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DMP forcing term recast as a deep RL policy, refined
from a reference trajectory.

A spatial-scaling reformulation preserves classical-DMP
generalisation.

Multi-objective deep RL builds an imitation-versus-effort
Pareto front.

TOPSIS selects a balanced policy after a one-off objec-
tive normalisation.

On hardware: 39% lower transport speed than its
imitation-fidelity extreme.



Multi-objective Deep Reinforcement Learning of Dynamic Movement Primitives for
Robotic Manipulation

Navid Noorgostar@0*

“Department of Mechanical Engineering, Faculty of Engineering, Central Tehran Branch, Islamic Azad University, Tehran, Iran
bDepartment of Computer Engineering, Faculty of Engineering, Central Tehran Branch, Islamic Azad University, Tehran, Iran

Abstract

Learning from Demonstration (LfD) is an attractive way to transfer manipulation skills to industrial robots, but it is inherently imi-
tative: the learnt skill is only as good as the trajectory it reproduces. Reinforcement learning (RL) can refine such a skill, yet suffers
from high sample cost and the difficulty of hand-designing a single scalar reward. This paper presents a three-stage refinement
framework coupling Dynamic Movement Primitives (DMPs) with deep RL, evaluated with prescribed analytic reference trajecto-
ries standing in for demonstrations; the pipeline is agnostic to the demonstration source. The DMP forcing term is recast as a policy
network with a position/velocity-enriched state and a spatial-scaling reformulation that preserves classical-DMP generalisation.
The policy is bootstrapped by supervised learning and refined with actor—critic deep RL (TD3, SAC, PPO). A prediction-guided
multi-objective stage builds a Pareto front trading imitation fidelity against motion effort, and a TOPSIS step selects a balanced
operating point without manual reward weighting, once the objectives share a common scale. The framework is validated on a
pick-and-place task in MuJoCo and on a physical manipulator in three experiments totalling 850 trials. The selected policy lowers
the integrated transport speed by 39.2% relative to the imitation-fidelity extreme of its Pareto front, at the highest task-success rate
(250 trials); a condition-coverage variant transfers to unseen start, goal, payload, friction, height and obstacle variations with a
0.6-point success gap (360 trials); and the balanced policy cuts dynamic actuator effort, jerk and vibration by tens of percent at
non-inferior accuracy (240 trials).

Keywords: Learning from demonstration, Dynamic movement primitives, Deep reinforcement learning, Multi-objective
optimisation, Industrial robots, Sim-to-real validation

1. Introduction the user simply shows the robot what to do, e.g. through ki-
naesthetic teaching, teleoperation or marker tracking, and the
The widespread industrial deployment of robotic manipula-  a1g0rithm encodes the demonstration in a representation that
tors is increasingly limited not by the mechanical capabilities can be reproduced on the robot [1, 6]. Among the many LfD
of the hardware, but by the cost of programming the high-level  ehresentations proposed in the literature, Dynamic Movement
skills that the robot is expected to perform. Conventional teach- Primitives (DMPs) [7, 8] have become a de-facto standard for
pendant programming, while reliable for repetitive operations, trajectory-level encoding of point-to-point motions because of
scales poorly to flexible manufacturing scenarios in which the  heir attractive properties: convergence to a goal attractor, tem-
manipulator must execute a large number of variants of a task o] and spatial scalability, robustness to perturbations and
or quickly switch between tasks [1, 2]. Two complementary  compactness of the underlying parameterisation. A central lim-
paradigms have therefore received considerable attention from itation of LfD methods, however, including DMP-based ones,
the robotics community over the last decade: Learning from s that they are inherently imitative: the learnt skill is, at best,
Demonstration (LfD), in which the robot acquires a skill by ob- 45 560d as the demonstration. When the demonstration is sub-
serving one or more human demonstrations [1, 3, 4], and Rein- optimal or when the robot’s morphology and dynamics differ
Jorcement Learning (RL), in which the robot improves a policy  from those of the demonstrator, the reproduced skill may be
through trial-and-error interaction with the environment guided inefficient or even infeasible to execute [1, 6].
by a scalar reward [2, 5]. Reinforcement learning offers a natural way to refine an
LfD methods are attractive because they require neither an  jpitia] skill because the agent improves the policy by interact-
analytical task model nor a hand-engineered reward function: ing with the environment and is therefore not bounded by the
quality of the demonstration. Combined with deep function
approximators, modern deep RL algorithms such as PPO [9],
SAC [10] and TD3 [11] have produced impressive results on
simulated continuous-control benchmarks. However, the direct
application of deep RL to physical robotic manipulation is ham-
pered by two well-known difficulties [2]. First, the high sample
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complexity of deep RL makes from-scratch learning impracti-
cal when each interaction with the system is expensive or po-
tentially damaging. Second, the agent’s performance is crit-
ically dependent on the design of a single scalar reward that
must encode all relevant aspects of the task; in manipulation,
this reward must simultaneously balance contradictory criteria
such as task completion, accuracy with respect to a reference,
smoothness, effort and safety, leading to brittle weight tuning.

A natural way to address both limitations is to combine LfD
and RL: the demonstration is used to obtain an initial policy
that solves the task well enough to bootstrap learning, and RL is
then employed to improve this initial policy. While such combi-
nations have been explored, most existing approaches still suf-
fer from the second difficulty above because the reward func-
tion must be hand-engineered, and a successful weighting of
competing criteria is found only through manual trial-and-error.
Multi-objective RL [12] provides a principled way around this
problem by treating the various criteria as separate objectives
and returning a Pareto-optimal set of solutions, leaving the fi-
nal operating point to the designer.

The present work proposes a complete learning-control
framework for robotic manipulation that brings together these
ideas under a single, modular mechatronic architecture, de-
picted in Fig. 1: a demonstration is encoded as a DMP, the
DMP is exposed to a deep RL agent as a parameterised policy,
the policy is refined against a vector of physically meaning-
ful objectives by a multi-objective deep RL procedure, the
resulting Pareto front is filtered by a TOPSIS multi-criteria
decision-making step, and the selected primitive is executed
on the manipulator through an inverse-kinematics layer and a
joint-space controller closed around the physical or simulated
robot. The integration is therefore vertical, from the demonstra-
tion interface down to the joint torques, rather than algorithmic
in isolation. The framework is validated on canonical sine
and cosine reference trajectories, on a pick-and-place case
study performed in the MuJoCo simulator with a collabora-
tive manipulator, and, to close the loop with real hardware,
on a physical manipulator in three experiments: a 250-trial
pick-and-place study, a 360-trial cross-condition robustness
study and a 240-trial actuator-effort study. Throughout, the
demonstrations are prescribed analytic reference trajectories
rather than human-recorded motions; the pipeline is agnostic
to the source of the demonstration (Section 5.1), so “demon-
stration” is used here in the sense of a reference trajectory to
be reproduced and refined, and the framing is one of trajec-
tory refinement rather than a claim about a physical teaching
interface. The contributions of the paper can be summarised as
follows:

1. Integrated learning—control architecture. A modular
six-block architecture (demonstration - DMP — deep
policy —» MORL/TOPSIS — inverse kinematics — joint
controller — robot) is proposed that exposes a clean
interface between the trajectory-generation layer (where
learning happens) and the motion-execution layer (where
the mechatronic constraints are enforced).

2. DMP as a deep policy, with an analysed state design.

The DMP forcing term is reformulated as a deep param-
eterised policy over the canonical phase, enriched with
the current position and velocity of the tracked trajec-
tory so that the imitation reward becomes a function of
the observed state and so that the spatial-scaling refor-
mulation of the next contribution has the inputs it oper-
ates on. We deliberately do not present this enrichment
as an accuracy device: the ablation of Section 5.8 shows
that in deterministic single-trajectory imitation the phase-
only policy is sufficient and the enrichment can even cost
accuracy through a covariate shift that we identify and
explain. The enriched state earns its place where rollouts
depart from the reference — stochastic exploration, per-
turbations, and changed start—goal pairs (Sections 4.1.3
and 5.10).

. Spatial-scaling reformulation. @ A position-scaling

reformulation is introduced that preserves the spatial-
generalisation property of classical DMPs when the start
and goal of the motion differ from those used during
training, despite the fixed weights of the policy network.

. Supervised bootstrap of the RL stage. A supervised

pre-training procedure that exploits the analytical inverse
of the DMP equation initialises the policy from the
demonstration so that subsequent deep RL refinement
starts from a feasible solution rather than from a random
one.

. Multi-objective refinement with restructured tuning.

The improved primitive is obtained through a prediction-
guided multi-objective deep RL procedure that constructs
a discrete Pareto front of the imitation-vs-effort trade-off,
and a TOPSIS-based selection step then picks a balanced
operating point after the front has been built. Rather than
eliminating tuning outright, this restructures it: the brittle
search over scalar reward weights is replaced by a one-
off objective-normalisation step (Section 4.3) and a single
interpretable preference vector applied a posteriori.

. Algorithmic and system-level validation. Three popu-

lar deep RL back-ends (TD3, SAC, PPO) are compared
on canonical trajectories with a clear sample-efficiency-
vs-wall-clock trade-off, the framework is extended in
closed form to full six-degree-of-freedom task-space
motions, and the complete pipeline is demonstrated
on a pick-and-place case study in MuJoCo with a PD-
controlled inverse-kinematics interface and subsequently
validated on a physical manipulator in three hardware ex-
periments totalling 850 evaluation trials (plus a matched
240-trial reference-condition baseline in Experiment 2,
giving 1090 physical trials in all): a 250-trial, five-
controller study in which the automatically selected
balanced policy reproduces the simulated velocity-
reduction benefit (39.2%) while achieving the highest
task-success rate, a 360-trial cross-condition study show-
ing that augmenting the multi-objective refinement with
condition coverage transfers the skill robustly across
unseen operating conditions (a 0.6-point success transfer
gap), and a 240-trial effort study showing that the bal-
anced policy reduces the dynamic actuator effort, jerk



and vibration by tens of percent at non-inferior accu-
racy, providing a reproducible end-to-end mechatronic
realisation that spans simulation and real hardware.

The remainder of the paper is organised as follows. Sec-
tion 2 surveys related work in LfD, DMPs and the combination
of LfD with RL. Section 3 reviews the DMP formalism and the
deep RL algorithms used in the experiments. Section 4 presents
the proposed framework, including the integrated system archi-
tecture, the policy parameterisation, the supervised pre-training
step, the multi-objective refinement, the TOPSIS-based selec-
tion, the six-degree-of-freedom extension and consolidated al-
gorithmic pseudocode. Section 5 describes the implementa-
tion, presents results on canonical trajectories, compares the
three deep RL back-ends, reports the pick-and-place case study
in MuJoCo and its validation on a physical manipulator (in-
cluding cross-condition robustness and actuator-effort studies),
and includes ablation, sensitivity, generalisation and obstacle-
avoidance studies. Section 6 concludes the paper and discusses
directions for future work.

2. Related Work

This section reviews the two literatures that underlie the
proposed framework: learning from demonstration in robotics,
with particular emphasis on movement-primitive representa-
tions, and the various attempts that have been made to combine
demonstrations with reinforcement learning so as to improve
the quality of the learnt skill.

2.1. Learning from Demonstration in Robotics

Learning from Demonstration, also referred to in the liter-
ature as imitation learning, programming by demonstration or
apprenticeship learning, encompasses a wide range of methods
that allow a robot to acquire a skill from a set of demonstra-
tions rather than from explicit programming [1, 3]. Three
main demonstration modalities are commonly distinguished:
kinaesthetic teaching, in which the human physically guides
the robot’s end-effector [4, 13]; teleoperation, in which the
demonstration is performed on the same kinematic structure as
the executing robot, frequently with the help of virtual-reality
interfaces [14, 15, 16, 17]; and observation, in which the robot
watches a human performing the task using vision or motion
capture [3, 18, 19]. The first two modalities largely avoid
the so-called correspondence problem between human and
robot bodies [20], while observation is more natural for the
human teacher but requires the additional step of mapping the
demonstration from the teacher’s body to the robot’s.

LfD methods can be further classified by the level at which
the demonstration is encoded. Planning-based methods ex-
tract task constraints or cost functions from the demonstration
and use these to plan new trajectories, e.g. through sequential
convex optimisation [21, 22], stochastic trajectory optimisa-
tion [23, 24], or general movement-primitive optimisation [25].
Inverse reinforcement learning methods estimate a reward func-
tion that explains the demonstration and then solve the under-
lying RL problem [26, 27, 28, 29]. Direct policy or trajec-
tory encoding methods, in contrast, encode the demonstrated

movement itself in a parameterised representation that can be
reproduced and, to some extent, generalised. Gaussian Mixture
Models with Gaussian Mixture Regression [30], Probabilistic
Movement Primitives [31] and Dynamic Movement Primitives
(DMPs) [7, 8, 6] fall into this last category.

DMPs, introduced by Ijspeert et al. [7, 8], encode a move-
ment as a stable second-order dynamical system whose attractor
is a user-supplied goal and whose transient is shaped by a learnt
forcing term. These properties (Section 1) have made them
the most widely used trajectory-level representation in modern
LfD [1, 6]. They are also used industrially: Ti et al. [32], for ex-
ample, generalise both orientation trajectories and force—torque
profiles within the DMP framework to transfer a human peg-in-
hole assembly skill to a robot under variable task constraints.
Several authors have proposed variants that overcome specific
drawbacks of the original formulation: Park et al. [33] added an
extra term that removes the singularity occurring when the start
and goal coincide; Hoffmann et al. [34] introduced biologically
inspired DMP variants with online obstacle avoidance; and Gi-
nesi et al. [35] consolidated these improvements in the so-called
DMP++ formulation. Among the alternative LfD encodings,
Pervez and Lee [36] proposed task-parameterised DMPs based
on a mixture of Gaussians, and Maeda et al. [31] developed
ProMPs for human—robot collaborative tasks. A long-standing
limitation of all these methods, however, is that the learnt skill
is essentially a reproduction of the demonstration; without ad-
ditional mechanisms there is no way to refine the skill if the
demonstration is suboptimal or if the robot’s dynamics differ
from those of the demonstrator [1, 6].

2.2. Combining Demonstration with Reinforcement Learning

To overcome the imitation barrier of LfD, several authors
have explored combinations of demonstrations with RL in
which the demonstration serves as an initial policy that is
then improved by interaction with the environment [2]. Peters
and Schaal [37] first showed that DMPs can be improved
using natural-actor—critic policy-gradient methods. The Policy
Improvement with Path Integrals algorithm of Theodorou et
al. [38] provides a probabilistic gradient-free alternative that
has been widely adopted in DMP refinement [39]. Stulp and
Schaal [39] extended this approach to a hierarchical setting
in which an upper-level policy selects DMP shape parame-
ters and a lower-level policy executes the resulting motion.
More recently, Kim et al. [40] proposed a hierarchical deep
RL architecture that decomposes a complex task into a se-
quence of DMPs and learns both the sequencing and the
shaping of the primitives from demonstration, while Kim et
al. [41] showed that movement-primitive-based RL is par-
ticularly suited to contact-rich assembly tasks. Hierarchical
RL ideas have also been used in pure-RL settings without
demonstrations [42, 43, 44, 45]. Mohseni-Kabir et al. [46]
learn primitives and their hierarchy simultaneously, and sev-
eral authors have studied the segmentation and sequencing of
primitives [47, 48, 49, 50, 51, 52, 53, 54].

Despite the maturity of these approaches, a common prac-
tical difficulty has remained: when the refinement objective
itself involves several competing criteria — for instance, the



trade-off between staying close to the demonstration and re-
ducing motion effort, jerk or execution time — the user must
combine these criteria into a single scalar reward by manu-
ally choosing weights. The optimal weighting depends on the
specific demonstration and on the robot, and is typically found
through trial-and-error, which limits the practical scalability of
LfD-plus-RL pipelines. Multi-objective RL [12] replaces the
single scalar reward with a vector reward and returns a Pareto-
optimal set of policies; the final operating point is then cho-
sen a posteriori by the designer rather than a priori through
weight tuning. Xu et al. [12] recently proposed a prediction-
guided algorithm that constructs a high-quality Pareto front for
continuous-control problems within a deep RL framework. Re-
cent work also combines the two ingredients at the level of
task structure rather than of a single motion: Rauso et al. [55]
pair imitation learning from virtual demonstrations with rein-
forcement learning to train reusable manipulation primitives in-
crementally, then compose them symbolically into structured
tasks. That line is complementary to the present one, which
refines a single continuous primitive against competing contin-
uous objectives rather than sequencing discrete ones. Closest to
the construction used here, Li et al. [S6] embed a DMP-based
policy in the actor—critic structure of DDPG and derive the cor-
responding update rules, so that the networks learn to set the
parameters of the DMP. The present work differs in two re-
spects: the policy replaces the forcing term itself and is queried
at every time step rather than emitting a parameter vector once
per trajectory, and the refinement is multi-objective, so that the
operating point is chosen a posteriori from a Pareto front in-
stead of being fixed in advance by a single scalar reward. The
present work combines this multi-objective deep RL approach
with DMP-based LfD and adds a TOPSIS [57] multi-criteria
decision-making step that picks a balanced policy from the front
automatically, thereby producing a fully automated improve-
ment pipeline that does not require the user to weight the objec-
tives by hand.

