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Abstract: This work presents the implementation of Deep Deterministic Policy Gradient (DDPG)
algorithm to enhance target reaching capability of the seven Degree-of-Freedom (7-DoF) Franka
Panda robot arm. A simulated environment is established by employing OpenAl Gym, PyBullet,
and Panda Gym. Upon completion of 100,000 training time steps, the DDPG algorithm attains a
success rate of 100% and an average reward of -1.8. The actor loss and critic loss values are 0.0846 and
0.00486, respectively, indicating improved decision-making and accurate value function estimations.
The simulation results demonstrate the efficiency of DDPG in improving robotic arm performance,
highlighting its potential for application to improve robot arm manipulation.

Keywords: deep reinforcement learning; robotic arm manipulator; OpenAl gym; PyBullet; panda gym

1. Introduction

The enhancement of precision for robot arm manipulation remains a core research area for
acquiring full autonomy of robots in various sectors such as industrial manufacturing and assembly
processes. The next logical progression in this field is to achieve complete autonomy of robotic
manipulators through the use of machine learning (ML), artificial neural networks (ANNSs), and
artificial intelligence (AI) as a whole, given the maturity of image recognition and vision systems
[1,2]. Numerous attempts have been made to create intelligent robots that can take tasks and execute
accordingly [3-10].

Although developing a system with intelligence close to that of humans is still a long way off,
robots that can perform specialized autonomous activities, such as intelligent facial emotion recognition
[11], fly in natural and man-made environments [12], drive a vehicle [13], swim [14], carry boxes and
material in different terrains [15], and pick up and place objects [16,17] is already actualized.

However, some challenges must be overcome to achieve this goal. For instance, the mapping
complexity from Cartesian space to the joint space of a robot arm increases with the number of joints
and linkages that the manipulator has. This is problematic because the tasks assigned to a robotic arm
are in Cartesian space, whereas the commands (velocity or torque) are in joint space [18,19]. Therefore,
if full autonomy of robotic manipulators is the objective, the target-reaching problem is probably one
of the most crucial factors that must be addressed.

The field of reinforcement learning, as described in [20,21], is a type of machine learning that aims
to maximize the outcome of a given system using a dynamic and autonomous trial-and-error approach.
It shares a similar objective with human intelligence, which is characterized by the ability to perceive
and retain information as knowledge to be used for environment-adaptive behaviors. Central to the
reinforcement learning framework are trial-and-error search and delayed rewards, which allow the
learning strategy to interact with the environment by performing actions and discovering rewards [22].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Through this approach, software agents and machines can automatically select the most effective course
of action to take in a given circumstance, thus improving performance. Reinforcement learning offers
a framework and set of tools for designing sophisticated and challenging-to-engineer behaviors in
robotics [23,24]. In contrast, the challenges presented by robotic issues serve as motivation, impact, and
confirmation of advances in reinforcement learning. Multiple previous works on the implementation
of reinforcement learning in the field of robotics depict this fact [25-29].

2. Modeling of Robotic Arm
2.1. Direct Kinematic Model of Robot Arm

The rotation matrices in the DH coordinate frame represent the rotations about the X and Z axes.
The rotation matrices for these axes are, respectively, given as:

1 0 0
Ry= |0 Co —S& 1)
0 S5 Co;
and
Coi —S¢i 0
R;=|S¢i C¢; 0 2)
0 0 1
The homogeneous transformation matrix (Tl-ifl) that accounts for rotation and translation is given
as:
I Rz‘1—1 le—l
i1 0o 1
= Roty(¢;) - transy (d;) - trans; (A;) - Rot;(a;)
Copi —S5¢iCéi  S5¢:iS6;  a;Co;
S¢; C¢;Co; —C¢;S6; a;S¢;
_— Tl _ 1 1 1 1 1 1 1 3
i1 0 S6; Cé; d; ®)
0 0 0 1
where:

o  The rotation matrix (R} ;) represents the orientation of the i-th frame relative to the (i — 1)-th
frame.
. Pilfl represents the center of the link frame with components (Py, P, and P;).

