛𝑟𝑟(𝑥𝑥𝑛𝑛,𝑎𝑎𝑛𝑛)
𝑁𝑁−1

𝑛𝑛=1

+ 𝛾𝛾𝑁𝑁𝑄𝑄�𝑥𝑥𝑁𝑁,𝜋𝜋(𝑥𝑥𝑁𝑁)�|𝑥𝑥𝑜𝑜,𝑎𝑎𝑜𝑜� 

(8) 

where ɩthe ɩexpectation ɩis ɩwith ɩrespect ɩto ɩthe ɩN-step ɩtransition ɩdynamics. ɩThe ɩprocess ɩof ɩgathering ɩexperience ɩis 

ɩdistributed ɩby ɩmodifying ɩthe ɩstandard ɩtraining ɩprocedure. ɩAs ɩper ɩEq. ɩ(2) ɩand ɩ(4), ɩthe ɩactor ɩand ɩcritic ɩupdates ɩrely ɩon 

ɩsampling ɩfrom ɩsome ɩstate-visitation ɩwith ɩdistribution ɩ𝜌𝜌. ɩNevertheless, ɩas ɩa ɩsignificant ɩenhancement ɩincluded ɩin ɩthe 

ɩD4PG ɩalgorithm ɩ[19], ɩthe ɩprocess ɩof ɩgathering ɩexperience ɩcan ɩbe ɩparallelized ɩby ɩwriting ɩto ɩthe ɩsame ɩreply ɩtable ɩin 

ɩparallel ɩby ɩusing ɩK ɩindependent ɩactors. ɩMoreover, ɩduring ɩthe ɩlearning ɩprocess, ɩthe ɩtraining ɩalgorithm ɩcan ɩthen ɩsample 

ɩfrom ɩthe ɩpreviously ɩconstructed ɩreplay ɩtable ɩof ɩsize ɩR ɩand ɩperform ɩthe ɩnecessary ɩnetwork ɩupdates ɩusing ɩthis ɩdata. 

ɩFurthermore, ɩthe ɩsampling ɩcan ɩbe ɩcarried ɩout ɩusing ɩnon-uniform ɩpriorities ɩ𝑝𝑝𝑖𝑖 ɩas ɩin ɩ[20]. ɩHowever, ɩthis ɩrequires ɩthe ɩuse 

ɩof ɩwhat ɩis ɩcalled ɩ“importance ɩsampling”, ɩwhich ɩis ɩimplemented ɩby ɩweighting ɩthe ɩcritic ɩupdate ɩby ɩa ɩfactor ɩof ɩ1/𝑅𝑅𝑝𝑝𝑖𝑖. 

The ɩactor ɩ(the ɩpolicy ɩfunction) ɩand ɩcritic ɩ(the ɩvalue ɩfunction) ɩparameters ɩare ɩupdated ɩusing ɩstochastic ɩgradient ɩdescent 

ɩwith ɩlearning ɩrates, ɩ𝛼𝛼𝑖𝑖  ɩand ɩ𝛽𝛽𝑖𝑖  ɩrespectively, ɩwhich ɩare ɩadjusted ɩonline ɩusing ɩADAM ɩ[21] ɩfor ɩT ɩiterations ɩin ɩthe ɩepisode. 

III. THE ƖSETUP ƖOF ƖTHE ƖENVIRONMENT 

The ɩsimulation ɩenvironment ɩfor ɩtraining, ɩtesting, ɩand ɩevaluating ɩthe ɩDDPG ɩRL ɩalgorithm ɩis ɩbuilt ɩusing ɩUnity 

ɩTechnologies [22]. ɩTwo ɩversions ɩof ɩthe ɩenvironment ɩhave ɩbeen ɩdeployed: 

1. The ɩ1st ɩversion ɩincludes ɩonly ɩa ɩsingle ɩdouble-jointed ɩrobot ɩarm. ɩThis ɩenvironment ɩshould ɩbe ɩsolved ɩusing ɩa ɩsingle 

ɩagent ɩtrained ɩusing ɩa ɩdesigned ɩDeep ɩDeterministic ɩPolicy ɩGradient ɩ(DDPG) ɩalgorithm ɩ[16]. ɩThe ɩtraining ɩtask ɩis 

ɩepisodic, ɩand ɩto ɩsolve ɩthis ɩenvironment, ɩthe ɩagent ɩmust ɩget ɩat ɩleast ɩan ɩaverage ɩscore ɩof ɩ+30 ɩover ɩ100 ɩconsecutive 

ɩepisodes. 