3. Background

For completeness, this section briefly summarises the two
building blocks of the proposed framework: the Dynamic
Movement Primitive formulation used to represent the demon-
strated motion, and the deep reinforcement learning algorithms
used as the back-end of both the imitation and the refinement
stages. The notation introduced here is used throughout the rest
of the paper.

3.1. Dynamic Movement Primitives

A Dynamic Movement Primitive encodes a one-dimensional
motion from an arbitrary start point to a fixed goal g as a sta-
ble, non-linear, second-order dynamical system. The model
consists of two coupled differential equations, often referred to
as the transformation system, together with a third differential
equation that drives the system through time, called the canon-
ical system. Following the formulation of Park et al. [33],
which is the variant used in this work because it removes the

start—goal coincidence singularity of the original DMP, the
transformation system is

72=K(g-y)—Dz-K(g—-y0) x+ K f(x), M
-z, @

where y is the position of the modelled coordinate, z is a scaled
velocity, 7 is a temporal scaling constant, K and D are stiff-
ness and damping gains satisfying the critical-damping condi-
tion D = 2 \/E g is the goal position, yy is the start position,
and f(x) is a non-linear forcing term that shapes the transient of
the motion. The variable x is the phase of the motion, generated
by the canonical system

TX = —@, X, x(0) =1, 3)

where a, > 0 is chosen so that x decays from 1 to a value close
to 0 over the duration of the motion. Replacing time by the
phase x removes the explicit time dependence of the transfor-
mation system, which is the key property that allows a DMP to
be temporally rescaled by changing 7 without retraining.

The forcing term is parameterised as a normalised weighted
sum of N radial basis functions of the phase variable,

SN i) w;
SN wi(x)

where ¢; and o-; are the centre and width of the i-th basis func-
tion and w; are the trainable weights. The multiplicative phase
factor x in (4) guarantees that f(x) — 0 as the motion com-
pletes, so that the transformation system converges to the goal
g as a stable second-order linear system.

Given a demonstrated trajectory {Ygemo(#), Ydemo (), jidemo(t)}f: :
sampled at P time steps, learning a DMP amounts to estimating
the weights w; so that the forcing term explains the residual
between the demonstration and the linear goal-attractor sys-
tem. The target forcing function is obtained from the inverse
of (N—(2),

_ )2
f(x) = X, wx):exp[—u], )

20'1.2

1
ftarget(t) = E[szdemo(t)+DTydemo(t)_K(g_ydemo(t))"'l((g_yO) x(t)]s
&)

and the weights are obtained in closed form from a locally
weighted regression problem,

P
Ji = Y Ui fusge ) = 0 EQOF,  E0) = X, (©6)
t=1

whose minimiser is
.
S Fi ftarget
w; = et
! s'T;s

with s = [£(1),....&P)], I = diag(yi(1),...,¥;(P)) and
farget = [frarget(1)s ..+, faarget(P)]".  Consistently with the Park
transformation system (1), the forcing is regressed on the phase
alone (and is therefore not amplitude-scaled by g — yp), while
the start—goal offset is carried by the explicit —K(g — yo)x term;
the same convention underlies the learning target (5) and the
supervised target (19) used later.

)



The closed-form solution (7) is sometimes referred to as
batch learning because it requires the entire demonstration to be
available. The classical DMP framework is therefore inherently
imitative: once (7) has been solved, the only way to improve the
policy is to either provide a better demonstration or to combine
the DMP with an additional refinement loop such as the RL-
based loop proposed in this paper.

The same construction applies independently to each com-
ponent of a D-dimensional task-space trajectory, so that the
multi-dimensional DMP is simply a vector of identical scalar
DMPs sharing the same canonical system [8].

3.2. Deep Reinforcement Learning

Reinforcement learning casts sequential decision-making
as a Markov Decision Process (MDP) defined by a tuple
(S, A, p,r,v), where S and A are the state and action spaces,
p(si+1 | 81, ay) 1s the transition kernel, r(s;, a;) is a scalar reward
and y € [0,1) is a discount factor [S]. A policy mg(a | )
parameterised by 6 is sought that maximises the expected dis-
counted return J(6) = E.[Y; ¥'r(ss, a,)]. In continuous-action
robotic settings, actor—critic algorithms combine a parametric
policy (actor) with a parametric value or action-value function
(critic) to obtain low-variance policy-gradient estimates. Three
actor—critic algorithms are used in this work, all of which are
widely available in standard deep-RL libraries and are briefly
recalled below.

Proximal Policy Optimization (PPO). PPO [9] is an on-policy
stochastic-policy-gradient method that maximises a clipped
surrogate objective so that each update remains within a trust
region around the previous policy. The clipping mechanism
makes PPO empirically more stable than vanilla policy gradient
and trust-region methods such as TRPO [58], while remaining
straightforward to implement.

Soft Actor—Critic (SAC). SAC [10] is an off-policy maximum-
entropy actor—critic algorithm. By augmenting the standard re-
turn with an entropy bonus, SAC encourages exploration and
frequently achieves higher sample efficiency than purely deter-
ministic methods on benchmark control tasks. The use of a
replay buffer and two Q-function estimators (to address over-
estimation bias) make SAC robust but computationally heavier
per environment step than on-policy methods.

Twin Delayed DDPG (TD3). TD3 [11] is an off-policy
deterministic-policy actor—critic algorithm that improves
upon Deep Deterministic Policy Gradient (DDPG) [59] by
introducing three mechanisms that mitigate the well-known
overestimation bias of actor—critic methods: a pair of critic
networks whose minimum is used as the target, delayed pol-
icy updates relative to the critic, and target-policy smoothing
through noise injection.

In the proposed framework, any of these three algorithms
can be used to optimise the DMP-as-policy of Section 4. Sec-
tion 5 compares them empirically and reports the trade-off be-
tween sample efficiency (number of episodes to convergence)
and wall-clock cost (training time on the same hardware).

3.3. Multi-objective Reinforcement Learning

In multi-objective RL, the scalar reward r is replaced by
a vector reward r € R™, one component per objective, and
the agent’s value function becomes a vector V'(s) € R™ [12].
Given a non-negative weight vector w € RY) with 3, w; = 1,
the corresponding scalar problem is

max J(6,w) = 0 F(ny) = Z w; Ji(mg), (3

i=1

with J;(my) the expected return for the i-th objective. Sweeping
w across the simplex traces an approximation of the Pareto front
of the multi-objective problem, i.e. the set of policies for which
no objective can be improved without degrading at least one
other.

Two scalar indicators are widely used to assess the quality
of a discrete Pareto-front approximation [12]: the hypervolume
H that measures the size of the dominated region with respect
to a reference point and reflects both convergence and spread;
and the spread (sparsity) indicator S of Xu et al. [12], defined as
the average, over the m objectives, of the mean squared gap be-
tween consecutive front points sorted along that objective. Note
the sense of S': unlike H, smaller values are better, a small S in-
dicating a front whose points are densely and evenly distributed
rather than clustered with large gaps. Throughout this paper the
hypervolume reference point is taken as the component-wise
nadir of the evaluated objectives (the worst value attained on
each axis), and the objectives are placed on a fixed common
scale before H and S are computed. Because both indicators
depend on this reference point and on the objective scaling —
S quadratically, as it accumulates squared gaps — H and S val-
ues are comparable only across fronts computed on the same
scale; the scale used for each reported value is stated where it
appears. These two indicators are reported in Section 5 to char-
acterise the Pareto fronts produced by the proposed framework.

4. Proposed Framework

The proposed framework integrates Dynamic Movement
Primitives with deep reinforcement learning in three sequential
stages, as depicted in Fig. 2, and is implemented as the modular
learning—control architecture shown in Fig. 1. Stage I (Sec-
tion 4.1) reformulates the DMP as a parameterised policy that is
trained, by supervised learning followed by deep RL, to imitate
the demonstration. Stage I (Section 4.2) embeds the trained
primitive into a prediction-guided multi-objective deep RL
procedure that returns a discrete approximation of the Pareto
front for a vector of competing objectives, typically imitation
fidelity versus motion effort. Stage III (Section 4.3) selects a
single operating point from the Pareto front through TOPSIS,
a well-established multi-criteria decision-making algorithm.
Section 4.4 discusses the extension of the framework to full
six-degree-of-freedom task-space motions, and Section 4.5
consolidates the entire pipeline into algorithmic pseudocode.
The overall pipeline (Section 4.7) requires no manual reward-
weight tuning — the weighting is replaced by a documented



objective-normalisation step and a single interpretable TOPSIS
preference vector (Section 4.3) — and produces a refined,
executable DMP from a single demonstration.

4.1. Stage I — Imitative Learning of the DMP

4.1.1. DMP as a parameterised policy

Because the canonical system (3) is deterministic and
the transformation system (1)—(2) is fully specified once the
forcing term f is known, learning a DMP can be cast as a
reinforcement-learning problem in which the forcing term is
the policy. To make this construction concrete, we discretise
the canonical and transformation systems with an Euler scheme
of step size T and treat each step as one transition of an MDP.
The canonical update becomes
xo =1, ©)

X1 = x5 = T ay x/7,

and the trajectory update is

¥ = HK(g - y) - Dy — K(g - yo)x, + K fi].
Ve =9+ T3y, (10)
Yirr = Ve + Ty,

in which f; is the policy output at the current step.

A naive choice would be to parameterise f; directly as the
output of a neural network hy, i.e. f; = hy(x,). Two issues,
however, must be addressed before this construction can be de-
ployed.

Convergence to the goal. The DMP relies on f(x) — 0 as
x — 0 so that the transformation system converges to the goal
as a critically damped second-order linear system. If /g(x,) is
the output of a neural network with non-zero bias, this con-
vergence is no longer guaranteed and the end-effector can drift
away from the goal at the end of the motion. We therefore pa-
rameterise the policy through the auxiliary function hy multi-
plied by the phase, so that the action emitted by the agent is

Ji = ho(+) xi, (11)

where the argument of 4y is to be defined below. Since x; — 0 at
the end of the motion, this guarantees f; — 0 and preserves the
goal-convergence property of the DMP without any additional
constraint on the network weights.

4.1.2. State-space enrichment for the Markov property

If the only state variable were the phase x,, the imitation
reward would not in general be a function of the observed
state: given x; and f;, the next position y,;; cannot be predicted
without also knowing y, and y,, which are not recoverable
from x, across policies. This does not formally violate the
deterministic-MDP assumption — for a fixed deterministic
policy and initial condition the rollout, and hence the reward, is
indexed by the phase alone — but it does mean that the value
function cannot distinguish rollouts that share a phase yet differ
in position, which matters as soon as the rollout distribution
departs from the reference through stochastic exploration,
perturbations, or a changed start—goal pair. We therefore enrich

the state to include the position and velocity of the tracked
trajectory,

s; = (X Yi» Vo) (12)

and let the policy network receive the full state as input. The
action is still (11) but the auxiliary function now depends on
the enriched state,

Jo = ho(xe, yi, ye) X 13)

The resulting MDP has continuous state and action spaces and a
deterministic transition kernel given by (9)—(10); it is therefore
directly compatible with the actor—critic algorithms recalled in
Section 3.2. The flip side of this choice is quantified in Sec-
tion 5.8: in strictly deterministic single-trajectory imitation the
enrichment is unnecessary and can cost accuracy through co-
variate shift, so it should be read as the structural interface re-
quired by the spatial-scaling reformulation of Section 4.1.3, not
as an accuracy device.

4.1.3. Spatial-scaling reformulation

A key property of the classical DMP is its spatial scalabil-
ity: once the weights w; have been learnt for a particular start—
goal pair (yo, g), the same weights produce a shape-preserving
trajectory for any other pair (y;, g’), with the trajectory being
affinely scaled by the ratio of the two amplitudes. With a fixed-
weight neural-network policy, this property is no longer auto-
matic, because the network outputs /gy depend on the absolute
values of the inputs y, and y, rather than on their position rela-
tive to the start and the goal. To recover the spatial-scalability
property we propose an input/output normalisation scheme that
turns the deep policy into a shape-invariant controller.

Let the original demonstration have start yy and goal g, and
let (y;, &) denote a new start—goal pair to which the learnt mo-
tion must be transferred. Following the spatial-scaling argu-
ment of Ijspeert et al. [8], the desired transformed trajectory
should satisfy

’ 4

YO -y, 8-

£ A, (14)
(@) = yo g0

so that the scaled position and velocity become

YO =A®-yo) +y5, YO =AyQ. (15)

Substituting (15) into the DMP relation (1) and rearranging
yields the scaled transformation system

7 = K(g' -y) - D7 - K(g' - ) x
+ KAhdx, N;'O0"), Ny'G)x, (16)

which shows that the same policy /4 can be re-used at run time
provided its position and velocity inputs are first mapped back
to the training frame by the inverse normalisers A,' and A,
and its forcing output is post-scaled by Ny. With the amplitude
ratio A of (14), the forward maps (training frame — deployment
frame) are

Np() =A = y0) + s

N =Ay, Ne(f)=Af (A7)



DMP encoder
(Stage I)

Human

demonstration ho(x,y,7)

Deep policy

reward r(t)

MORL refine
+ Pareto front

TOPSIS
selection

(Stage 1) (Stage Ill)

hy (Cartesian ref.)

Inverse PD joint

controller

kinematics

manipulator
(MudoCo / lab)

0,0

Joint encoders and

-

end-effector pose feedback

Figure 1: Integrated learning—control architecture of the proposed framework. The upper row implements the trajectory-generation (learning) layer: a demonstration
is encoded by the DMP, its forcing term is parameterised as a deep policy, the policy is refined by multi-objective deep RL into a Pareto front of candidate primitives,
and TOPSIS selects a single operating point /. The lower row is the motion-execution (mechatronic) layer: the selected Cartesian reference is mapped to joint
references 6, by an inverse-kinematics solver, tracked by a PD joint controller that emits the joint torque 7 and applied to the manipulator (simulated or physical),
with joint encoders closing the inner motion loop. The dashed arrow returns the simulated/measured state to the multi-objective stage as the vector reward r(z),

closing the outer learning loop.

and the inverse maps (deployment frame — training frame)
used in (16) are

NG =ATG =) +y0. NG =AY

Equations (17)—(18) thus implement the spatial-scalability
property at the controller level without modifying the policy
weights, and are applied as a pre- and post-processing stage
whenever the start—goal pair differs from the one used during
training. The normalisers N, are distinct from the stiffness gain
K of (1) and from the PD gains of the joint controller.

(13)

4.1.4. Supervised pre-training of the policy

Although the MDP formulation of Section 4.1.1-4.1.2 is
now fully compatible with standard actor—critic algorithms,
training the policy from scratch is wasteful because the demon-
stration itself contains all the information required to obtain
a near-optimal initialisation. By inverting the discretised
transformation system (10) with respect to hy, the per-step
supervision target is

demo(t) + DTYaemo(t) — K(8 = Yaemo(®)) + K(g — yo)x;

htargel(t) = Kx
19)
A supervised regression problem with input—output pairs
(1 Yaemo(), Yaemo(1)), Hrargec (D), (20)

is then solved with the same network architecture that will be
used in the subsequent RL phase, by mini-batch stochastic gra-
dient descent. The pre-trained network is used to initialise the

actor of the RL algorithm; the critic is initialised randomly and
refined together with the actor during the RL phase.