2.1.1. DH Axis Representation

The four DH parameters describe the translation and rotation relationship between two consecu-
tive coordinate frames as follows:

. d: a distance between the current frame and the previous frame along the Z-axis,

*  (¢): an angle between the X-axis of the previous frame and the X-axis of the current frame about
the previous z-axis,

*  a:adistance between the Z-axes of the current and previous frames.

¢ {:an offset of the previous frame from the current frame along the Z-axis of the current frame.

The DH parameters for the Franka Panda robot, shown in Figure 1 are given in Table 1. From the
above DH parameters and based on the homogeneous transformation matrix 3, the transformation
matrix for the Franka Panda robot is derived as.
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Table 1. DH Axis Representation.
Joint am) d(m) dm) ¢(rad)
1 0 0.333 0 ¢
2 0 0 -90 o)
3 0 0.316 90 ¢3
4 0.0825 0 90 Pa
5 -0.0825 0.384 -90 s
6 0 0 90 s
7 0.088 0 90 ¢7
Flange 0 0.107 0 0
Figure 1. DH Axis Representation of Franka Panda robot [30].
Coi —S¢iCoi  S¢iS6;  a;Co;
71 _ |59 CgiCo —CiSoi ;S
i1 0 S6; Cé; d;
0 0 0 1
Cp1r —S¢p1 O 0
T — S Cp 00 )
0 0 1 033
0 0 0 1
Cpp 0 —=5¢ 0
S(])z 0 C(Pz 0
TZ —
! 0 -1 0 0 ©)
0 0 0 1
Cps 0 S¢s 0
S¢3 0 —C¢s 0
T3 6
2 0 1 1 0316 (©)
0 0 0 1
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Cps 0 S¢g 0.0825Cehy
T4 _ Sps 0 —C¢y 0.08255¢4
3 0 1 1 0
0 0 0 1
Cps 0 =S¢5 0.0825C¢s
5 S¢s 0O Ces  0.08255¢s
710 -1 0 0.384
0 0 0 1
C¢6 0 S(P6 0
6 S(P6 0 —54)6 0
T3
0 1 0 0
0 0 0 1
C¢y; 0 S¢7 0.088C¢y
T7 — S¢7 0 —C¢7 0.0885¢7
6 0 1 0 0
0 0 0 1
T =Ty-T{-T5-Ts - T3 - TS - T,
11 T2 13 Px
TO — 21 T2 123 Py
0=
31 I3 133 Pz
0 0 0 1

The orientation and position of the end-effector, respectively, are given by:

Ri1 = =S¢15¢3Chr + Cp1Cp3Cey
Rip = =S¢1Ch2CP3Chs — Sp3Cey
Riz3 = 5¢2C¢y

Ry = Sp1Cp3Cohy + Sp3Cep1 Cepr
Rop = —=S¢1S5¢3Chr + Cp1Cp3Cey
Ryz = =SS

R31 = =5¢2C3Chy

Rap = S¢25¢3Co4

R3z = Ce

4 0f 21

(8)

(10)

(11)

(12)

(13)
(14)
(15)
(16)
(17)
(18)
(19)
(20)
(21)
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and

Py = —0.1075¢,Cehy + 0.088Ce
+ 0.384(—S¢1 Sp3Cep2 + Cp1 Cp3Cebs)
+0.316C¢1 Cr + 0.333C¢h, 22)
py = —0.1075¢>S¢y + 00885,
+0.384(S¢1Cp3Cops + Sp3Cep1 Cp2)

+0.3165¢,C¢h, + 0.3335¢, (23)
p. = 0.107C¢»

+0.384S¢, Cp3Cepy

+0.316S¢, + 0.3335¢ (24)

2.2. Incremental Inverse Kinematics of Robot Arm

The 3D position vector x € R® of the end-effector (EE) is given by:

y = f(q) (25)