2. The ɩ2nd ɩversion ɩis ɩthe ɩ20 ɩdouble-jointed ɩarms ɩsimilar ɩto ɩthe ɩone ɩshown ɩin ɩFig. 1. ɩThis ɩenvironment ɩwill ɩbe ɩsolved 

ɩusing ɩ20 ɩagents ɩtrained ɩsimultaneously ɩusing ɩthe ɩdesigned ɩDistributed ɩDistributional ɩDeep ɩDeterministic ɩPolicy 

ɩGradients ɩ(D4PG) ɩ[19] ɩas ɩit ɩuses ɩmultiple ɩ(noninteracting, ɩparallel) ɩcopies ɩof ɩthe ɩsame ɩagent ɩto ɩdistribute ɩthe ɩtask ɩof 

ɩgathering ɩexperience. ɩThe ɩbarrier ɩfor ɩsolving ɩthis ɩenvironment ɩis ɩslightly ɩdifferent, ɩto ɩtake ɩinto ɩaccount ɩthe ɩpresence 

ɩof ɩmany ɩagents ɩ(20 ɩin ɩthis ɩcase). ɩIn ɩparticular, ɩthe ɩagents ɩmust ɩget ɩan ɩaverage ɩscore ɩof ɩ+30 ɩ(over ɩ100 ɩconsecutive 

ɩepisodes, ɩand ɩincluding ɩall ɩthe ɩagents). ɩAfter ɩeach ɩepisode, ɩand ɩto ɩget ɩa ɩscore ɩfor ɩeach ɩagent, ɩthe ɩrewards ɩare ɩadded 

ɩup ɩfor ɩeach ɩagent ɩseparately ɩ(without ɩdiscounting). ɩThis ɩyields ɩ20 ɩ(potentially ɩdifferent) ɩscores. ɩThen ɩthe ɩaverage ɩof 

ɩthese ɩ20 ɩscores ɩis ɩtaken. ɩThis ɩyields ɩan ɩaverage ɩscore ɩfor ɩeach ɩepisode ɩ(where ɩthe ɩaverage ɩis ɩincluding ɩall ɩthe ɩ20 

ɩagents). 

The ɩobservation ɩspace ɩconsists ɩof ɩ33 ɩvariables ɩcorresponding ɩto ɩthe ɩposition, ɩrotation, ɩvelocity, ɩand ɩangular ɩvelocities 

ɩof ɩthe ɩrobot ɩarm. ɩEach ɩaction ɩis ɩa ɩvector ɩwith ɩfour ɩnumbers, ɩcorresponding ɩto ɩtorque ɩapplicable ɩto ɩtwo ɩjoints. ɩEvery ɩentry 

ɩin ɩthe ɩaction ɩvector ɩshould ɩbe ɩa ɩnumber ɩbetween ɩ-1 ɩand ɩ1. ɩIn ɩother ɩwords, ɩthe ɩstate ɩspace ɩfor ɩthis ɩexperiment ɩconsists ɩof 

ɩ11 ɩcontinuous ɩ3-dimensional ɩvectors ɩrepresenting ɩthe ɩposition, ɩrotation, ɩvelocity, ɩand ɩangular ɩvelocities ɩof ɩthe ɩtwo ɩparts 



ɩof ɩa ɩvirtual ɩ"Reacher" ɩarm, ɩalong ɩwith ɩthe ɩposition ɩof ɩthe ɩ"hand" ɩand ɩthe ɩposition ɩand ɩspeed ɩof ɩthe ɩgoal ɩsphere. ɩThe ɩgoal 

ɩsphere ɩis ɩprogrammed ɩto ɩcircle ɩaround ɩthe ɩarm ɩ(within ɩthe ɩX-Y ɩplanes, ɩwith ɩmultiple ɩZ ɩvalues). 