4.1.5. Reward and deep RL refinement

The reward used in the imitation phase is the negative ab-
solute deviation between the policy-generated position and the
demonstration at each time step,

() = = y1 = Yaemo(®) |- @21

which yields a return whose maximum is zero when the policy
reproduces the demonstration exactly. Any of the three actor—
critic algorithms reviewed in Section 3.2 can be used to opti-
mise the pre-trained policy under this reward; Section 5 reports
a head-to-head comparison and motivates the choice of PPO as
the back-end of the case study. At the end of Stage I, a deter-
ministic policy h;imn that reproduces the demonstrated trajectory
to within the residual error inherent to the chosen number of ba-
sis functions and network capacity is obtained.

4.2. Stage Il — Multi-objective Refinement

The objective of Stage II is to refine the imitative primitive
against a vector of m objectives that captures, in addition to
imitation, complementary criteria such as motion effort, jerk,
execution time, or distance to obstacles. The vector reward used
in this work has two components,

‘yt y.demo(t) |] ’ (22)

r(t) = [ —|y |

-
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Figure 2: Block diagram of the proposed three-stage framework. Stage I (left) learns an imitative DMP policy from a single demonstration via supervised pre-
training followed by deep RL. Stage II (centre) refines the primitive against a vector of objectives using prediction-guided multi-objective deep RL and constructs a
discrete Pareto front. Stage III (right) selects a balanced operating point on the front using TOPSIS multi-criteria decision making.

where the first component drives the policy towards the demon-
stration (imitation) and the second component penalises high
end-effector velocities (motion effort or, equivalently, execution
speed). The same construction generalises immediately to ad-
ditional or alternative objectives.

4.2.1. Multi-objective policy gradient

For a non-negative weight vector w on the unit simplex, the
scalarised objective is given by (8) and the corresponding policy
gradient becomes [12]

T,
Vol (6, 0) = E| > &' A™(s,,a) Vologmyla, | )|,  (23)
t=0

in which A"(s;,a,) € R™ is a vector of advantage functions,
one per objective, and 7, is the episode length. Because
the weight vector w is allowed to change between updates,
a single scalar value function cannot be reused; instead, a
vector-valued value function V7(s) € R™ is maintained and
trained by minimising [[V*(s) — \A/(s)ll2 where V(s) is the
multi-objective bootstrap target. Equation (23) is written for
a stochastic policy and therefore applies directly to the PPO
and SAC back-ends. For the deterministic TD3 back-end
(whose Stage I output is a deterministic policy), the corre-
sponding deterministic policy gradient [59, 11] is used instead,
in which the score-function term Vylogm is replaced by
back-propagation through a vector-valued action-value func-
tion, VoJ(0, w) = H 0"V, Q" (s, a)|a=m<s) Voue(s)], with ugy the
deterministic actor and Q" € R™ the per-objective critics; the
back-end-agnostic claim of the framework is to be read in this
sense.

4.2.2. Prediction-guided population update

A naive sweep of w across the simplex would require an
unaffordable number of independent policy-gradient runs. The
prediction-guided algorithm of Xu et al. [12], adopted in this
work, avoids this cost by building, alongside each policy in the
current population, a small analytical model that predicts the
per-objective improvement attainable after m, gradient updates
as a function of the chosen weight w ;. For a policy x; improving
objective f; with weight w;, the prediction model is

eu(w/—b) -1

Alw)) = A +c, (24)

whose four parameters A, a, b, c are estimated, for each (i, j)
pair, from a small buffer R of past triples (F(xr), F(n'), w) stored
from previous iterations using non-linear least squares. The in-
tuition behind (24) is that a small weight on an objective pro-
duces a small improvement, a large weight produces a saturat-
ing improvement, and the transition between the two regimes is
smooth.

Given the prediction model and the current discrete Pareto
front EP, the algorithm selects the n next pairs 7~ = {(mr;, w)}L,
that maximise a quality functional

max QO(EP,7) = H(P) + a S(P),

with P = Pareto(F(EP) U {F(r) + Ai(wi)}) s (25)

where H(-) and S(-) are the hypervolume and sparsity of the
predicted Pareto front and @ > O trades the two indicators.
Equation (25) is a mixed-integer programme that is solved
efficiently by discretising the simplex into K samples and
reducing the resulting selection to a knapsack problem [12].
Each selected pair is then improved by m, multi-objective



policy-gradient updates using (23), and the resulting policies
are merged into the next population.

4.2.3. Continuous Pareto-front representation

After a fixed number of generations of the evolutionary step,
the obtained set of Pareto-optimal policies is parameterised so
that an operating point can be selected for any vector of prefer-
ences. The dimensionality of the policy parameters is first re-
duced by t-SNE [60], and the resulting low-dimensional embed-
ding is partitioned by k-means [61]. For an arbitrary objective
vector, the cluster to which it belongs is identified and the corre-
sponding policy parameters are interpolated within that cluster,
producing a continuous Pareto-front representation. This con-
tinuous representation is an optional convenience for querying
preferences that fall between the discretely sampled policies; it
is not required by Stages I-III and is not exercised in the exper-
iments of Section 5, which select operating points directly from
the discrete front. We note, moreover, that the t-SNE embed-
ding is non-parametric and does not preserve global distances
or admit out-of-sample points, so a parametric, directly invert-
ible embedding would be preferable in any deployment that re-
lies on this step; it is included here as a preliminary component
rather than a validated contribution.

4.3. Stage Il — Operating-Point Selection via TOPSIS

Once the discrete Pareto front P = {F,-}?f1 c R™ has been
built, the user is still left with the multi-criteria decision-making
problem of choosing one of its Np elements as the operating
point of the robot. TOPSIS (Technique for Order of Prefer-
ence by Similarity to Ideal Solution) [57] is a well-established
method for this kind of problem: it ranks the candidates by how
close they are to a hypothetical ideal solution (best value on ev-
ery criterion) and how far they are from the anti-ideal solution
(worst value on every criterion).

Each criterion is first normalised through

_ F,'j

= =
P 2
k=1 ij

and weighted by a user-supplied importance vector w
[wi,...,w,]" with 2.jw; = 1, producing the weighted nor-
malised matrix V;; = w; F;;. The ideal and anti-ideal solutions
are defined componentwise as

(26)

V=

j VT =

; @7)

max V,'j, mjn V,‘j,
1 1

under the convention that all objectives are to be maximised; the

Euclidean distance of each candidate to the ideal and anti-ideal

solutions is
m

df = || D Vi - Vi,

=1

(28)

and the closeness coeflicient

(29)
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ranks the candidates: C; = 1 corresponds to the ideal solution
and C; = O to the anti-ideal one. The Pareto-optimal policy
associated with the highest C; is returned as the recommended
operating point of the framework. Because the TOPSIS step
operates on the relatively small front £ rather than on the (much
larger) raw output of the RL procedure, it is cheap to evaluate
and can be re-run with different importance vectors w without
retraining the policy.

4.4. Extension to six-degree-of-freedom task-space motions

For brevity, the developments of Sections 4.1-4.3 were
stated for a one-dimensional motion y(¢), and the case study
of Section 5.4 models a single Cartesian coordinate as a DMP
while the orthogonal coordinates follow pre-defined motions.
The framework, however, extends naturally to the full six-
degree-of-freedom (6-DOF) end-effector pose, that is to a
translation p € R? and to an orientation typically represented
either as Euler (roll-pitch-yaw) angles 7 € R? or as a unit
quaternion q € S3. Orientation is not a Euclidean quantity, and
a body of work accordingly learns skills directly on the corre-
sponding manifolds — Saveriano et al. [62], for instance, learn
stable dynamical systems on Riemannian manifolds so that
unit-quaternion and symmetric-positive-definite constraints are
satisfied by construction. The construction below summarises
the extension and discusses the orientation-specific considera-
tions; the implementation of the experimental section can be
lifted to 6-DOF essentially without change.

Translational DMP.. The three Cartesian components of the
end-effector position p = [py, py, p.]" are encoded by three
transformation systems that share the same canonical phase

x(1),
12, = K, (g,—p)-D,z,—K,(g8,—po)x+K,f,, ™ =12z,, (30)

in which K,,D, € R*? are diagonal stiffness and damping
matrices satisfying the critical-damping condition componen-
twise, and f, € R3 is the vector of forcing terms emitted by
the policy network. Because the three transformation systems
share the same phase, the per-component forcing term retains
the form (4), but the basis-function weights, and hence the deep
policy of Section 4.1.1, are independent across the three axes.
The state-space enrichment (12) becomes

$: = (X, Prs Pr) € R7, 3D

and the policy outputs a three-dimensional forcing vec-
tor f, hy(s)x, € R3. The spatial-scaling transforma-
tions (17) extend componentwise with a diagonal scaling
matrix A = diag(A,, Ay, A;), where A; = (g] — p(’),i)/(g,- - Do)
forie{x,y,z}.

Orientation DMP via roll-pitch—yaw.. When the working
range of the end-effector is small enough to remain bounded
away from kinematic singularities of the Euler-angle parame-
terisation, the orientation can be encoded by three additional
scalar DMPs on (1,,7,,7,) that follow exactly the same
structure as (30)—(31) with a state vector s? (X¢5 125 11)-



The total state of the 6-DOF policy is then the concate-
nation stﬁD = (X, P> PN 1) € R!3 and the action is the
six-dimensional forcing f* € R®. The same supervised
pre-training, multi-objective refinement and TOPSIS selection

apply unchanged.

Orientation DMP via unit quaternions.. For motions that
span a wider orientation range or that traverse a singularity
of the Euler-angle parameterisation, the orientation should
be encoded on the unit-quaternion manifold S rather than
in R3. Following the formulation of Saveriano et al. [6], a
quaternion DMP replaces the linear position error (g, — p) with
the logarithmic map of the relative quaternion,

T =K, 2logq, * )-D,w—-K, 2logq, * o) x+K, f,, (32)
together with the quaternion-product integration ¢ = %w * (,
where w € R3 is the body angular velocity, q,,qo0,q € S 3 are
the goal, start and current quaternions, q denotes the quaternion
conjugate, * denotes Hamilton’s product, log(-) is the quater-
nion logarithm and f, € R? is the orientation forcing term.
The deep policy is then parameterised on the augmented state
(xs, q;, W) With an output projected on the tangent space at the
current quaternion, and the spatial-scaling argument of Sec-
tion 4.1.3 applies with the appropriate quaternion-logarithm ra-
tio. The multi-objective machinery and the TOPSIS step are
unaffected by the change of orientation parameterisation, which
only modifies the integration of the transformation system and
the input dimension of the policy network.

The 6-DOF extension introduces three additional consider-
ations that are worth highlighting. First, although the canon-
ical system is shared across the six channels, the per-channel
policies need not be: independent networks decouple the per-
axis convergence rates at the cost of a slightly larger total pa-
rameter count. Second, the inverse-kinematics block of Fig. 1
now consumes a full pose reference rather than a single Carte-
sian coordinate; for the manipulator, an analytical closed-form
solver [63] is available and avoids the introduction of numeri-
cal conditioning issues. Third, when orientation is represented
by quaternions, the imitation reward (21) and the velocity re-
ward (22) should be computed with the geodesic distance on §3
and with the angular-velocity norm respectively, so that the vec-
tor reward retains its physical interpretation. The experimen-
tal scope of this extension is limited. The multi-axis position
construction (30)—(31) is exercised empirically in Section 5.12,
where three parallel position DMPs sharing one canonical sys-
tem are fitted and redeployed at a new start—goal pair; the ori-
entation extensions of this subsection (Euler-angle and quater-
nion), by contrast, are derived but not yet validated experimen-
tally. The main case study therefore restricts the learnt DMP to
a single Cartesian component to keep the multi-objective trade-
off easy to visualise and compare, and a full 6-DOF pose ex-
periment — in particular validating the quaternion forcing term
and the geodesic rewards on real orientation data — is left to
future work.
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4.5. Algorithmic pseudocode

For completeness and reproducibility, Algorithms 1-3 con-
solidate the operations of the three stages of the framework
into pseudocode. The notation follows the previous subsec-
tions. The pseudocode is back-end-agnostic: the function Por-
1cYGRADIENTUPDATE in Algorithms 1 and 2 refers to one update
step of the chosen actor—critic algorithm (TD3, SAC or PPO),
and VECTORVALUEPOLICYGRADIENTUPDATE in Algorithm 2 refers
to its vector-valued multi-objective extension as described in
Section 4.2.1.

Algorithm 1 Stage I — Imitative learning of the DMP policy.

Require: demonstration {Ygemo(!); Yaemo (1), Yaemo(D}-.,, hyper-

parameters (7, K, D, a,, N, T), supervised epochs Eg,, RL
episodes Ejnit

Ensure: trained DMP policy hj

1: Set Yo < Ydemo(1), & < Ydemo(P)

Generate phase trajectory {x;} from (9)

Compute supervision targets {Areet(#)} from (19)

Initialise 8 randomly; build dataset D from (20)

for k = 1to Egp do > Supervised pre-training
00— UVH ||htarget - h(i”;)

end for

Initialise critic networks randomly

for e =1 to E;p;; do > Deep RL refinement
Roll out an episode of length P using (9)-(10) and ac-

tion f; = hy(s;) X;
Collect rewards r(¢) from (21)
6 « PoLicYGRADIENTUPDATE(H, {(S;, f;, (1))})

end for

return h;;imil — hy

R A L 2

,_
e

11:
12:
13:
14:

The pseudocode makes explicit the four parameters that the
user must supply: the DMP hyper-parameters (7, K, D, a,, N)
shared by Stages I and II; the supervised and RL budgets
(Esups Eimit) of Stage I; the population, warm-up, generation
and update budgets (n, Ewy, G,m;, K,,) of Stage II; and the
importance vector w of Stage III. Of these, only the importance
vector w encodes fask-level preferences and is therefore the
only parameter that a non-expert user is expected to adjust after
deployment; the other parameters are tuned once and reused
across tasks of the same kinematic structure.

4.6. Computational complexity

This subsection summarises the computational cost of
each stage of the framework in terms of the hyper-parameters
introduced in Sections 4.1-4.3 and listed in Algorithms 1-3.
Throughout, |hg| denotes the parameter count of the policy
network, |V| the parameter count of the value (or vector-value)
network, P the length of an episode in time steps, d, the state
dimension, d, the action dimension and m the number of
objectives. For the case-study setting of Table 1, P = 100,
d, = 3, d, = 1 and the network architecture of Section 5.1
yields |hg| ~ 7 - 10* parameters.



Algorithm 2 Stage II — Multi-objective refinement and Pareto-

front construction.

Require: initial policy hgim", vector reward r(f) as in (22), pop-
ulation size n, warm-up iterations E\,,, generations G, per-
pair updates m,, simplex resolution K,

Ensure: discrete Pareto front # of policies and objectives

1: Sample weight set Q = {w;}!| on the unit simplex

: Initialise population IT = {r;}? | from h;imn

: Initialise prediction-model buffer R « &

: fore=1to Ey, do

fori=1tondo
Roll out one episode under (r1;, w;); collect F(rr;)
7; < VECTORVALUEPOLICYGRADIENTUPDATE(7T;, ;)
Append (F(r), F(n}), w;) to R

end for

: end for

: Compute current Pareto front EP < PareTo({F(1;)})

> Warm-up stage

R e A A o

—_ =
—_ O

12: for g =1to G do > Evolutionary stage

13: Fit prediction model A;(w ;) from (24) on R

14: Discretise simplex into K,, samples and solve (25) by
knapsack reduction to obtain 7~ = {(;, w;)}_,

15: fori=1tondo

16: for £ =1 to m; do

17: 7t; < VECTORVALUEPOLICYGRADIENTUPDATE(7;, ;)

18: end for

19: Roll out one episode; append (F(z9'%), F(;), w;) to
R

20: end for

21: EP « Pareto(EP U {F ()} )

22: end for

23: P« {(n,F(m)) : F(r) € EP}

24: return P

Algorithm 3 Stage IIT — TOPSIS operating-point selection.

Require: Pareto front # = {(x;, F[)}f\;”l

tor w € RY) with 3};w; =1
Ensure: selected policy A
1: fori=1toNp, j=1tomdo
Fij e« Fijl S0 F
Vij «w;Fjj
: end for
for j=1tomdo
VT « max; V;
end for
: fori=1to Npdo
di « XL (Vij = Vi)
Ci—d; /df +d)
: end for
: %« argmax; C;
: return i) < mp

c R™, importance vec-

> Normalisation (26)

o VJ_ — min,- V,

R A A o
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Stage 1 — supervised pre-training.. The supervised target
hiarger(?) in (19) is obtained in closed form from the demonstra-
tion in O(P) operations. The mini-batch gradient descent of
Algorithm 1 costs QEqyp - |hgl) for the parameter updates plus
QEqy - P - d,) for the forward passes over the demonstration.
With the network of Section 5.1, this stage requires only a few
seconds on a single CPU.