In case of the Panda robot, there are n = 7 active joint angles q = [¢1, ... ,4)7]T. With these joint
angles(q) and direct kinematics f : R” — RS, the goal is to solve the inverse kinematics q = f~'(y)
using incremental inverse kinematics. In incremental inverse kinematics, a direct kinematics is
linearized around the current joint angle configuration g* as

OX|yr x 5q g - (26)

The goal is to find the change in joint angles (6q) that corresponds to a desired change in the end-effector
position (dy). The linearized form of the direct kinematics equations is expressed as 26, where

*  Ox|y

e 4q| q* represents the change in joint angles around a reference point q*.

. represents the change in end-effector position around a reference point x* and

The proportionality symbol (e) indicates that the change in end-effector position is directly related to
the change in joint angles. To solve for the change in joint angles, the Jacobian matrix, denoted as J¢,
is utilized. The Jacobian matrix is a matrix of partial derivatives that describes how the end-effector
position f depends on the joint angles q. Specifically, the Jacobian matrix is defined as

ofi
==, 27
J¢ (aqj>i,j (27)
of;

*  where 3q; Tepresents the partial derivative of the ith component of the end-effector position with
j
respect to the jth joint angle.

By multiplying the Jacobian matrix J by the change in joint angles 6 q|4., an approximation of
the change in the end-effector position 5x|y* is obtained. The joint angles are iteratively updated
to minimize the difference between the current end-effector position and the desired end-effector
position.This can be efficiently solved around (x*, q*)using the Jacobian.

Je == (9fi/9q;)i
Axly =J¢(q")dqlg (28)

2.2.1. Steps of Incremental Inverse Kinematics

Given: target pose y(t)
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Required: joint angles q®

1.  Define the starting pose (x(?), q(?)) and set up the Incremental inverse kinematics from (3.29)

x| 0 =1(a'”)3 ql o

2. Determine the deviation §y!") relative to the target pose; e.g. (y*) — y(0))
Check for termination; e.g.max(|5y§;) ) <e.
Solve
5 = 1(q)5q 9)

5. Calculate new joint angles

6. r+r+1

3. Deep Reinforcement Learning Algorithm Design
3.1. Policy Gradient Algorithm

The policy gradient theorem states that the expected return to the policy parameters can be
calculated as the sum of the action value function 47 (s, ) multiplied by the policy function 714(s, a),
summed over all states s and actions 4, and weighted by the stationary distribution of states d” (s).

O(0) = Y d"(s)}_ Q™ (s,a)my(s, a) (31)

where:

*  Objective function(],): Represents the expected cumulative reward obtained by following the
policy 77, in the given environment. The objective function is optimized by adjusting the parameter
0 to maximize the expected cumulative reward.

* Discounted state distribution(d” (s)): Represents the probability of being in a particular state s
under the policy 7r. Mathematically,

A7(s) = lim P(st = slso, 7o) (32)

where s; = s when starting from sy and following policy 7, for ¢ time steps.

* Action-value function ((Q(s,a) ): Represents the expected cumulative reward obtained by
taking action 4 in state s and following the policy 7t thereafter.

*  Policy function(r,y(s,a)): Represents the probability of taking action a in state s under the
parameterized policy o.

The policy gradient theorem helps to solve this problem by providing a formula for the gradient
of the expected return to the policy parameters. This formula involves the stationary distribution of
the Markov chain and is given by:

Volo = Zd”(s)Zq”(s,a)VgnQ(a|s) (33)

where g7 (s, a) is the state-action value function for policy 7,.

o Y d™(s) Y QF(s,a)Vome(s,a) (34)

seS acA

d0i:10.20944/preprints202501.1917.v1
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3.1.1. Derivation of Policy Gradient Theorem

VoV (s) =V, lz ng(a|s)Q"(s,a)] (35)

acA
using derivative product rule:

= ) (Vory(als)Q" (s, a) + mo(als) VQ" (s,a))

acA

The steps of the derivation using, the derivative product rule from equation (4.6) are as follows:
Step 1: Apply the derivative product rule:

VoV (s) = Vg ) (mo(als)Q7 (s, 2))

acA

Step 2: Distribute the derivative operator inside the summation:

VoV7i(s) = Z Vo(7o(als)Q" (s, a))

acA

Step 3: Apply the chain rule to differentiate the product of 77,(als) and Q" (s, a) to o:

VoV (s) = Y (Vormo(als)Q™ (s, a) + mo(als)VoQ™ (s, a))
acA
Step 4: Simplify the expression by rearranging the terms.
After applying the derivative product rule, the derivative of the state-value function V7 (s) to the
policy parameter g is:

VoV (s) = Y (Vomo(als)Q™(s,a) + mo(als)V,Q7 (s, a)) (36)
acA
Extend Q7 (s, a) by incorporating the future state value. This can be done by considering the
state-action pair (s, 2) and summing over all possible future states s’ and corresponding rewards r:

= ¥ [Vore(als)Q"(s,a)

acA

+ 1(als) Vo Yo P(s, rls,a) (4 V() |5 (37)

Since P(s',r|s,a) and r are not functions of ¢, the derivative operator V, can be moved inside the
summation over s, r without affecting these terms.

VoV7i(s) = ¥ [vgng(a|s)Q”(s,a)

acA

+ 110 (als) ZP(S’,r|s,a)VQV”(s’)} (38)

s
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Next, it is observed that V,V7(s') is the derivative of the state-value function to the policy
parameter ¢ at state s’. This can be rewritten as V,V7(s") = V,V™(s') Ly P(s'|s,a). Here, P(s'[s, a)
represents the probability of transitioning to state s’ given the current state-action pair (s,a). The
following substitution is now made:

=) [Vgng(ﬂs)Q”(s,a) + 1o(als) Y P(s',r]s,a) VoV (s')

acA s'r

=Y [Vgng(a|s)Q”(s,a) + my(als) Z/P(s’|s,a)VQV”(s’)

acA

Where P(s'|s,a) =Y., P(s'|s, a)
Now there is,

—V VT (s) = ¥ [vgng(ms)gﬂ(s,a)

acA
+ 71y(als) ZP(S’|S,11)VQV”(S/)] (39)

Consider the following visiting sequence and identify the probability of changing state s to state x
using policy 7, after k steps as p(s — x, k)

a1ty (.ls) S arvty([s") o a7ty (.|s")

e Whenk=0:p(s —>sk=0)=1.
*  Whenk = 1, consider every action that might be taken and add up the probabilities of reaching
the desired state:

p(s = x,k=1) =) my(als)P(s'|s,a) (40)

a

*  The goal is to move from s to x after k + 1 steps, by following 7,.The agent can first move from s
to intermediate state s’(s’ € S) going to final state x in the last steps after the k stages. This allows
to recursively update the visitation probability.

p(s > x,k+1) =Y p"(s = s, k)p(s" = x,1) (41)
S/

After discussing the probability p(s — x,k) for transitioning from state s to state x after a certain
number of steps k, the next step is to drive a recursive formulation for V,V”(s).
To accomplish this, a function ¢(s) is introduced, defined as:

P(s) = E VQ”Q(“MQH(S/H) (42)

acA

Here, ®(s) represents the sum of the gradients of the policy 77, to ¢, weighted by the corresponding
action-value function Q (s, a).
To simplify (4.10)