The ɩaction ɩspace ɩis ɩa ɩvector ɩwith ɩfour ɩnumbers, ɩclamped ɩbetween ɩ-1 ɩand ɩ1, ɩcorresponding ɩto ɩthe ɩX ɩand ɩZ ɩtorques 

ɩapplicable ɩto ɩthe ɩtwo ɩjoints ɩof ɩthe ɩarm ɩ("shoulder" ɩand ɩ"elbow"). ɩFig. 1 ɩshows ɩa ɩversion ɩof ɩthe ɩenvironment ɩwith ɩ10 ɩarms 

ɩfollow ɩthe ɩgoal ɩspheres ɩmovements. 

A ɩreward ɩof ɩ+0.1 ɩis ɩprovided ɩfor ɩeach ɩstep ɩthat ɩthe ɩagent's ɩhand ɩis ɩin ɩthe ɩgoal ɩlocation. ɩThus, ɩthe ɩgoal ɩof ɩyour ɩagent 

ɩis ɩto ɩmaintain ɩits ɩposition ɩat ɩthe ɩtarget ɩlocation ɩfor ɩas ɩmany ɩtime ɩsteps ɩas ɩpossible.  

IV. EXPERIMENTATIONS ƖAND ƖRESULTS 

The ɩDDPG ɩalgorithm ɩis ɩimplemented ɩfor ɩthe ɩ“Single ɩArm” ɩenvironment ɩand ɩthe ɩD4PG ɩis ɩimplemented ɩfor ɩthe ɩ“20-

Arms” ɩenvironment, ɩusing ɩseveral ɩactor-critic ɩtopologies ɩand ɩsizes, ɩand ɩthe ɩtraining ɩis ɩperformed ɩseparately ɩfor ɩeach 

ɩversion. ɩAfter ɩextensive ɩtrials, ɩTABLE I. presents ɩsamples ɩof ɩthese ɩtraining ɩresults ɩwhich ɩshow ɩclearly ɩthat ɩthe ɩsize ɩof ɩthe 

ɩDDPG ɩand ɩD4PG ɩnetworks ɩdoes ɩnot ɩhave ɩto ɩbe ɩbig ɩto ɩachieve ɩhigher ɩperformance, ɩon ɩthe ɩcontrary, ɩthe ɩsmall-size 

ɩnetworks ɩ(#3) ɩshow ɩsignificantly ɩfaster ɩand ɩbetter ɩperformance ɩthan ɩthe ɩbig ɩones ɩ(#1, ɩ#2 ɩand ɩ#4). ɩNevertheless, ɩit ɩis 

ɩneeded ɩto ɩmention ɩhere ɩthat ɩall ɩthe ɩnetworks ɩare ɩtrained ɩwith ɩthe ɩhyperparameters ɩlisted ɩin ɩTABLE II.  

Employing ɩthe ɩGPU ɩ(NVIDIA ɩTesla ɩK80, ɩ13GB ɩRAM) ɩ[23] ɩinstead ɩof ɩthe ɩCPU ɩ(Intel ɩXeon ɩProcessor ɩ@2.3GHz ɩ(1 

ɩcore, ɩ2 ɩthreads), ɩ13GB ɩRAM) ɩhas ɩreduced ɩthe ɩtraining ɩtime ɩby ɩalmost ɩ50%, ɩas ɩdemonstrated ɩby ɩcomparing ɩcases ɩ(#7 ɩand 

ɩ#8) ɩwith ɩcases ɩ(#5 ɩand ɩ#6). 