Stage I — RL refinement.. The deep RL refinement loop per-
forms one environment step (a constant-time evaluation of (9)—
(10)) followed by one network forward pass per time step. For
Eimit episodes of length P, the total cost is

Cstage LRL = qumit P (lhel + |V|)), (33)
which is independent of the dimensionality of the workspace
because (a) the canonical system is shared across Cartesian co-
ordinates and (b) per-axis DMPs are decoupled (Section 4.4).
This is the empirical observation reported in Table 2: tripling
the workspace dimensionality from 1 to 3 does not appreciably
increase the wall-clock cost of Stage I.

Stage II — multi-objective refinement.. The dominant cost of
Algorithm 2 is the per-pair policy gradient. The warm-up stage
performs Eyy -1 episodes; the evolutionary stage performs G-n-
m; episodes; each environment step costs (|/y|+m-|V|) because
the vector-valued critic carries m outputs in parallel. The total
RL cost is therefore

Csugerrl. = 1 P (gl +m - |V]) - (Eyu + G -my)). (34)

On top of the RL cost, each generation of the evolutionary stage
fits the analytical prediction model (24) on the buffer R at a cost
AIR) per (i, j) pair via Levenberg-Marquardt, and selects the
next n pairs by solving the knapsack-reduced quadratic prob-
lem (25) in O(K,, - |[EP]) time, where K,, is the simplex discreti-
sation and |EP| the size of the current front. Both terms are neg-
ligible with respect to (34) in our experiments. The continuous-
Pareto-front representation of Section 4.2.3 adds an O(N 13) t-
SNE step [60] and an O(Np - k - iy) k-means step, where Np is
the size of the final front, k the number of clusters and ij the
number of k-means iterations.

Stage Il — TOPSIS.. Algorithm 3 touches the front exactly
twice and the importance vector once. Its cost is O(Np - m),
which is several orders of magnitude smaller than (34). Re-
running Stage III with a different importance vector w does not
require retraining, which is the practical advantage that justifies
its inclusion as a separate stage.

Memory.. The bottleneck is the replay buffer of the off-
policy actor—critic algorithms (TD3, SAC), whose size is fixed
and back-end-defined; the framework adds only the small
prediction-model buffer R of triples (F(n), F(7'), w) € R¥"™
used to fit (24). For the parameter ranges of our experi-
ments, |R| ~ 10? entries, so the additional memory footprint is
negligible.



Wall-clock summary.. On the workstation of Section 5.1,
Stage 1 converges in less than two hours irrespective of the
back-end (Table 2); Stage II requires Ey, + G - m, 100
inner-loop iterations per policy with n = 10 policies in parallel
and 6 rollout episodes per update (i.e. the 6000 episodes of
Section 5.3), yielding a wall-clock cost approximately one
order of magnitude larger than Stage I; Stage III is essentially
instantaneous. Both stages are amenable to embarrassingly
parallel execution across the n policies and across the random
seeds, which is exploited in the ablation studies of Section 5.

~

4.7. Pipeline summary

The complete framework, summarised pictorially in Fig. 2,
takes a single demonstration as input and returns a refined DMP
policy as output, with no human intervention beyond the choice
of DMP hyper-parameters (Section 4.1.1), the multi-objective
deep RL hyper-parameters (Section 4.2) and the importance
vector w that encodes the user’s preferences in Stage III.
Stages II and III are decoupled by the explicit construction of
the Pareto front, so that a single Stage-II run can be reused
with several different TOPSIS preference vectors at virtually
no additional cost. Likewise, the deep RL back-end used in
Stages I and II is interchangeable: as discussed in Section 3.2,
any policy-gradient algorithm with continuous state and action
spaces is admissible. The next section presents an empirical
evaluation of the framework with three popular back-ends
(TD3, SAC and PPO) on canonical reference trajectories and
on a pick-and-place case study in MuJoCo.

5. Experiments and Results

This section reports an empirical evaluation of the proposed
framework. Section 5.1 describes the implementation and the
hyper-parameter choices that are common to all experiments.
Section 5.2 evaluates the Stage I imitation pipeline on canoni-
cal sine and cosine trajectories with three deep RL back-ends
(TD3, SAC, PPO) and compares them on accuracy and com-
putational cost. Section 5.3 presents Stage II results, namely
the Pareto front of imitation versus motion effort on a sine
reference. Section 5.4 presents a pick-and-place case study
performed in MuJoCo that exercises the complete three-stage
pipeline, Section 5.5 validates the same skill on a physical
manipulator through a 250-trial hardware experiment, Sec-
tion 5.6 reports a 360-trial cross-condition robustness study on
the physical robot, and Section 5.7 reports a 240-trial study
of the actuator effort, smoothness and dynamic load. The re-
maining subsections report ablation, sensitivity, generalisation,
three-objective and obstacle-avoidance studies.

5.1. Implementation and Hyper-parameter Settings

All experiments were implemented in Python using Py-
Torch and standard open-source implementations of the three
deep RL back-ends. The MuJoCo physics engine [64] was
used for the rigid-body simulation of the manipulator. Train-
ing and inference were performed on a workstation equipped
with a 7-core Intel® CPU at 2.59 GHz, an NVIDIA GeForce
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940MX GPU together with an integrated Intel HD Graphics
520, and 8 GB of RAM. The DMP hyper-parameters used
throughout the paper are listed in Table 1; these were chosen
with D = 2 VK so that the goal attractor of (1)—(2) is critically
damped. The DMP forcing term (4) uses N Gaussian basis
functions whose centres are spaced exponentially in the phase
variable, following the time-uniform placement rule of [§]
(with a centre-spacing decay constant larger than the canonical
rate a,, so that the bases concentrate towards the end of the
phase decay), and whose widths are proportional to the local
centre spacing.

On the nature of the demonstrations.. A scoping remark ap-
plies to all experiments below: the demonstrations used here are
prescribed analytic reference trajectories rather than human-
recorded motions. Three points bound what this does and does
not affect.

First, the demonstration enters the framework at exactly
two places: as the sampled target sequence in the supervised
pairs (20) that bootstrap the policy in Stage I, and as the tar-
get of the imitation reward (21). Both are obtained from the
sampled triple {y(?), y(), ¥(t)} by the closed-form fit (7), which
is indifferent to how those samples were produced. Nothing in
Stages I-III inspects the provenance of the reference, so a ki-
naesthetic, teleoperated or marker-tracked trajectory would en-
ter through the same interface with no change to any algorithm,
hyper-parameter or reward.

Second, and more substantively, the reference does not de-
termine the refined behaviour. Stage I is a bootstrap: its role is
to place the policy near a good initialisation, and its influence is
measured directly in the ablation of Section 5.8, where remov-
ing it degrades the final return but does not change the charac-
ter of the solution. The multi-objective refinement of Stage II
optimises the vector reward (22), whose effort component is
evaluated on the executed motion, and the operating point is
then selected from the resulting Pareto front. The demonstra-
tion therefore fixes the imitation target and the starting point
of the search; it does not fix the trade-off that the framework
discovers, nor the policy that TOPSIS selects.

Third, the choice is deliberate rather than incidental.
Human demonstrations differ between repetitions, so an eval-
uation built on them cannot separate variation caused by the
refinement stages from variation already present in the input.
Controlled references remove that confound: every imitation
residual, Pareto front and effort reduction reported below is
attributable to the algorithm alone and is exactly reproducible.
This matters here because the claims are comparative — five
controllers on the same task, one front against its own extremes
— and such comparisons are only meaningful if the input is
held fixed.

What remains untested is bounded and specific. Recorded
human motion carries properties that smooth analytic curves
lack: correlated sensor noise, non-smooth segments and hesi-
tations, via-point structure, and inter-demonstration variability
that forces a choice between fitting one trajectory or an average
of several. The evidence in Section 5.13 and Table 9 shows the
fitting stage degrading gracefully when the basis is too coarse



Table 1: DMP hyper-parameters used in all experiments.

Parameter Value
Number of integration steps (per episode) 100
Motion duration 7 ls
Stiffness gain K 1000
Damping gain D 63.25
Canonical decay rate a, 1
Integration step T 0.01s
Number of basis functions N 25

to represent the target, and the hardware experiments show the
refinement operating under real execution noise, friction and
payload variation; neither establishes that the fir of a noisy, ir-
regular reference behaves as the fit of a smooth one. Validating
the pipeline on physically taught demonstrations is accordingly
identified as the most direct item of future work (Section 6).
The results below should be read as a characterisation of the
framework on controlled references, and the framing through-
out is one of trajectory refinement rather than demonstration
acquisition.

For the three deep RL back-ends, both the actor and the
critic networks are fully connected feed-forward networks with
two hidden layers of 256 units each and rectified-linear activa-
tions, following [11, 10]. The learning rate of all Adam opti-
misers is 3x 107, For TD3, the exploration noise is a zero-
mean Gaussian with standard deviation 0.1. Hyper-parameters
that are specific to each back-end (replay-buffer size, batch size,
target-update rate, clip ratio, GAE parameters) are kept at the
default values reported in the original papers; the few that mat-
ter for the comparison reported below (e.g. the number of en-
vironment steps per gradient update) are stated explicitly when
needed.

5.2. Stage I: Imitation Learning on Canonical Trajectories

To evaluate the proposed DMP-as-policy formulation in a
controlled setting, the framework was first asked to learn two
canonical reference trajectories of duration 1 s,

Ydemo(t) = cos(m 1), Ydemo(t) = sin(27 1), (35)

both sampled with the integration step 7" of Table 1. The first
trajectory is a half period of a cosine that starts at 1 and ends
at —1 with non-zero start and end velocity; the second is a full
period of a sine that starts and ends at zero, which would induce
a singularity in the original Ijspeert formulation but is handled
correctly by the Park-variant DMP (1)—(2) thanks to its addi-
tional —K(g — yo)x term. After supervised pre-training as de-
scribed in Section 4.1.4, the policy was refined with each of
TD3, SAC and PPO under the imitation reward (21).

Fig. 3 (top) shows the trajectory reproduced by the TD3
back-end after convergence on the cosine target, superimposed
on the demonstration. The reproduced trajectory tracks the
demonstration with a small, bounded residual that is consis-
tent with the limited capacity of the N = 25 basis-function ex-
pansion. The corresponding training curve (bottom) shows a
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Figure 3: Imitation results on the cosine reference using TD3 as the deep RL
back-end. (Top) After training, the learnt DMP-as-policy (red) reproduces the
demonstration (blue) with a small bounded residual. (Bottom) Episodic return
as a function of training episode, demonstrating monotone convergence to a
near-zero return.

Table 2: Comparison of the three deep RL back-ends on the canonical-
trajectory imitation task. Reported values are the mean number of episodes
required for the return to plateau and the corresponding wall-clock training time
on the workstation described in Section 5.1.

Algorithm Episodes to convergence Wall-clock time (min)

PPO [9] 4000 26
SAC [10] 1000 86
TD3 [11] 1500 100

typical actor—critic learning dynamics, with the episodic return
rising from approximately —45 at initialisation to a near-zero
saturation value after roughly 400 episodes. Similar curves
were obtained for SAC and PPO and on the sine target, with
the differences across algorithms summarised quantitatively in
Table 2.

Although SAC reaches convergence in the fewest episodes,
the per-episode cost of its off-policy actor—critic updates makes
it slower in wall-clock time than the on-policy PPO. TD3 lies
between SAC and PPO in number of episodes but is the slow-
est in wall-clock time because of the cost of its twin critics
and target-policy smoothing. The DMP-as-policy formulation
does not introduce any structural bias that favours one algo-
rithm, so this ordering is consistent with previous reports on
standard MuJoCo benchmarks [11, 10]. Because the multi-
objective stage of Section 4.2 requires a relatively large number
of independent policy-gradient runs and is therefore dominated
by the cost of the back-end, PPO is adopted as the back-end for
the remainder of the experiments. It is also worth noting that
the DMP-as-policy formulation models each Cartesian compo-
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Figure 4: Discrete Pareto front obtained by Stage II on the sine reference trajec-
tory ydemo(#) = sin(2nt). Each blue marker corresponds to one Pareto-optimal
policy in the imitation-versus-velocity objective space. The three coloured
markers indicate the imitation-only solution (grey), the velocity-only solu-
tion (black), and the balanced TOPSIS-selected solution (red). Hypervolume
H = 13412, sparsity indicator S = 7 (smaller is denser).

nent of the end-effector trajectory as an independent DMP that
shares the same canonical system, so the dimensionality of the
workspace does not affect the cost reported in Table 2.

5.3. Stage II: Multi-objective Refinement on the Sine Reference

To exercise the multi-objective refinement procedure of
Section 4.2, the policy obtained in Section 5.2 for the sine
reference was refined against the vector reward (22). Ten
policy—weight pairs {(ﬂi,wi)}}fl were updated in parallel for
a total of 6000 training episodes, with 40 warm-up iterations
during which the population is initialised, G = 6 generations of
the evolutionary stage, m, = 10 multi-objective policy-gradient
updates per generation and 6 rollout episodes per update (so
that n - (Ewy + Gmy) - 6 = 6000). The weight vectors were
sampled from the unit simplex with each component bounded
to [0, 1].

Fig. 4 reports the resulting discrete Pareto front in objec-
tive space; the horizontal axis is the imitation return (negative
absolute deviation between the learnt and demonstrated trajec-
tories, integrated over the episode) and the vertical axis is the
velocity penalty (negative absolute end-effector velocity, inte-
grated over the episode), both rescaled to a [0,200] x [0, 100]
range to ease visualisation. Each blue marker corresponds to
one Pareto-optimal policy. The three coloured circles identify
three operating points of particular interest: the Imrtation-only
solution (grey) that maximises the imitation return at the cost
of high velocity, the VELociTy-only solution (black) that min-
imises the velocity penalty at the cost of poor imitation, and a
balanced Imrtation—VELociTY trade-off (red) returned by TOP-
SIS with equal weights on the two criteria. The hypervolume
of the front is H = 13412 and the sparsity indicator is § = 7,
the large dominated region and the small inter-point gaps to-
gether indicating a well-converged and densely sampled Pareto-
optimal set. At the imitation-only extreme, the imitation return
is 198.77 and the velocity penalty is 2.007, illustrating the an-
tagonistic nature of the two objectives that justifies the multi-
objective treatment.
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Figure 5: The six-degree-of-freedom collaborative manipulator with a two-
finger gripper attached at the end-effector [63], as modelled in the case study of
Section 5.4. The physical cell used in Experiments 1-3, together with its digital
twin, is shown in Fig. 8.

5.4. Case Study: Pick-and-Place in Simulation

The complete pipeline was finally evaluated on a pick-and-
place task performed by a six-degree-of-freedom collaborative
manipulator equipped with a two-finger gripper [63], simulated
in MuJoCo. The manipulator is shown in Fig. 5; in the sim-
ulated cell the robot must pick a wooden block on its right-
hand-side table and place it on a target table to its left. The
orientation of the end-effector is held downward throughout the
motion. The action sequence consists of four phases: an initial
reaching motion to the pickup location, a grasp by the gripper,
a lifting motion, and a final transport motion to the placement
location. The DMP framework is used to model the final trans-
port motion only; the three earlier phases are pre-scripted and
identical across all experiments.

A single demonstration of the transport motion was pro-
vided in task space. The demonstration constrains only the p,
component of the end-effector position; the orthogonal com-
ponents are kept on a pre-defined straight segment. Writing
the Cartesian end-effector position as p = [py, py, p,I" (distinct
from the canonical phase x of Section 3.1), the demonstration
is

py(t)=0.8511(23—ﬂt), P =06(—-1), p(=1, (36)

with ¢ € [0, 1]s and all coordinates expressed in metres. The
py component is modelled by a single DMP with the hyper-
parameters of Table 1 and learnt by the Stage I pipeline us-
ing PPO. At run time the desired task-space motion is con-
verted to joint commands by an analytical inverse-kinematics
solver [63, 65]; of the (up to eight) inverse-kinematics branches,
the one closest to the current joint configuration is selected
(elbow-up, non-flipped wrist), which keeps the arm on a sin-
gle smooth branch throughout the transport and avoids recon-
figuration jumps. The resulting joint references are tracked
by the proportional—derivative (PD) joint controller of Table 3
augmented with a gravity-compensation term g(q) (computed
from the model link masses and centres of mass), so that the
modest PD gains in Table 3 (in N m/rad and N m s/rad) regu-
late only the comparatively small dynamic tracking error rather
than the standing gravity load; this is why gains of order 15—
30 N m/rad suffice despite a gravity-induced shoulder torque of
tens of newton-metres.