VoV7(s) = ®(s) + | Y molals) Y P(s'|s,a)V,V7(s") (43)

acA s’
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= ¢(s) +an(a|s)ZP(S’|S,¢1)VQV”(S’) (44)
=®(s)+)_ Y mo(als)P(s'[s,a)V,V7(s") (45)
s’ acA
=®(s)+ ). Y mo(als)P(s']s,a) VoV (s') (46)
s’ acA
=®(s)+ ) _p (s =5, 1)V V7 (s) (47)
=®(s)+ ) _p (s —5,1) [qb(s’) +) (s = s”,l)VQV”(s”)]
Consider s’ as the middle point for s’ — s”
=®(s)+ |Y_p"(s = s’,1)<p(s)]
+ )Y 0" (s" = s",Z)VQV"(s")] (48)
The expression for V,V”(s) can be unrolled as follows:
=®(s)+ |Y_p"(s = s',l)@(s’)]
+ [ Yo" (s — s”,Z)qD(s”)]
+ Yo" (s — s”’,3)vgvn(s’”)] (49)
VoV7(s) =Y Y p™(s = x,k)®(x) (50)
x€S k=0

Eliminating the derivatives of the Q-value function V,Q"(s) and inserting objective function O(g) in
(4.5), starting from state Sy

V,0(e) = VoV (So) (51)
=YY 0 (s = xKk)o(s); (52)
s k=0

Let, (s) = Y5 ™ (s, = x, k)
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VoO(e) = Y (s)¢(s) (53)
S
Substituting #7(s) = s p” (s, = x, k) in to eqn(4.24)
Vo0(0) = L n(s)¢(s) (54)
S
Normalize #(s) in (4.27), s € S to be probability distribution as show down bellow:
n(s) ]
V,0(0) = s s 55
0O(e) (;ﬂm>§JZM@W() (55)
Since the ) 77(s) is constant, the gradient of the objective function is proportional to the normalized
7(s) and ¢(s)
7(s) ]
V,0(0) s 56

Where d”(s) = ZWE;S()s) is stationary distribution.
In the episodic case, the constant proportionality Y #(s) is the average length of an episode; In

the continuing case, it is one(1) [31].

= 2d7(s) ) Vorp(als)Q"(s,a) (57)
s acA
VoO(g) Zéd”(S) Z/‘,_XQ”(M)VQN(Q)(HIS) (58)

Vort(o)(als)

V,0(0) = sezsdn(s) Q) @) 59)

_ (g in(Q)(a|5)
_Ed()m@w@ (60)
Ve0(@) = Ex{Q"(s,a) Vo In(7 (als)} (61)

Where Er refers to Es 4, a~7, when the distribution of states and actions follows policy 77,(on policy).

3.1.2. Off-Policy Policy Gradient

Since DDPG is one of the off-policy Policy gradient Algorithms, First let’s talk about off-policy
Policy gradient Algorithms in great detail.

The behavior policy for collecting samples is known and labeled as «(a|s) the objective function
sums up the reward over the state distribution defined by this behavior policy:

O(g) =}, d*(s) }_ Q"(s,a)my(als)

seS acA

=Eoae [ ) Q"(s,a)mp(als)]

acA
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where d“(s) is the stationary distribution of the behavior policy a since d*(s) = limi 0 P(S; =
s|So, w)and Q7 is the action-value function estimated about the target policy 7z. Given that the training
observations are sampled by a ~ «(als), the gradient can be rewritten as:

V0(0) = VeFoge | Y Q7(s,a)q(als)] ()
acA
By Derivative product rule.
=" [ Z (Q"(s,a)VgnQ({ﬂs) + ng(a|s)VQQ”(s,a))} (63)
acA

By ignoring 7, (als)V,Q7 (s, a)

Y Eq o [ %Q”(S,Q)Vgng(ﬂs)} (64)
mo(als) . V,m,(als)

= Eur| 1 alals) 0 Q6 0 (65)

" [ZQ(E:TLS)) Q" (s,a)VyIn ng(a|s)} (66)

Where {ZQ(%:))} is the importance weight. Since Q™ is a function of the target policy and, consequently,
a function of the policy parameter g, the derivative V,Q7 (s, a) must also be computed using the
product rule. However, computing V,Q" (s, a) directly is challenging in practice. Fortunately, by ap-
proximating the gradient and ignoring the gradient of Q, policy improvement can still be guaranteed,
and eventual convergence to the true local minimum is achieved.