During ɩtraining, ɩboth ɩthe ɩDDPG ɩand ɩD4PG ɩalgorithms ɩemploy ɩthe ɩOrnstein-Uhlenbeck ɩProcess ɩ(OUP) ɩ[24] ɩto ɩimprove 

ɩthe ɩexploration ɩphase. ɩIt ɩgenerates ɩtemporally ɩcorrelated ɩnoise ɩcentered ɩaround ɩ“0” ɩto ɩexplore ɩwell ɩin ɩphysical 

ɩenvironments ɩthat ɩhave ɩmomentum. ɩThe ɩOUP ɩis ɩused ɩwith ɩθ ɩ= ɩ0.15 ɩand ɩσ ɩ= ɩ0.2 ɩas ɩin ɩ[25]. ɩ ɩ 

 TRAINING ƖRESULTS ƖFOR ƖDIFFERENT ƖDDPG Ɩ& ƖD4PG ƖTOPOLOGIES. 

# Version Size #EP* 
Training 

ɩTime 
Comment 

1 
1-Arm 

DDPG 

Actor: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ128 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ64 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ4 

 

Critic: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ128 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ64 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ1 

2493 981.9 ɩmin With ɩCPU 

2 
1-Arm 

DDPG 

Actor: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ256 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ128 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ4 

Critic: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

3006 907.8 ɩmin With ɩCPU 



1st ɩHidden ɩLayer: ɩ ɩ ɩ256 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ128 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ1 

3 
1-Arm 

DDPG 

Actor: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ128 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ64 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ4 

Critic: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ ɩ64 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ32 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ1 

1290 610.8 ɩmin With ɩCPU 

4 
1-Arm 

DDPG 

Actor: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ128 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ64 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ4 

Critic: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ ɩ96 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ48 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ1 

4470 902.7 ɩmin With ɩCPU 

5 
20-Arms 

D4PG 

Actor: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ128 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ64 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ4 

Critic: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ ɩ96 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ48 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ1 

181 64.5 ɩmin With ɩCPU 

6 
20-Arms 

D4PG 

Actor: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ450 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ450 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ4 

Critic: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ ɩ250 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ250 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ1 

133 81.2 ɩmin With ɩCPU 

7 
20-Arms 

D4PG 
Actor: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 
136 43.3 ɩmin With ɩGPU 



1st ɩHidden ɩLayer: ɩ ɩ ɩ350 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ350 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ4 

Critic: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ ɩ250 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ250 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ1 

8 
20-Arms 

D4PG 

Actor: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ400 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ300 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ4 

Critic: 

Input ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ33 

1st ɩHidden ɩLayer: ɩ ɩ ɩ ɩ400 ɩ ɩ 

2nd ɩHidden ɩLayer: ɩ ɩ ɩ300 

Output ɩLayer: ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ ɩ1 

127 41.3 ɩmin With ɩGPU 

    *Number ɩof ɩEpisodes ɩto ɩreach ɩ30. 

 HYPER-PARAMETERS ƖVALUES. 

Hyperparameter Value 

Replay ɩBuffer ɩSize 100,000 

Batch ɩSize 128 

Discount ɩFactor ɩ(𝛾𝛾) 0.97 

Soft-update ɩfor ɩTarget ɩParameters ɩ(𝜏𝜏) 0.001 

Learning ɩRate ɩ(Actor) 0.0001 

Learning ɩRate ɩ(Critic) 0.001 

Weight ɩDecay 0.000 

Update ɩEvery ɩ(only ɩfor ɩ1-Arm) 12 ɩSamples 

 

Fig. 3 ɩand ɩFig. 4 ɩdepict ɩthe ɩtraining ɩperformance ɩof ɩthe ɩDDPG ɩ& ɩD4PG ɩfor ɩ1-Arm ɩand ɩ20-Arms ɩenvironments 

ɩrespectively ɩto ɩreach ɩthe ɩgoal ɩof ɩ“a ɩscore ɩof ɩ30 ɩfor ɩthe ɩ100-episode ɩaverage”. ɩIn ɩboth ɩcases, ɩthe ɩtraining ɩadvanced 

ɩsmoothly ɩto ɩreach ɩthe ɩtarget ɩscore. ɩ 

The ɩD4PG ɩalgorithm ɩshows ɩimpressive ɩperformance ɩif ɩcompared ɩto ɩthat ɩof ɩthe ɩDDPG. ɩThe ɩtraining ɩtime ɩof ɩD4PG 

ɩrepresents ɩon ɩaverage ɩ8.6% ɩof ɩthe ɩtraining ɩtime ɩof ɩthe ɩDDPG, ɩeven ɩthough ɩthe ɩnumber ɩof ɩiterations ɩin ɩboth ɩalgorithms 