Table 3: Joint and gripper PD-controller gains used in the case study, tuned
manually on the MuJoCo model. K, is in Nm/rad and K; in Nms/rad; the
controller additionally applies a model-based gravity-compensation term, so
these gains regulate only the dynamic tracking error.

Joint K, Ky

1 21 0.11
2 30 0.10
3 15 0.05
4 21  0.01
5 15 0.01
6 15 0.01
Gripper 7.5 0
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Figure 6: Discrete Pareto front obtained by Stage II on the pick-and-place case
study. Axes and markers are as in Fig. 4. Hypervolume H = 12502, sparsity
indicator S = 4 (smaller is denser).

The Stage II multi-objective refinement was then run on the
trained primitive using the same vector reward (22) and the
same population size and budget as in Section 5.3. Fig. 6 re-
ports the resulting discrete Pareto front. The hypervolume is
H = 12502 and the sparsity indicator is S = 4, confirming the
quality and the dense sampling of the front. As in the canonical-
trajectory case, the front exhibits a clear trade-off between imi-
tation fidelity and velocity penalty.

To visualise the qualitative effect of selecting different
operating points on the front, Fig. 7 shows the end-effector tra-
jectories, viewed from above the workspace, produced by two
extremal Pareto-optimal policies. Maximising the imitation
reward alone (left) produces a curved trajectory that follows the
sinusoidal shape of the demonstration; maximising the veloc-
ity reward alone (right) produces an almost straight diagonal
between the pickup and the placement locations, which has
minimal length but completely discards the demonstration’s
shape. The balanced TOPSIS solution lies between these two
extremes; it preserves the sinusoidal trend of the demonstration
while reducing the integrated velocity by a factor of approx-
imately 40% with respect to the imitation-only policy. This
is consistent with the original motivation of the framework:
rather than choosing a single scalar reward in advance, the user
inspects the Pareto front a posteriori and selects an operat-
ing point that best matches the requirements of the deployed
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Figure 7: End-effector path of the pick-and-place task, viewed from above
the workspace, for two extremal points on the Pareto front of Fig. 6. (Left)
Maximising the imitation reward alone reproduces the sinusoidal shape of
the demonstration. (Right) Maximising the velocity reward alone produces a
straight, near-minimum-length trajectory that discards the demonstration shape.
A balanced operating point selected by TOPSIS produces a trajectory that re-
tains the sinusoidal trend while substantially reducing the integrated velocity.

system. A full per-controller quantitative comparison of these
operating points — success, placement, tracking error, effort
and torque — is deferred to the physical-robot experiment of
Section 5.5 (Table 4), where the same three operating points
are measured on hardware and the simulated ~40% velocity
reduction is recovered as a measured 39.2%; the simulation
front itself is characterised here by its hypervolume and spar-
sity indicator (H = 12502, § = 4, computed on the rescaled
[0,200] x [0, 100] objective axes defined in Section 3.3).

5.5. Experimental Validation on a Physical Manipulator

The simulation case study of Section 5.4 establishes the
behaviour of the complete pipeline in an idealised rigid-body
environment. To verify that the conclusions drawn there sur-
vive the transition to real hardware — where joint friction, pay-
load variation, grasp uncertainty, sensing noise and finite con-
trol bandwidth are all present — the same pick-and-place task
was re-instantiated on a physical collaborative manipulator and
its digital twin (Fig. 8). The physical cell differs from the ide-
alised simulation of Section 5.4 in layout and payload geometry
— a single instrumented workbench carrying fiducial-marked
pick and PLACE stations and a cylindrical payload, rather than the
two-table scene and prismatic block simulated in Section 5.4 —
so what carries over is the three-stage pipeline and the refined
transport motion, not a transplanted scene. This experiment
(denoted Experiment 1) directly addresses the experimental-
validation item raised in the conclusion of the simulation study
and provides the end-to-end mechatronic evidence expected of
the framework.

Controller naming and the effort objective.. The three hard-
ware experiments compare overlapping sets of controllers,
referred to throughout by descriptive names rather than by
per-table indices: crLassicAL (the batch-fit DMP), scaLarR-RL
(a DMP refined with a single manually weighted scalar re-
ward), MORL-mit. (the imitation-fidelity extreme of the
Pareto front), MORL-veL./MORL-err. (the low-effort ex-
treme), MORL-TOPSIS (the balanced point returned by the
selection step), and, in Experiment 2 only, MORL-TOPSIS-CC
(the same balanced policy retrained with condition coverage).
MORL-TOPSIS denotes the same balanced operating point in



every experiment, re-derived on that experiment’s front; any
M# labels in the tables are local indices. One terminological
subtlety must be flagged explicitly: the second Pareto objective
is the integrated end-effector speed f [y|dt in Stage II and in
Experiments 1-2, but the control effort f |lGil|> dt (squared joint
acceleration) in the dedicated effort study of Experiment 3
(Section 5.7). Both are “low-effort” criteria, but they are not
identical, and the low-effort extreme is named MORL-VEL. or
MORL-efr. accordingly; Experiment 3 quantifies precisely
how speed minimisation and control-effort minimisation relate
on the physical arm.

Setup and acquisition.. The experimental cell and its MuJoCo
digital twin are shown in Fig. 8. The manipulator is a sin-
gle laboratory manipulator unit — a six-degree-of-freedom col-
laborative manipulator (Denavit—Hartenberg parameters d; =
0.08916, a, = -0.425, a3 = -0.39225, ds = 0.10915, ds
0.09465, d¢ = 0.0823 m) running its standard industrial con-
troller — fitted with a two-finger parallel gripper instrumented
for grasp force and a wrist-mounted six-axis force/torque sen-
sor (Fig. 8(b)). Object poses are obtained from fiducial markers
on the two work stations (Fig. 8(a,b)), and a 50 mm scale bar is
fixed in the workspace. This is the same physical unit used in
all three hardware experiments (Sections 5.5-5.7); its dynamic
parameters (link masses and centres of mass, joint viscous and
Coulomb friction, motor torque constants and gripper mass)
were identified once by excitation trajectories and least squares
and reused across the experiments. Synchronous telemetry was
acquired through the robot’s real-time data-exchange interface
and logged at 100 Hz; the low-level joint controller runs on a
~ 10 ms cycle and the learnt policy is queried on a ~20 ms cy-
cle. Each record contains the commanded and measured task-
space pose, the measured TCP linear velocity, acceleration and
jerk, the per-joint angle, velocity, torque and motor current,
the wrist wrench, the gripper width/force, and the contact and
safety flags; joint torque is obtained from the sensed motor cur-
rent through the calibrated torque constant (7 = k,/), and the
dynamic component reported later is the part above the gravity-
holding baseline. As in the case study, the joint controller is
a PD law (Table 3) with model-based gravity compensation,
and at each step the analytical inverse-kinematics branch closest
to the current configuration is selected. Measured joint angles
and logged Cartesian poses were cross-checked for forward-
kinematics consistency on every trial: the nominal-DH forward
kinematics reproduces the logged TCP pose to within 0.72 mm
in the worst trial (mean 0.57 mm), the expected kinematic-
calibration residual between the nominal model and the con-
troller’s factory-calibrated kinematics. The transport motion is
the same reference trajectory used in simulation (36); the TCP
orientation is held fixed throughout (roll = 7, pitch = 0, yaw
—1/2).

Protocol.. Five controllers were compared, each correspond-
ing to one operating point of the proposed pipeline: the
classical batch-fit DMP of (7) (cLassicaL), a DMP refined with
a single manually weighted scalar reward (scaLar-RL, whose
effort weight was fixed for all trials at the best value found by
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a coarse pilot sweep of the scalarisation coefficient A in (37)),
the imitation-fidelity extreme of the Pareto front (MORL-mmIT.),
the TOPSIS-selected balanced policy of Section 4.3 (MORL-
TOPSIS, the recommended operating point of the framework),
and the velocity/effort extreme of the front (MORL-VEL.).
Each controller was executed for 50 trials, giving 250 trials
in total (176,106 logged samples), spread over 20 scenarios
that vary the start/goal poses, the payload (0.15-0.34 kg),
the support-surface friction (0.30-0.85), the object-pose noise
(0.2-1.0 mm) and the presence of a circular obstacle (3 of the
20 scenarios). Trials are paired across controllers through a
shared scenario/run identifier so that every controller is eval-
uated on an identical set of conditions. A trial is counted as
successful only if the object is grasped, transported and placed
within the placement tolerance without triggering a protective
stop; placement and tracking errors are reported on successful
trials, whereas the effort metrics are reported over all trials.

Quantitative results.. Table 4 summarises the per-controller
outcome. The central observation is that the simulation
conclusion transfers to hardware essentially unchanged: the
TOPSIS-balanced policy reduces the integrated transport speed
(the transport-phase path length, f [pldr) by 39.2% relative to
the imitation extreme (measured 0.761 versus 1.252 m; 95% CI
[0.753,0.769] versus [1.190, 1.313] m), in close agreement with
the ~40% reduction obtained in the MuJoCo case study of Sec-
tion 5.4. This velocity reduction is achieved without sacrificing
task quality: the TOPSIS policy attains the highest success
rate (98%), the lowest task-space tracking RMSE (0.167 mm,
against 0.219 mm for the imitation extreme and 0.352 mm for
the velocity extreme) and the lowest mechanical-effort variabil-
ity (coefficient of variation 0.024, roughly five times smaller
than that of the other controllers), while its placement accuracy
(1.66 mm) is statistically indistinguishable from that of the
imitation-fidelity extreme (1.63 mm; overlapping 95% inter-
vals, [1.55,1.78] versus [1.51,1.75] mm). All five controllers
place at the 1.6-2.1 mm scale, which is set by the fiducial
object-pose sensing and hand—eye calibration residual (~2 mm
RMS) rather than by the trajectory controller — the same
sensing-limited behaviour observed under varied conditions in
Section 5.6. The measured mechanical effort follows the mono-
tone ordering IMIT. > CLASSICAL > SCALAR-RL > TOPSIS > VEL.
(166.6 > 155.6 > 117.0 > 110.6 > 102.7 J) that is predicted
by the imitation—effort trade-off of the framework. Here the
mechanical-effort index is the trajectory integral f T - qldt
of the absolute joint power over the transport. It discrim-
inates between the controllers in this experiment precisely
because the five operating points execute transport paths of
different length — the speed-minimising policies take shorter,
straighter paths (0.76 m for MORL-TOPSIS against 1.25 m for
MORL-mit.; cf. the integrated-speed row of Table 4) — so the
gravity-dominated joint work integrates over a different path
length for each. This is fully consistent with the controlled
effort study of Experiment 3 (Section 5.7), in which the macro
path is instead held fixed across controllers: there the bulk
mechanical energy is found to be comparable (the gravity work
is path- and payload-set), and the policy differences are carried
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Figure 8: Physical experimental apparatus and its digital twin. (a) The manipulator hardware holding the cylindrical payload (left) and the MuJoCo digital twin of
the same work cell displayed on the monitor (right); the dashed line marks the corresponding end-effector pose, making the sim-to-real correspondence explicit. The
twin reproduces the layout used in the hardware experiments and is a separate model from the idealised two-table cell simulated in Section 5.4. (b) The work cell
in its nominal configuration: the instrumented end-effector (two-finger parallel gripper mounted on a wrist-mounted six-axis force/torque sensor), the right-handed
task frame (x forward, y left, z up) and the fiducial-marked pick and pLACE stations, with the payload seated in a 3-D-printed fixture at the pick station. The start/goal,
table-height and obstacle variations of Experiment 2 are applied to this configuration.

by the dynamic, motion-shape quantities (control effort, jerk,
above-gravity torque/current and vibration) rather than by bulk
energy.

Qualitative behaviour.. Fig. 9 reports a representative paired
trial (nominal scenario, identical run identifier across all five
controllers). The top-view executed TCP paths (left) reproduce,
on real hardware, exactly the trade-off illustrated in simulation
in Fig. 7: the imitation extreme and the classical DMP trace a
pronounced curved arc that faithfully follows the demonstrated
sinusoidal shape (executed transport length 1.29 and 1.24 m,
peak lateral deviation 229 and 219 mm from the straight pick-
to-place chord), the velocity extreme collapses onto a near-
straight minimum-length path (0.75 m, 0.4 mm lateral devia-
tion), and the TOPSIS solution sits between the two (0.76 m,
52 mm deviation), retaining a mild sinusoidal trend while short-
ening the path. The measured TCP speed profiles (right) make
the effort difference explicit: the imitation-following controllers
exhibit the characteristic twin-peak speed signature of the sinu-
soidal reference (the TCP decelerates through the mid-stroke
inflection), the scalar-RL controller sustains the highest peak
speed (0.65 m/s), and the TOPSIS and velocity controllers pro-
duce a single, lower, smoother speed hump that integrates to a
substantially smaller transport velocity.

Measured Pareto front and operating-point selection.. Sweep-
ing the velocity preference on hardware yields the empirical
Pareto front of Fig. 10, on which 72 of the evaluated candi-
date policies are non-dominated. The five controllers of Ta-
ble 4 are highlighted along the front: the classical and imita-
tion policies cluster near the low-imitation-loss/high-velocity
corner, the velocity extreme occupies the opposite corner, and
the TOPSIS-selected policy lands squarely on the knee of the
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Figure 9: Measured behaviour on the physical manipulator for one paired trial
(same scenario and run identifier across controllers). (a) Top-view executed
TCP path: the imitation/classical controllers reproduce the curved sinusoidal
demonstration, the velocity extreme follows a near-straight minimum-length
path, and the TOPSIS-balanced policy lies between them. (b) Measured TCP
speed magnitude over the (normalised) transport phase: the imitation-following
controllers show the twin-peak signature of the sinusoidal reference, whereas
TOPSIS and the velocity extreme produce a smoother, lower-velocity profile.
The traces are raw 100 Hz telemetry.

measured front, the region that a human designer would intu-
itively choose, without a manual scalar-reward search (the ob-
jectives are first normalised onto a common scale, Section 4.3).
Notably, the manually tuned scaLar-RL controller lands at a
strictly less favourable point than MORL-TOPSIS: it achieves
a smaller velocity reduction (33.7% versus 39.2%), a higher
tracking RMSE (0.242 versus 0.167 mm), a lower success rate
(92% versus 98%) and a higher mechanical effort (117.0 ver-
sus 110.6 J), and it required a manual scalarisation weight to
obtain even this result. The hardware data therefore supports
the paper’s main claim: the TOPSIS selection, applied after a
one-off objective normalisation, recovers, and on these metrics
slightly improves upon, the operating point that scalar reward
engineering reaches only after a per-task manual search.



Table 4: Physical-manipulator results (Experiment 1): five controllers, 50 trials each (250 total). Placement, tracking and grasp metrics are reported on successful
trials; velocity, effort and torque metrics over all trials. Values are means; the best entry in each row is in bold (lower is better except for success rate, grasp success
and speed reduction). The speed-reduction row is reported relative to the MORL-MIT. extreme and is not bolded because a larger reduction is desirable only insofar

as task quality is preserved (see text).

Metric cLASSICAL ~ SCALAR-RL ~ MORL-mmit.  MORL-TOPSIS ~ MORL-VEL.
Success rate [%] 88 92 94 98 80
Grasp success [%] 96 98 96 100 92
Failures (of 50) 6 4 3 1 10
Placement error [mm] 1.96 1.84 1.63 1.66 2.11
Tracking RMSE [mm] 0.321 0.242 0.219 0.167 0.352
Transport-phase tracking RMSE [mm] 0.349 0.272 0.237 0.176 0.367
Integrated transport speed [m] 1.154 0.830 1.252 0.761 0.684
Speed reduction vs mit. [%] 7.8 33.7 0.0 39.2 453
Transport peak speed [m/s] 0.582 0.647 0.581 0.584 0.543
Mechanical-effort index [J] 155.6 117.0 166.6 110.6 102.7
Mechanical-effort CV [-] 0.154 0.113 0.128 0.024 0.174
Peak |torque| [N m] 65.3 65.4 65.4 65.3 65.4
Control-loop query latency (incl. IK+comm.) [ms] 0.30 11.1 12.2 13.7 13.2
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Figure 10: Measured imitation-loss-versus-transport-speed Pareto front on the
physical manipulator (72 non-dominated candidate policies). The five con-
trollers of Table 4 are marked; the TOPSIS-selected policy lies on the knee
of the measured front and reduces the integrated transport speed by 39.2% rel-
ative to the imitation extreme.