In summary, when applying policy gradient in the off-policy setting, it can be adjusted by a

weighted sum, where the weight is the ratio of the target policy to the behavior policy, [7;"(%5)} [31].

3.2. Deterministic Policy Gradient (DPG)

The policy function 77(-|s) is typically represented as a probability distribution over actions A
based on the current state, making it inherently stochastic. However, in the case of the Deterministic
Policy Gradient (DPG), the policy is modeled as a deterministic decision, denoted as a = p(s). Instead
of selecting actions probabilistically, DPG directly maps states to specific actions without uncertainty.
Let:

*  po(s) The initial distribution over states
e pHt(s — ¢, k): Starting from state s, the visitation probability density at state s” after moving k

steps by policy u.
e pl(s'): Discounted state distribution, defined as

Pr(s) = [s TR v Moo (s)p (s — &', k)ds
The objective function to optimize for is listed as follows:

O(0) = [ P"(5)Q(s. po(s))ds (67)

According to the chain rule, first, take the gradient of Q with respect to the action a and then take
the gradient of the deterministic policy function y w.r.t.o :

d0i:10.20944/preprints202501.1917.v1
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V40(0) = [ "(5)VaQ"(5,m) Vatte(s) (o) (68)
= ESN,D?‘ [anH (S/ ‘Z)vQ#Q (S) |a:yg(s)] (69)

3.3. Deep Deterministic Policy Gradient (DDPG)

By combining DON and DPG, DDPG leverages the power of deep neural networks to handle
high-dimensional state spaces and complex action spaces, making it suitable for a wide range of
reinforcement learning tasks. The original DQN works in discrete space, and DDPG extends it to
continuous space with the actor-critic framework while learning a deterministic policy. In order to do
better exploration, an exploration policy 3’ is constructed by adding noise N:

1 (s) = po(s) + N (70)

Moreover, the DDPG algorithm integrates a sophisticated technique known as soft updates, or

conservative policy iteration, to update the parameters of both the actor and critic networks. This

revised methodology utilizes a small parameter, denoted as 7, which is much smaller than 1(t < 1).
The soft update equation is formulated as

o 1o+ (1-1) (71)

It guarantees that the target network values alter gradually over time, unlike the approach employed
in DQN, where the target network remains static for a fixed period.

3.4. Working of DDPG Algorithm

Algorithm 1: Deep Deterministic Policy Gradient

1 Randomly initialize critic network Q(s, a|09) and actor y(s|o* with weights o< and o#;
2 Initialize target network Q' and y’ with weights Q' < 02, o/ « o#;

3 Initialize replay buffer R;

4 for episode =1to M do

5 | initialize a random process N for action exploration;
6 Receive initial observation state sq;
7 fort =1toT do
8 Select action a; = p(s¢|o") + N; according to the current policy and exploration noise;
9 Execute action 4; and observe reward r; and observe new state s; + 1;
10 Store transition (s;, at,7¢, 5t + 1) in R;
11 Sample a random mini-batch of N transitions (s, a¢, 1, 5¢ + 1) from R;
12 Set y; = r; + Q' (si + 1,1/ (s: + 1/¢*)e9);
13 Update critic by minimizing the loss:L = & ¥; (y; — Q(s, a:[09))?;
14 Update the actor policy using the sampled policy gradient:
1
VQVO ~ N Z VﬂQ(S/ a|QQ) |s:sl-,a:;4(s,-)v€}l.u(s|gy) |5i
1
Update the target networks:
0% 102+ (1-1)o?
Q”, — TQH, +(1- T)QV,
15 end

16 end
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4. Results And Discussions
4.1. Software Configuration

The deep reinforcement learning agent was trained using Python within a Jupyter Notebook on a
Linux Ubuntu 20.04 operating system. The training process spanned approximately 5.415 hours on
a modest hardware configuration consisting of an Intel graphics card, 8 GB of RAM, and a 1.9 GHz
processor.