ɩis ɩalmost ɩthe ɩsame ɩ(the ɩaverage ɩis ɩ2815 ɩfor ɩDDPG ɩand ɩ2885 ɩfor ɩD4PG), ɩnoting ɩthat ɩeach ɩD4PG ɩiteration ɩis ɩequivalent 

ɩto ɩ20 ɩiterations ɩof ɩthe ɩDDPG. ɩAs ɩhas ɩbeen ɩexplained ɩbefore, ɩthe ɩmain ɩdifference ɩbetween ɩthe ɩtwo ɩalgorithms ɩis ɩthat ɩthe 

ɩD4PG ɩuses ɩK ɩparallel ɩactors ɩ(K=20) ɩlearning ɩsimultaneously ɩfrom ɩdata ɩsampled ɩfrom ɩa ɩshared ɩexperience ɩreply ɩbuffer 

ɩ(distributed ɩlearning). 

After ɩthe ɩtraining ɩphase ɩis ɩaccomplished, ɩboth ɩthe ɩDDPG ɩand ɩD4PG ɩalgorithms ɩare ɩtested ɩon ɩ1-Arm ɩand ɩ20-Arms 

ɩenvironments ɩrespectively ɩusing ɩa ɩdifferent ɩseed ɩ(equals ɩ2). ɩThe ɩnetwork ɩwas ɩalready ɩtrained ɩwith ɩa ɩseed ɩ(0). ɩ ɩFig. 5 ɩand 

ɩFig. 6 ɩpresent ɩthe ɩcode ɩsnippets ɩand ɩthe ɩtesting ɩresults, ɩshowing ɩthat ɩan ɩepisode ɩof ɩ1000 ɩtime ɩsteps ɩscored ɩ“38.59” ɩand 

ɩ“37.1” ɩrespectively. ɩMore ɩextensive ɩexperimentation ɩproduces ɩthe ɩsame ɩrobust ɩperformance ɩfor ɩboth ɩalgorithms. ɩ 



 

Fig. 3. Training ɩPerformance ɩof ɩthe ɩDDPG ɩ(#1) ɩto ɩreach ɩa ɩ30.0 ɩscore. 

 

Fig. 4. Training ɩPerformance ɩof ɩthe ɩD4PG ɩ(#6) ɩto ɩreach ɩa ɩ30.0 ɩscore. 

 
Fig. 5. Testing ɩPerformance ɩof ɩthe ɩDDPG ɩ(#1) ɩfor ɩan ɩIndividual ɩRandom ɩEpisode. 



 

Fig. 6. Testing ɩPerformance ɩof ɩthe ɩD4PG ɩ(#6) ɩfor ɩan ɩIndividual ɩRandom ɩEpisode. 

V. CONCLUSION 

The ɩDDPG ɩand ɩD4PG ɩreinforcement ɩlearning ɩalgorithms ɩare ɩused ɩto ɩtrain ɩa ɩdouble-jointed ɩrobotic ɩarm ɩto ɩreach ɩan 

ɩobject ɩmoving ɩin ɩa ɩ3-D ɩspace ɩaround ɩthe ɩarm. ɩThe ɩDDPG ɩis ɩused ɩto ɩtrain ɩa ɩsingle ɩarm ɩwhile ɩthe ɩD4PG ɩis ɩused ɩto ɩtrain 

ɩmultiple ɩarms ɩsimultaneously. ɩThe ɩD4PG ɩis ɩan ɩimproved ɩversion ɩof ɩthe ɩDDPG ɩthat ɩuses ɩmultiple ɩindependent ɩactors 

ɩlearning ɩtogether ɩin ɩparallel ɩand ɩwrite ɩtogether ɩto ɩa ɩshared ɩexperience ɩreply ɩbuffer. ɩThis ɩimprovement ɩallows ɩbuilding 

ɩmodels ɩthat ɩcommand ɩmultiple ɩrobot ɩarms ɩinstead ɩof ɩone. ɩThis ɩimprovement ɩas ɩwell ɩshows ɩsuperior ɩlearning 