The velocity extreme.. The velocity extreme shows the cost of
optimising one objective alone. While it minimises both the in-
tegrated transport speed (—45.3% versus the imitation extreme)
and the mechanical effort (102.7 J), this aggressive minimisa-
tion degrades the metrics that matter for a deployed pick-and-
place cell: its success rate falls to 80%, its tracking RMSE rises
to 0.352 mm, and its failures (ten of fifty) are dominated by
grasp slips (four) and protective stops (three) provoked by the
higher accelerations of the shortened, straightened path. By
contrast the TOPSIS policy records a single failure across all
fifty trials (one placement-tolerance miss), with no grasp slips
and no protective stops and a 100% grasp success rate. This is
a concrete, hardware-level instance of the argument that moti-
vates the multi-objective treatment: minimising effort in isola-
tion is not the engineering objective, and the balanced operat-
ing point returned by the Pareto/TOPSIS stage is the one that is
actually deployable. The corresponding quantitative summary,
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with 95% confidence intervals, is shown in Fig. 11.

Real-time feasibility and physical plausibility.. The frame-
work meets the timing budget of the platform. The low-level
control loop held a 10.01 + 0.16 ms period across all trials, and
the control-loop query latency for the TOPSIS policy (mean
13.7 ms, 95th percentile 17.7 ms) remained below the ~20 ms
policy-update period; the classical DMP, which requires only
the analytic forcing-term integration, ran at 0.30 ms. This
11-14 ms figure is not the raw network evaluation (a 2 x 256
multilayer perceptron evaluates in well under a millisecond):
it is the end-to-end control-loop query time, dominated by the
analytical inverse-kinematics solve, the real-time communi-
cation round-trip and interpreter overhead, which is why the
five policies report similar values despite sharing an identi-
cal network architecture. Control-deadline misses were rare
(~ 1 sample per trial on average) and concentrated in the
dedicated latency-stress scenario. All measured quantities
stayed within the manipulator’s physical limits: the peak TCP
speed never exceeded 0.70 m/s, the maximum joint velocity
reached 2.45 rad/s (against the 3.14 rad/s manipulator limit),
and the peak absolute joint torque was 69.3 N m, reached at the
shoulder joint (joint 2), which carries the gravity load; this is
well within that joint’s 150 N m rating, while the wrist joints



(joints 4-6), whose rating is 28 N m, peaked below 3.7 Nm.
The standing gravity-induced shoulder torque was ~ 46 Nm,
and the maximum motor-temperature rise over a trial was
1°C at the integer-degree resolution of the drive telemetry.
Together with the sub-millimetre forward-kinematics consis-
tency noted above, these checks confirm that the trajectories
produced by the framework are not merely numerically optimal
but are realised as physically valid, real-time motions on the
actual robot. In summary, Experiment 1 confirms on hardware
the three properties claimed in simulation — imitation of
the demonstrated shape, automatic velocity/effort reduction
through the Pareto/TOPSIS stage, and preservation of task
accuracy — and additionally demonstrates two properties
that only a physical experiment can reveal: a markedly more
reliable task execution (highest success and grasp rates, fewest
protective stops) and a much more repeatable effort profile for
the balanced policy.

5.6. Cross-Condition Robustness on the Physical Manipulator

Experiment 1 establishes that the balanced policy transfers
to hardware under a fixed nominal operating condition. A de-
ployed manipulation skill, however, must tolerate the variability
of areal cell: the start and goal poses drift, the payload and the
contact friction change, the support height varies and obstacles
appear. A second hardware experiment (Experiment 2) there-
fore evaluates the cross-condition robustness of the framework
and, in particular, tests the domain-randomisation pathway an-
ticipated in the discussion of Experiment 1: whether exposing
the multi-objective refinement stage to a coverage of operating
conditions yields a policy that generalises to unseen conditions
without losing the imitation-fidelity and effort benefits of the
method.

Controllers.. Four controllers are compared. M1 is the
classical batch-fit DMP with spatial scaling; M2 is the scalar-
weighted RL-DMP (manual reward weighting); M3 is the pro-
posed MORL/TOPSIS controller of Sections 4.2-4.3 trained on
the nominal reference condition only (it is the same balanced
operating point validated as MORL-TOPSIS in Experiment 1);
and M4 is that same MORL/TOPSIS controller trained with
condition coverage — a domain-randomisation-style augmen-
tation in which the multi-objective refinement is exposed to a
distribution over the operating conditions and actuator/sensor
parameters rather than to the nominal model alone. M4 is
therefore not a new algorithm but the proposed controller
equipped with the robustness augmentation; comparing M3
and M4 isolates the effect of condition coverage.

Platform and protocol.. The experiment was run on the same
manipulator unit with a two-finger parallel gripper and the
wrist-mounted six-axis force/torque sensor (Fig. 8), under joint
PD control with gravity compensation at 100 Hz through a ROS
driver; object poses were obtained from fiducial markers and
fixture definitions. The unit’s dynamic parameters (link masses
and centres of mass, joint viscous and Coulomb friction, motor
torque constants, gripper mass) were identified beforehand
by excitation trajectories and least squares, so the reported
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joint torques and currents reflect the calibrated unit rather than
catalogue values. Four controllers were evaluated over 30
scenarios organised into six condition groups — G1 nominal,
G2 start-pose shift, G3 target-pose shift, G4 payload/friction
(payload 0.12-0.35 kg, friction 0.25-0.90), G5 table-height
shift and G6 obstacle — with three repetitions each, giving 360
evaluation trials. Each evaluation trial additionally draws six-
teen actuator and sensing parameters from documented ranges:
link mass +10%, link inertia +15%, joint viscous damping
x[0.7,1.4], Coulomb friction Xx[0.5,1.8], motor torque con-
stant +5%, joint-position-controller gains K, x [0.8,1.2] and
K, % [0.8,1.25], controller period 8—12 ms, command delay
0-60 ms, sensor delay 0—40 ms, contact stiffness and damping
x[0.5, 2], encoder noise 0.2—1.0 mrad, joint-torque ripple 0.1—
0.5 N'm, object centre-of-mass offset 0—5 mm and object-pose
noise 1-4 mm; for the reference-condition trials all sixteen
are held at nominal. A paired reference-condition baseline of
240 trials, run on the nominal model, provides the matched
comparison from which the cross-condition transfer gap is
computed. The 360 trials were collected over six sessions on
three days with a balanced, interleaved controller order and a
full system/object reset before each trial. A trial is successful
only if the object is grasped and placed within 5 mm and 5° of
the target without a collision or protective stop.

Transfer gap.. The central robustness metric is the transfer gap:
the change in a quantity between the matched reference con-
dition and the varied evaluation conditions. Table 5 reports
it for all four controllers. The condition-coverage controller
M4 exhibits by far the smallest degradation: its task-success
rate falls by only 0.6 percentage points from reference to var-
ied conditions, against 5.6 for the nominally trained M3 and
6.7-7.2 for the two baselines, and its task-space tracking er-
ror inflates by only 25.8% against 64—84% for the other three.
Crucially, this robustness is obtained without surrendering the
benefits established earlier: M4 retains the low mechanical ef-
fort of the MORL controller (121.6 J, essentially equal to M3
and far below the 138.5 and 163.0 J of M2 and M1), attains the
lowest task-space tracking RMSE under variation (0.249 mm)
and produces the smoothest motion (mean jerk 18.2, against
22.4 for M3 and 31.7-35.2 for the baselines). On the nomi-
nal reference condition M3 is in fact marginally stronger than
M4 (reference success 96.7% versus 95.0%); condition cover-
age trades a small amount of nominal performance for a large
gain in transferability — the expected and desirable robustness
trade-off.

Robustness across condition groups.. Fig. 12 summarises the
transfer gap, and Fig. 13 resolves performance by condition
group. M4 attains the highest or tied-highest success rate in ev-
ery one of the six groups and the flattest profile across them: in
the most demanding payload/friction group (G4) its success is
86.7% against 80.0% for M3 and 73.3% for both baselines, and
in the obstacle group (G6) it reaches 91.7% against 83.3% for
the other three. Its task-space tracking error is likewise both the
lowest and the most stable across groups (RMSE 0.24-0.26 mm
for M4, 0.30-0.32 mm for M3, and 0.44—0.56 mm for the base-



Table 5: Cross-condition robustness on the physical manipulator (Experiment 2): four controllers, 90 evaluation trials each (360 total) over six condition groups,
plus a matched 240-trial reference baseline. The transfer gap is the change from the reference condition to the varied evaluation conditions. M4 is the proposed
MORL/TOPSIS controller trained with condition coverage; M3 is the same controller trained on the nominal condition only. Values are means over the evaluation
trials (the peak-torque row is therefore the mean of the per-trial maxima, not the worst-case maximum quoted in the text). Best entry per row in bold (lower is better
except for the two success rates). Placement is reported on successful trials but is sensing/calibration-limited and statistically indistinguishable across controllers
(see text), so its large transfer gap reflects the perception pipeline rather than the controller. Wilson 95% intervals for the success rates and the significance tests for

all comparisons (including the not-significant M4-vs-M3 success difference) are reported in the text.
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Figure 12: Cross-condition transfer gap on the physical manipulator. (a) Task-
success rate and (b) task-space tracking RMSE, each under the matched refer-
ence condition (grey) and under the varied evaluation conditions (coloured), for
the four controllers. The annotations give the per-controller gap. The condition-
coverage controller (M4) shows by far the smallest degradation on both metrics
(0.6 pp success gap, 25.8% tracking gap).

lines), confirming that condition coverage flattens the degrada-
tion that the other controllers suffer as the operating condition
departs from nominal. Aggregated over all trials, the success
rate of M4 (94.4%, 95% Wilson interval [87.7,97.6]) exceeds
that of M3 (91.1%, [83.4,95.4]) and of the baselines (86.7 and
87.8%).

Statistical assessment.. Across the 360 evaluation trials the dif-
ferences in tracking RMSE and in mechanical effort between
the controllers are large and highly significant (Kruskal-Wallis
H = 284.9, p < 107% for tracking and H = 263.6, p < 1076
for effort), reflecting the clear separation of the MORL con-
trollers (M3, M4) from the baselines (M1, M2). Two qualifi-
cations apply. First, the placement error is statistically indistin-
guishable across the four controllers (Kruskal-Wallis p = 0.30)
and sits at the 2.7-3.0 mm scale for all of them: under varied
conditions placement is limited by the fiducial-based object-
pose sensing and frame calibration, not by the trajectory con-
troller, which is why the placement transfer gap in Table 5 is
large for every method and should not be read as a controller ef-
fect. Second, although M4’s aggregate success rate is the high-
est, the M4-versus-M3 difference on this single pooled number
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Figure 13: Per-condition-group robustness on the physical manipulator. (a)
Task-success rate and (b) task-space tracking RMSE for the four controllers
across the six condition groups (nominal, start-pose shift, target-pose shift, pay-
load/friction, table-height shift, obstacle). The condition-coverage controller
(M4) is the highest and flattest on success and the lowest and flattest on track-
ing error.

is not statistically significant at this sample size (two-proportion
z = 0.86, p = 0.39, Cohen’s & = 0.13); the robust advan-
tage of condition coverage is expressed not in the pooled suc-
cess rate but in the much smaller transfer gap and the flatter
success-and-tracking profile across condition groups (Figs. 12—
13). The experiment was designed to support this reading: a
matched reference baseline, balanced controller ordering across
sessions, and interval rather than point estimates of success. Fi-
nally, the trajectories remained physically valid and real-time
throughout — the control-deadline-miss rate stayed at the per-
mille level, the peak joint torque reached at most 78.1 N m (well
within the manipulator’s workspace envelope), and in the obsta-
cle group M4 recorded no collisions, whereas each of the other
three controllers recorded one. Taken together, Experiments 1
and 2 show that the framework not only transfers to real hard-
ware but, when its refinement stage is exposed to a coverage
of operating conditions, transfers robustly across unseen start,
goal, payload, friction, height and obstacle variations while pre-
serving the accuracy, effort and smoothness advantages of the
multi-objective design.



5.7. Actuator Effort, Smoothness and Load on the Physical
Manipulator

The objective that the multi-objective stage trades against
imitation fidelity is effort, and the balanced policy is selected
precisely because it lowers effort without abandoning the
demonstrated shape. A third hardware experiment (Experi-
ment 3) measures this effort side of the trade-off directly on
the physical robot and, importantly, establishes what “effort
reduction” means on a real manipulator. It is the hardware
counterpart of the three-objective acceleration study of Sec-
tion 5.14, which argued that penalising acceleration should
reduce actuator current, motor heating, transmission stress and
high-frequency vibration; Experiment 3 measures each of these
quantities.

Controllers and protocol.. Five controllers were compared:
the classical DMP (M1), the scalar-weighted RL-DMP (M2),
and the three operating points of the multi-objective front —
the imitation extreme (M3), the effort extreme (M4) and the
TOPSIS-balanced policy (M5, the proposed operating point).
The experiment was run on the same manipulator unit and
work cell as Experiments 1 and 2 (Fig. 8), with its two-finger
parallel gripper (~ 0.9 kg), the gravity-bias-compensated wrist-
mounted six-axis force/torque sensor and fiducial object-pose
sensing, under joint PD-plus-inverse-kinematics control with
gravity compensation and gains held fixed across all five con-
trollers. Unlike the task-level logging of Experiments 1-2, the
controller and recorder were run at 250 Hz here because the
quantities of interest in this experiment — jerk, above-gravity
dynamic torque/current and high-frequency (> 7 Hz) vibration
— require a higher sampling bandwidth than the 100 Hz suc-
cess/placement metrics of the first two experiments; all metrics
were computed at the full 250 Hz acquisition rate, and the
archived time series are decimated to 125 Hz. Five controllers
were each executed over 16 scenarios in six groups — nominal,
payload (0.1-0.5 kg), transport speed (slow/nominal/fast), path
curvature (0—120 mm), reach (nominal/extended) and a com-
bined worst case — with three repetitions, giving 240 trials.
Positions and joint signals were filtered with a 12 Hz fourth-
order Butterworth filter and torque/current signals with a 30 Hz
one, with velocity, acceleration and jerk taken after filtering
and the same filters applied to every controller. Joint torque is
obtained from the sensed motor current through the calibrated
torque constant (7 = k[), and the gravity-holding component
7,(q) — computed from the identified link masses and centres
of mass plus the gripper and payload — is subtracted to isolate
the dynamic (above-gravity) torque and current reported below.

What “effort” means on a gravity-dominated arm.. A method-
ological point governs the interpretation of the results. On this
arm the bulk mechanical work f |T - q| dt over a fixed pick-and-
place move is dominated by the gravity torque carried along
the path and is therefore set by the path geometry and the pay-
load, not by the policy; the inertial contribution returns to zero
as the arm comes to rest. Consequently the bulk mechani-
cal energy, and the closely related holding current and cop-
per loss, is essentially equal across the five controllers (Ta-

22

(a) Accuracy--effort plane
M4 effort

(b) Balanced policy vs imitation extreme

mechanical energy 2.8%
Emech I

control effort.
Talae

IS

74.9%

integrated {
squared jerk

w

RMS EE jerk 56.0%

M1 c@smaﬁcalapm
@

~
=
z
&
g

nnnnn 21.9%

M5 TOPSIS

peak dynamic 32.6%

macro (imitation) RMSE [mm]

M3 imitation

[

HF vibration 53.8%
(>7Hz)

I

0 25 50 75 100 125 150
control effort [ 6|12 dt [rad?/s®]

-80  -60  -40  -20
change of M5 (TOPSIS) relative to M3 (imitation) [%]

o

20

Figure 14: Effort on the physical manipulator. (a) Accuracy—effort plane: macro
(imitation) tracking error versus control effort f ||('j||2 dt for the five controllers.
The imitation extreme (M3) is accurate but high-effort, the effort extreme (M4)
is low-effort but inaccurate, and the TOPSIS-balanced policy (MS5) occupies
the accurate, low-effort corner. (b) M5 relative to the imitation extreme M3: the
bulk mechanical energy is comparable (gravity-dominated), while the dynamic,
motion-shape quantities — control effort, jerk, dynamic torque, peak dynamic
current and high-frequency vibration — are all sharply reduced.

ble 6, energy spread = 4%), and no bulk-energy reduction is
claimed. A smoother policy reduces the dynamic, motion-shape
quantities instead: the control effort f ||di||? d that is the policy-
discriminating actuator-effort objective, the end-effector jerk,
the above-gravity (dynamic) joint torque and current, and the
high-frequency vibration. These are the quantities reported be-
low.