4.2. Hyper Parameter Selection and Initial Search

Parameters given in Table 2 are selected in this work.

Table 2. Parameters and Hyper Parameters.

Parameter Value
Policy MultilnputPolicy
Replay buffer class HerReplayBuffer
Verbose 1
Gamma 0.95
Tau (1) 0.005
Batch size 512,1024,2048
Buffer size 100000
Replay buffer kwargs rb kwargs
Learning rate le-3,2e-4
Action noise Normal action noise
Policy kwargs Policy kwargs
Tensorboard log Log path

4.2.1. Batch Size Comparison

Upon completing the training process, it was observed that there was a minimal disparity in the
success rate, Figure 2, and cumulative reward, Figure 3, achieved across the different batch sizes. Also,
the decrease in critic loss values, Figure 4 and actor loss values, Figure 5 indicates an improvement in
the actor and critic networks’ ability to approximate the optimal policy and value functions. Although
the success rate and cumulative reward were similar, the enhanced convergence demonstrated by the
lower losses in the 2048 batch size suggests a more efficient learning process and a potentially higher
quality of learned policies.

SUCCESS RATE IN DIFFERENT BATCH SIZES
e
0.9

balch size=512
s balch size=1024
balch size=2048
08

/ ‘
1000 2000 3000 401

L I I L L |
00 5000 6000 7000 8000 2000 100
SESSION

0.7

06

0.5

SUCCESS RATE

0.4

0.2

0.1

03

0

0

Figure 2. Success Rate In Different Batch Sizes.
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SUCCESS RATE IN DIFFERENT BATCH SIZES
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Figure 3. Cumulative Mean Reward In Different Batch Sizes.

CRITIC LOSS IN DIFFERENT BATCH SIZES
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Figure 4. Critic Loss In Different Batch Sizes.
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Figure 5. Actor Loss In Different Batch Sizes.


https://doi.org/10.20944/preprints202501.1917.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 January 2025 d0i:10.20944/preprints202501.1917.v1

15 of 21

TRAINING SPEED IN DIFFERENT BATCH SIZES
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Figure 6. Frames per Second In Different Batch Sizes

4.2.2. Learning Rate Comparison

After the training process, observations, Figure 8 revealed that there was a minimal disparity in
the cumulative reward and success rate achieved between the two learning rates as shown in Figure
7. However, the learning rate of 2e-4 displayed slightly superior performance compared to le-3 in
terms of success rate. Conversely, when using the learning rate of 1le-3, a notable decrease in actor loss,
Figure 9 and critic loss, Figure 10 was observed, indicating improved policy and value estimation by
the agent. Despite comparable cumulative reward and success rates, the reduced losses at the learning
rate of 1e-3 signify enhanced convergence and a potentially more efficient learning process, suggesting
the agent may have acquired higher-quality learned policies.

SUCCESS RATE COMPARISON

m— | garning rate=2e-4
Learning rate=1e-3

09

08 r

07

0.6 -

05

0.4 r

SUCCESS RATE

03

0.2

o L L L L L L L L )
o 1000 2000 3000 4000 5000 6000 7000 8000 9000 10001
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Figure 7. Success Rate In Different Learning Rate
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Figure 8. Cumulative Mean Reward In Different Learning Rate
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Figure 9. Actor Loss In Different Learning Rates
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Figure 10. Critic Loss In Different Learning Rates.

4.3. Selection of Optimal Hyperparameters and Extended Training of DDPG Agent

After comparing the hyperparameters, as depicted in the preceding figures, and conducting a
thorough analysis of the associated results, the selection of hyperparameters with promising per-
formance was undertaken. Following this, an extended training phase was initiated, encompassing
100,000 time steps. This extended training phase serves as the fundamental training stage, which will
be elaborated upon in the subsequent section.