ɩperformance ɩas ɩit ɩreduced ɩthe ɩtraining ɩtime ɩby ɩalmost ɩ90% ɩwith ɩa ɩhighly ɩreduced ɩnumber ɩof ɩtraining ɩepisodes. ɩHowever, 

ɩtesting ɩthe ɩtrained ɩmodels ɩ(agents) ɩfrom ɩboth ɩthe ɩDDPG ɩand ɩthe ɩD4PG ɩalgorithms ɩshows ɩvery ɩcomparable ɩrobust 

ɩperformance. 

The ɩarchitecture ɩof ɩboth ɩthe ɩactor ɩand ɩcritic ɩnetworks ɩof ɩboth ɩthe ɩDDPG ɩand ɩD4PG ɩshow ɩa ɩsignificant ɩimpact ɩon 

ɩmainly ɩthe ɩtraining ɩconvergence ɩbut ɩnot ɩmuch ɩon ɩthe ɩconvergence ɩspeed. ɩIt ɩis ɩobserved ɩthat ɩthe ɩsize ɩof ɩthe ɩactor ɩshould 

ɩbe ɩbigger ɩor ɩat ɩleast ɩthe ɩsame ɩsize ɩas ɩthe ɩcritic ɩfor ɩa ɩbetter ɩconvergence, ɩwhile ɩthe ɩlearning ɩrate ɩof ɩthe ɩcritic ɩis 

ɩrecommended ɩto ɩbe ɩlarger. ɩMoreover, ɩemploying ɩa ɩGPU ɩspeed ɩup ɩthe ɩtraining ɩprocess ɩby ɩalmost ɩdouble. ɩFurthermore, 

ɩboth ɩthe ɩDDPG ɩand ɩD4PG ɩalgorithms ɩsuccessfully ɩemploy ɩthe ɩOrnstein-Uhlenbeck ɩProcess ɩto ɩimprove ɩthe ɩexploration 

ɩphase. 

Finally, ɩthe ɩexperimentation ɩand ɩthe ɩtesting ɩresults ɩshow ɩthe ɩrobust ɩperformance ɩof ɩthe ɩDDPG ɩalgorithm ɩfor 

ɩempowering ɩrobot ɩarm ɩmaneuvering ɩin ɩcomplex ɩenvironments. 

VI. FUTURE ƖWORK 

Several ɩsuggestions ɩcan ɩbe ɩcarried ɩout ɩto ɩfurther ɩunderstand ɩand ɩimprove ɩthe ɩperformance ɩof ɩthe ɩReacher: ɩ 

1. Trying ɩother ɩalgorithms ɩlike ɩREINFORCE, ɩPPO, ɩA3C, ɩA2C, ɩGAE, ɩTRPO, ɩand ɩTNPG, ɩand ɩcompare ɩthe ɩresults ɩwith 

ɩthe ɩDDPG. ɩ 

2. Applying ɩthe ɩD4PG ɩalgorithm ɩfor ɩa ɩ3-joint ɩrobot ɩarm ɩenvironment. 

3. Implementing ɩRainbow ɩAlgorithm ɩ[26] ɩwhich ɩcombines ɩgood ɩfeatures ɩfrom ɩdifferent ɩalgorithms ɩto ɩform ɩan ɩintegrated 

ɩagent. 



4. Another ɩavenue ɩof ɩfuture ɩresearch ɩis ɩto ɩuse ɩMulti-Agent ɩDDPG ɩ(MADDPG) ɩ[27][28] ɩto ɩcoordinate ɩthe ɩwork ɩof 

ɩmultiple ɩcooperating ɩrobot ɩarms ɩto ɩfulfill ɩa ɩsingle ɩtask. 

5. Studying ɩmore ɩdeeply ɩthe ɩeffect ɩof ɩthe ɩnoise ɩparameters ɩof ɩthe ɩOrnstein-Uhlenbeck ɩProcess ɩ[24] ɩon ɩthe ɩtraining 

ɩperformance ɩand ɩthe ɩconvergence. 
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