Smooth, low-stress motion at unchanged accuracy.. Table 6
and Fig. 14 tell a consistent story. The imitation extreme M3
reproduces the demonstration’s fine high-frequency actuator
activity and therefore attains the best macro tracking (0.78 mm)
but the highest dynamic effort of all controllers. The effort
extreme M4 is the smoothest — lowest control effort, jerk
and dynamic load — but it drifts from the reference path
(4.64 mm macro RMSE) and lands off-target, giving the worst
placement (3.21 mm) and the worst success rate (81.2%).
The balanced policy M5 occupies the desirable corner of the
accuracy—effort plane (Fig. 14a): its placement (1.90 mm) is
statistically non-inferior to the imitation extreme (the upper
95% confidence bound on the M5—-M3 difference is 0.24 mm,
well inside a 2 mm margin) and its bulk mechanical energy
is comparable (within 2.8% of the imitation extreme), yet it
reduces the control effort f |ldl|> dt by 74.9% relative to the
imitation extreme and by 52.0% relative to the classical DMP,
the integrated squared jerk by 81.2% relative to M3, the RMS
jerk by 35.4% relative to M1 and 43.5% relative to M2, the
RMS dynamic torque by 21.9% and the peak dynamic current
by 32.6% relative to M3, and the high-frequency vibration by
53.8%. Fig. 14(b) makes the central point visually: relative to
the imitation extreme, M5 leaves the bulk mechanical energy
essentially unchanged while cutting every dynamic, motion-
shape quantity by tens of percent. M5 also attains the highest
task-success rate of the five controllers (95.8%).

Significance.. The differences across controllers in control ef-
fort, jerk, dynamic torque/current and vibration are all large and
highly significant (Kruskal-Wallis p < 107> for each), and ev-
ery pairwise comparison of M5 against the other controllers on
these dynamic quantities is significant after Holm—Bonferroni



Table 6: Actuator effort and smoothness on the physical manipulator (Experiment 3):

five controllers, 48 trials each (240 total) over sixteen pay-

load/speed/curvature/reach scenarios. MS5 is the proposed TOPSIS-balanced policy; M3 and M4 are the imitation and effort extremes of the front. Best entry
per row in bold (higher is better for success rate; lower otherwise). The dynamic torque/current rows are the components above the gravity-holding baseline. Bulk
mechanical energy is gravity-dominated and comparable across controllers (not a discriminator); the effort reductions are carried by the dynamic, motion-shape
quantities. The effort-extreme M4 minimises the dynamic quantities but at the cost of accuracy and success, which is why a balanced selection is required. Per-
metric 95% bootstrap confidence intervals, omnibus Kruskal-Wallis tests and Holm-corrected pairwise comparisons with effect sizes are reported in the text.

Metric M1 crassicat M2 scaLar-RL M3 mmation . M4 errort M5 TOPSIS
Success rate [%] 89.6 91.7 93.8 81.2 95.8
Placement error [mm] 2.06 2.75 1.80 3.21 1.90
Macro (imitation) RMSE [mm] 1.99 2.44 0.78 4.64 1.36
Control effort [||l>dt [rad?/s*] 71.1 95.0 135.9 158 34.1
RMS end-effector jerk [m/s?] 93.0 106.3 136.7 293 60.1
Integrated squared jerk [10% m?/s°] 16.8 22.1 36.8 1.6 6.9
Dynamic torque RMS |7 — 7| [Nm] 7.94 8.35 9.22 6.73 7.20
Peak dynamic current [A] 2.86 3.15 3.54 1.97 2.38
HF vibration (EE acc. > 7 Hz) 9.84 10.94 14.16 3.59 6.54
Mechanical energy Emech [J] (comparable) 82.2 83.9 85.5 82.8 83.1
Peak motor temperature [°C] 27.9 28.7 28.1 28.3 28.2
W= M1 classical M2 scalar-RL WM M3 imitation ~ wem M4 effort ~wem M5 TOPSIS Y selected (rank 1)

correction with medium-to-very-large effect sizes (Cohen’s
|d| between 0.9 and 9.0). Two qualifications apply. First, the
bulk mechanical energy differences are small (= 4% across
the five controllers) and, although the omnibus test detects
them, they are not a meaningful policy discriminator on this
gravity-dominated arm — consistent with the methodological
point above, the genuine effort savings live in the dynamic
quantities and not in bulk energy. Second, the savings are not
an artefact of an easy operating point: a mixed-effects analysis
blocking on scenario keeps the method effect significant, and
the control-effort and jerk reductions of M5 relative to M3 hold
across every payload (73-80% for control effort) and speed
(73-80%) stratum. Throughout, the motion stayed within
the manipulator’s limits (peak joint torque < 68 Nm, peak
end-effector speed < 0.91 m/s, peak joint speed < 1.89 rad/s,
no torque saturation and no control-deadline misses), and
the within-trial motor-temperature rise was a negligible and
method-independent ~0.2 °C.

The TOPSIS selection is robust to the weighting.. Finally, Ex-
periment 3 lets us probe the decision step itself. Fig. 15 re-
ports the TOPSIS closeness coefficient of each controller under
several preference weightings over the criteria (tracking, con-
trol effort, jerk, dynamic current, execution time). The bal-
anced policy M5 is selected, it is ranked first, not only under
equal-ish weights but under accuracy-focused, effort-focused
and smoothness-focused weightings alike; only the degener-
ate single-objective weightings select the corresponding Pareto
extreme (tracking-only selects the imitation policy M3, effort-
only selects the effort policy M4), and even then M5 remains
the second choice. In other words, the operating point returned
by the framework is selected across the full realistic range of
designer preferences, and a decision-maker must essentially ig-
nore all but one objective to be driven to an extreme. The
Pareto/TOPSIS stage thus automatically returns a balanced, de-
ployable operating point, smooth and low-actuator-load at un-
changed macro accuracy and bulk energy, without any manual
tuning of reward weights.
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Figure 15: Robustness of the TOPSIS operating-point selection on the physical-
manipulator effort data. Bars are the TOPSIS closeness coefficient C; of each
controller under different preference weightings; the marker denotes the se-
lected (rank-one) policy. The balanced policy M5 is selected under all four
moderate weightings (shaded); only the pure single-objective extremes select
the imitation (M3) or effort (M4) endpoints, with M5 remaining the runner-up.

5.8. Ablation study and baseline comparison

To assess the individual contribution of the supervised
pre-training step (Section 4.1.4) and of the state-space enrich-
ment (Section 4.1.2), an ablation study was carried out on the
two canonical reference trajectories of (35). For computa-
tional tractability we used a lightweight A2C-style actor—critic
back-end in place of the larger TD3/SAC/PPO networks of
Section 5.2; this isolates the effect of the proposed framework
components from the choice of the deep RL implementation.
The actor and critic are MLPs with two hidden layers of 128
units and Tanh activations, trained for Eg,, = 300 supervised
epochs (when enabled) and Ejy,;; = 300 on-policy RL episodes
with the GAE-based advantage estimator of Schulman et
al. [9]. Three random seeds were used for every configuration;
tables report the mean and standard deviation. As an additional
baseline, the classical locally-weighted-regression batch-fit
DMP of (7) is included; it does not involve any RL. Three
seeds is a small sample, so the high-variance entries below (e.g.
those whose coefficient of variation approaches or exceeds one)
should be read as indicative rather than precise; a larger seed
budget would tighten these estimates and is recommended for



any quantitative reuse of the ablation numbers.

The variants considered are: (i) the full framework with pre-
training and enriched state; (ii) no pre-training, with the same
enriched state but a randomly initialised policy; (iii) no enrich-
ment, with pre-training but the phase-only state s, = (x;); and
(iv) mneither component, i.e. random initialisation and phase-
only state. The classical batch-fit DMP serves as a reference
because it solves the imitation problem in closed form, without
any RL training, and is therefore a natural lower bound on the
achievable trajectory error.

Tables 7-8 summarise the results. Three observations stand
out. First, the classical batch-fit DMP is competitive in this
controlled imitation setting: with N = 25 basis functions it
reaches an MAE of 0.076 on the cosine and 0.245 on the sine,
which is on par or better than the best RL variant on the sine
and only modestly worse than the best RL variant on the co-
sine. This is expected, since the batch fit minimises the imi-
tation error in closed form, but it serves as an important san-
ity check: a deep RL pipeline that did not match a single-pass
weighted-least-squares baseline would be hard to justify. Sec-
ond, on the cosine target supervised pre-training is the most
impactful component: the two variants that include pre-training
(full and no enrichment) achieve the two smallest MAE val-
ues. Third, and contrary to a naive reading of the Markov-
property argument of Section 4.1.2, the no enrichment vari-
ant slightly outperforms the full framework on both trajecto-
ries. We attribute this to a covariate-shift effect: the policy
is supervised on (X, Ydemo, Ydemo) DUt tested at rollout time on
(x,y,y) that drift away from the demonstration as residual er-
rors accumulate; a phase-only policy is necessarily a function
of the deterministic canonical variable and is therefore immune
to this shift. The enriched state remains essential for the spatial-
scaling property (Section 4.1.3) and for tasks in which the roll-
out distribution genuinely differs from the demonstration dis-
tribution (e.g. perturbations, generalisation to new start—goal
pairs), but the present deterministic single-trajectory imitation
benchmark does not exercise that benefit.

Two points temper the apparent verdict against the full
pipeline. First, the inflated full numbers in Tables 7-8 were
obtained at the from-scratch RL learning rate n = 3 X 1074,
which the sensitivity sweep of Section 5.9 (Table 11) shows is
destabilising once the policy has been supervised-pre-trained:
at the more appropriate 7 = 107 the same full variant reaches
an MAE of 0.088 on the cosine, essentially level with the no
enrichment variant and the batch fit. The large enrichment
penalty seen at n = 3 x 107* is therefore partly an artefact of a
known-bad learning rate, not solely a property of the enriched
state; the qualitative ordering (enrichment is at best neutral on
this benchmark) survives, but its magnitude does not. Second,
the strong showing of the closed-form batch fit should not be
read as evidence against using RL in Stage I: on a single, fixed,
analytic trajectory the weighted-least-squares solution of (7)
is by construction the minimiser of the imitation error, so no
learning method can be expected to beat it there, and we include
it precisely as that lower bound. RL is required in Stage I not
to improve single-trajectory imitation but because it supplies
the two ingredients Stage II depends on: a differentiable, fixed-
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Table 7: Ablation on the cosine target ygemo(f) = cos(xf). Mean + standard
deviation over three random seeds. “Batch fit” is the classical closed-form DMP
solution of (7) and does not use RL.

Variant MAE Return
Batch-fit DMP (no RL) 0.076 -7.57
Full (pre-train + enrich.) 0.409 +0.458 —40.9 +45.8
No pre-train (enrich.) 0.202 +£0.083 -20.2+8.3
No enrichment (pre-tr.)  0.036 + 0.015 -3.55+1.5
Neither 0.149 £0.010 —-149=+1.0

Table 8: Ablation on the sine target ygemo(t) = sin(2nt), a full period whose
start and goal almost coincide (yp = g & 0). Mean =+ standard deviation over
three random seeds.

Variant MAE Return

Batch-fit DMP (no RL) 0.245 -24.5

Full (pre-train + enrich.) 0.632 +£0.029 -63.2+29
No pre-train (enrich.) 0.620 + 0.035 -62.0+3.5
No enrichment (pre-tr.) 0.111+0.011 -11.1+1.2
Neither 0.462 +£0.055 —-46.2+55

architecture policy class that can subsequently be optimised
against the non-analytic, vector-valued, rollout-measured ob-
jectives of Section 4.2 (effort, jerk, dynamic actuator load,
obstacle proximity), for which no closed-form fit exists, and a
feasible initialisation for that refinement. A reader who only
needs to reproduce a demonstration should indeed use the
closed-form DMP; the framework targets the case in which
that reproduction must then be improved against competing
objectives, which is exactly what the hardware experiments of
Sections 5.5-5.7 demonstrate.

The sine target additionally exposes the start—goal coinci-
dence singularity that motivated Park’s variant [33] of the DMP,
since ygp = g = 0. The classical batch-fit DMP handles this case
gracefully (MAE 0.245, a small fraction of the trajectory am-
plitude ~ 2), confirming that the Park reformulation (1) used
throughout the paper does remove the singularity. The super-
vised pre-training target Aureec(f) in (19) does inherit a singu-
larity at the end of motion through the denominator Kx,; we
mitigate this in our implementation by re-expressing the super-
vised loss as ||hg(s;) x; — fmrget(t)llz, i.e. comparing the forcing
signal f = hx to its target rather than the unscaled 4 to a value
that diverges as x — 0. This re-parameterisation makes the pre-
training numerically stable for trajectories with yo = g and was
used to produce all results in Tables 7-8.

5.9. Sensitivity to DMP and RL hyper-parameters

The proposed framework exposes three hyper-parameters
that the user may want to retune: the number N of Gaussian
basis functions in the forcing-term expansion (4), the stiffness
gain K of the transformation system (paired with D = 2 VK for
critical damping), and the actor learning rate n of the deep RL
update. We sweep each in turn on the cosine reference, holding
the other two at the values listed in Table 1, to document the
framework’s robustness to these choices.



Table 9: Sensitivity to the number of basis functions N. Reproduction MAE
under the closed-form DMP fit (7). The last column is the mean, over the two
targets, of the relative MAE reduction with respect to the N = 5 row.

N  Cosine MAE Sine MAE Avg. rel. improvement

5 0.244 0.484 —
10 0.236 0.470 3%
25 0.076 0.245 59%
50 0.023 0.103 85%
100 0.006 0.027 96%

Basis count N.. Table 9 reports the closed-form-DMP MAE as
N is varied between 5 and 100. The reproduction error drops
monotonically with N, by more than an order of magnitude
from N = 5to N = 100: on the cosine target, MAE shrinks
from 0.244 (12% of the trajectory amplitude) at N = 5 to 0.006
(0.3%) at N = 100. The sine target shows the same trend with
proportionally larger errors. The default N = 25 used else-
where in the paper is a deliberate compromise: it captures the
trajectory shape with a ~ 7% residual on the cosine and a ~ 12%
residual on the sine, while keeping the policy network input di-
mension small.

Stiffness K.. Table 10 sweeps K between 250 and 4000 with
D = 2VK. The reproduction error is essentially insensitive to
K across this range: the cosine MAE varies by less than +0.01
around the nominal value, and the sine MAE by less than +0.04.
This is consistent with the theoretical role of K in the DMP:
provided the system remains critically damped, K controls the
response speed but not the shape of the converged trajectory,
which is dictated by the learnt forcing weights. In practice this
lets the user tune K to match the actuator bandwidth of the robot
without retraining the policy.

Actor learning rate .. Table 11 sweeps 1 between 107 and
3% 1073 on the full pre-train-plus-enriched-state variant of the
cosine target. The standard = 3 x 107* used elsewhere in
the deep RL literature [9, 11, 10] actually destabilises the post-
pre-training updates and inflates the variance across seeds: at
n = 3x107* the mean MAE is 0.409 with a coefficient of vari-
ation above one. Reducing the learning rate by a factor of three
to n = 107 recovers a tight 0.088 MAE, comparable to that of
the no enrichment variant of Table 7. Two takeaways follow: (i)
when supervised pre-training places the policy close to a local
optimum, the subsequent RL refinement should use a smaller
learning rate than that suggested by from-scratch RL practice;
(i1) the framework would benefit from the explicit trust-region
mechanism of PPO [9], which adaptively limits the update mag-
nitude and would mitigate the seed-to-seed variance observed
here.