Table 3. Parameters and Selected Hyper parameters.

Parameter Value
Policy MultilnputPolicy
Replay buffer class HerReplayBuffer
Verbose 1
Gamma 0.95
Tau (1) 0.005
Batch size 2048
Buffer size 100000
Replay buffer kwargs rb kwargs
Learning rate le-3
Action noise Normal action noise
Policy kwargs Policy kwargs

Tensorboard log Log path
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Table 4. Training Metrics at 200 time step and at 100, 000 time step.

Category Value Category Value
rollout/ rollout/

Episode length 50 Episode length 50

Episode mean reward -49.2 Episode mean reward -1.8

Success rate 0 Success rate 1
time/ time/

Episodes 4 Episodes 2000

FPS 18 FPS 5

Time elapsed 10 Time elapsed 19505

Total timesteps 200 Total time steps 100000
train/ train/

Actor loss 0.625 Actor loss 0.0846

Critic loss 0.401 Critic loss 0.00486

Learning rate 0.001 Learning rate 0.001

Number of updates 50 Number of updates 99850

4.3.1. Improvement in Cumulative Reward and Success Rate

The mean episode reward, Figure 11 improves from -49.2 in the first loop to -1.8 in the last loop.
The success rate, Figure 12 increases from 0 in the first loop to 1 in the last loop.

CUMULATIVE MEAN REWARD
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Figure 11. Improved Cumulative Mean Reward
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Figure 12. Improved Success Rate

4.3.2. Frames per Second (FPS)

The training speed, Figure 13 decreases from 18 frames per second (FPS) in the first loop to 5 FPS
in the last loop.
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Figure 13. Frames Per Second (FPS) or Training Speed

4.3.3. Improvement in Actor and Critic Losses

The actor loss, Figure 14 decreases from 0.625 in the first loop to 0.0846 in the last loop. The critic
loss, Figure 15 decreases from 0.401 in the first loop to 0.00486 in the last loop.
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Figure 14. Improved Actor Loss
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Figure 15. Improved Critic Loss

4.4. Comparing DDPG and PPO: Off-Policy vs. On-Policy Reinforcement Learning Algorithms

Proximal policy optimization (PPO), an on-policy reinforcement learning algorithm, was trained
to compare its performance with Deep deterministic policy gradient (DDPG), an off-policy algorithm,
as shown in Figure 16 and Figure 17. The cumulative reward achieved by DDPG was —1.8, whereas
the cumulative reward obtained by PPO was —50 as shown in Figurel6. The results of this comparison
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indicate that, in this particular scenario, DDPG exhibited superior performance over PPO in terms of

cumulative reward.
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Figure 16. Cumulative Mean Reward.
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Figure 17. Training Speed.

5. Conclusion

In this study, the Deep Deterministic Policy Gradient (DDPG) algorithm is applied to train a
robotic arm manipulator, specifically the Franka Panda robotic arm, for a target-reaching task. The
objective of this task is to enable the robotic arm to accurately reach a designated target position.
The DDPG algorithm is chosen because of its effectiveness in continuous control tasks and its ability
to learn policies with high-dimensional action spaces. By leveraging a combination of deep neural
networks and actor-critic architecture, DDPG approximates the optimal policy for the robotic arm.
When comparing the performance of PPO and DDPG after training for 100,000 time steps:

PPO achieved a mean episode reward of —50 indicating that the agent struggled to achieve
positive rewards on average. Despite training at a relatively fast speed of 561FPS, the results suggest
that PPO faced challenges in finding successful strategies for the given task.

On the other hand, DDPG demonstrated superior performance with a mean episode reward
of —1.8. It achieved a success rate of 1, indicating consistent success in reaching desired outcomes.
Despite a slower training speed of 5FPS. DDPG showcased its capability to effectively learn and
improve its policy over time. Based on these results, DDPG outperformed PPO in terms of cumulative
reward and success rate in the given scenario.
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