5.10. Start—goal generalisation

Section 4.1.3 introduced the spatial-scaling reformulation
that preserves the trajectory shape across different start—goal
pairs. We test this empirically by fitting a DMP on a reference
half-cosine motion from yy = 1 to g = —1 and then deploying it
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Table 10: Sensitivity to the stiffness gain K (D = 2K, critically damped).
Reproduction MAE under the closed-form DMP fit.

K D  Cosine MAE Sine MAE
250 31.6 0.073 0.244
500 44.7 0.074 0.230
1000 63.2 0.076 0.245
2000 89.4 0.078 0.259
4000 126.5 0.081 0.270

Table 11: Sensitivity to the actor learning rate n of the deep RL refinement on
the cosine target, full variant of Table 7. Mean + standard deviation over three
seeds.

n MAE Return
10~ 0.088 - 885
3x10™*  0.409 + 0.458 —40.87 +45.77
1073 0.314 -31.41
3x1073 0.316 -31.61

on eight different test pairs (y;, g’) that vary both in amplitude
and in offset. We compare two settings: with scaling, in which
the Park-DMP goal-attractor terms in (10) use the new start and
goal, and without scaling, which mimics a fixed-weight pol-
icy that does not re-target its goal attractors (the weights and
the original goal attractor are kept; only the initial condition
is shifted). For each pair we measure the trajectory-wide MAE
against a shape-preserved reference, and the absolute final-pose
error |yr—g’|, which is the metric that matters for pick-and-place
tasks.

Table 12 reports the results. With spatial scaling, the
trajectory-wide MAE remains close to the in-distribution value
(between 0.08 and 0.67 depending on the amount of amplitude
change), and the final-pose error remains within 1.5 of the
desired goal across all eight test pairs. Without scaling, the
MAE inflates by factors of 1.4x to 12.5X and, more critically,
the trajectory often fails to reach the new goal: for the test
pair (0, —2), which has the same amplitude as the training pair
but is offset by one unit, the un-scaled rollout overshoots and
lands at final-pose error 1.10, whereas the scaled rollout settles
within 0.10 of the goal. The single exception is the training
pair itself, where the two settings are by construction identical.
The result confirms the theoretical analysis of Section 4.1.3:
the input/output normalisation (17) is necessary for fixed-
weight policies to inherit the spatial-generalisation property of
classical DMPs.

The single row in which the un-scaled rollout achieves
a smaller final-pose error than the scaled one ((—0.5,-1.0))
is a coincidence of the goal staying within the original goal-
attractor basin; the trajectory MAE in the same row is never-
theless 2.8x smaller with scaling, confirming that the shape
is correctly preserved. Across the eight pairs the average
trajectory-MAE improvement is 3.0x, with the largest gain (a
factor of 12.5%) obtained for offset translations that preserve



Table 12: Start—goal generalisation of the DMP trained on (yp,g) = (1,-1).
“w/s” uses spatial scaling; “w/o” does not. Lower is better. Final-pose error is
byr — &'l

’

Yo g Traj. MAE  Final-pose err.

w/s  w/o  Ww/s w/o
0.0 -2.0 0.076 0.952 0.102 1.102
-0.5 -1.0 0.238 0.677 0.489 0.102
1.0 -1.0 0.076 0.076 0.102 0.102
0.5 -0.5 0.154 0212 0292 0.398
20 -2.0 0415 0.648 0891 1.102
00 1.0 0495 0.877 1.081 1.898
-1.0 1.0 0.671 1.072 1475 1.898
00 05 0408 0.676 0.883 1.398

amplitude.

5.11. Multi-objective Pareto-front analysis

To exercise the Stage II machinery of Section 4.2 in our
reduced experimental setup, we approximate the prediction-
guided multi-objective deep RL procedure by a simpler
linear-scalarisation sweep [12]: for 4 € {0.0,0.1,...,1.0} we
train one scalar agent on the convex combination

@ = (I =) rimi(t) + Arefon(r), (37

with 7igi(1) = —[yr = Ydemo (D) and reor (1) = —[y;|. Each agent is
trained for 200 episodes from the supervised pre-trained policy
of Section 5.8 on the sine target. The point (Jimi, Jet) achieved
by each agent at convergence contributes one element to the dis-
crete Pareto-front approximation; non-dominated filtering then
yields the front itself. The Pareto-front quality is reported us-
ing the hypervolume H and sparsity S indicators of Section 3.3,
and we additionally apply the TOPSIS procedure of Section 4.3
with equal importance weights to pick a balanced operating
point. Two scoping remarks apply. The prediction-guided al-
gorithm of Section 4.2.2 is itself exercised in the case studies of
Sections 5.3-5.4; the analysis subsections here use the cheaper
linear-scalarisation proxy so that the weight axis can be swept
densely on the lightweight back-end. Linear scalarisation can-
not recover concave regions of a Pareto front [12]; we therefore
verified that the fronts reported in these subsections are convex
(no non-dominated policy is hidden in a concave pocket), so the
proxy does not bias the conclusions, but this limitation should
be kept in mind when transferring the sweep to problems with
known concave trade-offs, where the prediction-guided algo-
rithm is the appropriate tool.

Fig. 16 reports the resulting front. The eleven trained poli-
cies span the imitation—effort trade-off from J = (—8.07, —298.6)
at the imitation-only extreme (1 = 0) to J = (=26.95,-227.7)
at the effort-only extreme (1 = 1). A clear “knee” is visible
around A~ 0.2, where roughly half of the total effort reduction
available along the front is obtained for about a fifth of the total
imitation degradation (both expressed as fractions of the span
between the two extremes, i.e. an effort cost of ~263 against
the 298.6-227.7 range, at an imitation cost of ~12 against the
8.07-26.95 range); thereafter, the front flattens as the effort
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Figure 16: Empirical Pareto front on the sine target obtained by sweeping the
scalar effort weight A on the unit interval. The colour of each marker encodes A
from purely-imitative (4 = 0, deep purple) to purely effort-minimising (4 = 1,
yellow). The grey curve traces the order of the sweep and reveals a clear knee
around A ~ 0.2 in which most of the effort reduction is achieved at modest
imitation cost. The red star marks the TOPSIS-selected operating point.

objective saturates at the trivial #=0 policy, which is consistent
with the well-known difficulty of pushing a critically-damped
second-order system towards both fast imitation and zero mo-
tion simultaneously. The Pareto-front indicators are H = 1576,
S = 35.1 and |EP| = 6 non-dominated points out of the eleven
candidates; the remaining five points are weakly dominated and
would typically be discarded by a downstream selection step.
The TOPSIS-selected point with equal importance weights
coincides with 4 = 0, which highlights an interesting subtlety
of the procedure: because the imitation and effort costs have
very different numerical ranges (the latter is on average ten
times larger in this run), the unit-weighted closeness coeflicient
is biased towards the extreme that maximises the smaller-range
objective. Practically, the user re-tunes the importance vector
W to compensate; with w (0.2,0.8) (i.e. four times more
weight on the effort axis), the TOPSIS selection moves to the
knee-point at 4 = 0.2, which is the operating point a human
designer would intuitively choose. This is a typical instance
of the well-known dependency of TOPSIS on objective nor-
malisation [57], and it makes a methodological point that we
adopt throughout: placing the objectives on a common scale
before the selection step is a mandatory part of the pipeline,
not an optional refinement. With that normalisation in place the
selection becomes stable — which is exactly what is observed
on the physical-robot effort data of Section 5.7 (Fig. 15), where
the criteria are normalised and TOPSIS returns the balanced
policy under all moderate weightings, only the degenerate
single-objective weightings reaching an extreme. The contrast
with the equal-weight result here is therefore explained by
normalisation alone, and is the concrete reason the claim of
avoiding manual reward weighting is stated throughout as a
restructuring of the tuning (a documented normalisation plus
an interpretable preference vector) rather than its elimination.
Finally, a note for reproducibility: the present front is reported
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Figure 17: Three-dimensional DMP. (Left) Reference trajectory (solid black)
and closed-form DMP reproduction (dashed red) on a 3-D analytic trajectory.
(Right) Deployment of the same DMP at a different start—goal pair, compared
against the linearly rescaled reference.

on the raw objective axes (hence H = 1576, S = 35.1), which
are not on the same scale as the rescaled [0, 200] %X [0, 100] axes
used in Sections 5.3-5.4 (H = 13412/12502, S = 7/4); as noted
in Section 3.3, raw-scale and rescaled hypervolume/sparsity
values are not directly comparable and only same-scale fronts
should be compared.

5.12. Three-dimensional task-space DMP

To test the multi-axis construction of Section 4.4, we fit
three parallel DMPs sharing a single canonical system on a 3-D
reference trajectory: a half-cosine in x, a half-amplitude full-
period sine in y and a linear motion in z, namely p,(t) = cos(r?),
py(H) = 0.5sin(2xt) and p,(f) = t for t € [0, 1], with P = 100
steps and N = 25 basis functions per axis. Fig. 17 (left) shows
the demonstration (solid black) and the closed-form DMP re-
production (dashed red). The per-axis MAE is 0.076, 0.122
and 0.020 for x, y and z respectively; the three-dimensional Eu-
clidean MAE is 0.153. The harder y component (sine, yo = g)
accounts for most of the residual, as already observed in Sec-
tion 5.8. Fig. 17 (right) shows the same DMP deployed at a dif-
ferent start—goal pair (yf),g’) = ([0.5,0,0], [-0.5,0,0.5]) along-
side the linearly rescaled reference; the Euclidean MAE against
the rescaled reference is 0.299, an inflation of 2X relative to the
in-distribution case, fully consistent with the start—goal general-
isation behaviour analysed in Section 5.10. The result confirms
that the framework extends to multi-axis trajectories at no ad-
ditional algorithmic cost: the canonical system is shared, the
per-axis policies are decoupled, and the wall-clock cost of fit-
ting grows linearly with the workspace dimension.

5.13. Failure-case analysis

To delineate the operating envelope of the framework, we
report two genuine failure regimes in Table 13, normalising
the error in each case by the peak amplitude of the (possi-
bly rescaled) reference. The first is an under-parameterised
forcing-function expansion (N € {2, 3,5}, far below the N =25
default): with too few basis functions the relative error rises
to 24-35% and the reproduction is visibly distorted. The sec-
ond is an extreme spatial rescaling: deploying the cosine mo-
tion between (yp,g) = (10,—10) — a 10x amplitude change
relative to training — yields a relative error of 33% against
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Table 13: Genuine failure modes of the framework. The relative error is the
MAE as a fraction of the peak amplitude of the reference (1 for the unit-
amplitude cosine; 10 for the 10x-rescaled deployment). The non-failure cases
discussed in the text — the exact ygp = g singularity, which the Park variant
handles, and the single-objective TOPSIS extremes, which are degenerate by
design — are deliberately omitted.

Failure mode MAE Rel. error [%] Verdict

Under-parameterised, N =2 0.346 35 FAIL
Under-parameterised, N =3 0.347 35 FAIL
Under-parameterised, N =5 0.244 24 FAIL
10x amplitude rescaling 3.27 33 FAIL

the linearly rescaled reference (against only a few per cent in-
distribution), confirming that the spatial-scaling reformulation
of Section 4.1.3 loses accuracy once the deployment ampli-
tude exceeds the training amplitude by a large factor. Two
cases that might superficially be taken for failures are not, and
are therefore discussed here but omitted from Table 13: en-
forcing yg g exactly (the start—goal coincidence singular-
ity) yields MAE 0.248, essentially the same as the regular sine
of Table 8 (MAE 0.245), confirming that the Park reformu-
lation handles it gracefully; and the single-objective TOPSIS
weights w € {(1,0), (0, 1)} simply return the imitation-only or
effort-only extreme of the front by design, which is expected
behaviour rather than a malfunction.

The takeaways from Table 13 are practical and align with
the design principles articulated throughout the paper. The
basis-function count N must be chosen large enough relative
to the spectral content of the demonstration, with N 25
being a reasonable lower bound for the smooth single-period
trajectories of Section 5. The Park reformulation is robust
to the yo = g singularity in batch-fit form but the supervised
pre-training target is not, and must be re-expressed on the
bounded forcing-term scale as discussed in Section 5.8. The
TOPSIS weights need to be chosen consciously, not blindly set
to w = (1/m)1, because Pareto-front objective ranges are typi-
cally not comparable. Finally, the spatial-scaling reformulation
has a finite generalisation range; for ~ 2-3x amplitude changes
the MAE remains small (Table 12), but 10x rescalings exceed
the validity of the linearised scaling and require either retrain-
ing on a closer demonstration or an explicit data-augmentation
step.

5.14. Beyond two objectives: imitation, velocity and accelera-
tion
The multi-objective machinery of Section 4.2 is not re-
stricted to two objectives. To demonstrate this and to inject a
physically meaningful actuator-side criterion, we extend the
vector reward to three components,

~[¥: = Ydemo (®)|
=y ,
=y

(1) = (38)

where the third component penalises the magnitude of the tra-
jectory’s acceleration. Penalising [j| is mechatronically moti-
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Figure 18: Three-objective MORL: 2-D projections of the Pareto front in
(imit, vel, acc) space. Of the 15 trained policies, 5 are non-dominated (red
circles); the remaining 10 (blue crosses) are weakly dominated. The clas-
sic imitation—velocity trade-off (left) is the same as in Fig. 16; the imitation—
acceleration projection (middle) is essentially monotone, indicating that min-
imising the trajectory error generally also minimises peak acceleration in this
benchmark; the velocity—acceleration projection (right) exhibits a non-trivial
three-point front that is only visible because acceleration was promoted to a
first-class objective.

vated: in a typical PD-tracked robot the joint torque required to
track a Cartesian acceleration is approximately linear in ¥, so re-
ducing the acceleration penalty reduces actuator current, motor
heating, transmission stress and high-frequency vibration [65].
We sweep the weight vector w € A? on a regular grid of 15
points obtained by dividing each simplex edge into 4 equal seg-
ments, train one scalar agent per weight vector, and identify the
resulting non-dominated set in the three-dimensional objective
space.

The result of the sweep is shown in Fig. 18. Of the 15
trained policies, 5 are Pareto-optimal. The non-dominated
set spans the entire imitation—velocity trade-off seen in Sec-
tion 5.11 (left projection), and contains in addition poli-
cies that exploit the imitation—acceleration (middle) and
velocity—acceleration (right) trade-offs. The pure-imitation
extreme w = (1,0,0) achieves Jinie = —8.1, Jyea = —299.0,
Jace = —2041.7; the policy at w (0.75,0.25,0) achieves
J = (-28.4,-267.2,-2175.9) — that is, its imitation return
worsens roughly 3.5-fold (from —8.1 to —28.4) in exchange for
only a ~10% reduction in velocity cost and no improvement
in acceleration. This is a deliberately unfavourable hand-set
operating point, and it illustrates concretely why a balanced
selection on the front (rather than an arbitrary weight) is
preferable: a designer fixing w by hand can easily pay a large
imitation cost for a small effort gain, exactly the failure mode
the a-posteriori TOPSIS step is meant to avoid. The right-most
projection of Fig. 18 reveals that the velocity and accelera-
tion objectives are not redundant: there is a ~ 30-unit gap in
acceleration cost between the velocity-optimal policy and the
acceleration-optimal policy at comparable velocity cost. This
is the practical justification for promoting acceleration to a
first-class objective; designers concerned with actuator wear
can pick an operating point that the two-objective formulation
would have hidden inside a dominated region. The construc-
tion generalises straightforwardly to any number of additional
mechatronic objectives — jerk, integrated torque, peak current,
energy — at the cost of a denser simplex grid for the weight
sweep.
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Figure 19: Obstacle-aware refinement through the reward channel. (Left) End-
effector trajectories obtained by the framework as the obstacle weight A is var-
ied from O (pure imitation, deep purple) to 1 (pure obstacle penalty, yellow).
The dashed black curve is the reference, which passes through the centre of
the soft penalty (red disc; its radius marks the 2p, = 0.16 m, i.e. 207, contour
of the Gaussian, not a hard boundary). (Right) Pareto front of the imitation
cost versus the integrated obstacle penalty; the order along the front correlates
monotonically with A up to 0.8, after which the imitation-free 4 = 1 policy is
no longer driven towards the goal and falls back to a dominated point.

5.15. Obstacle-aware refinement via the reward channel

To test the framework’s ability to handle constraints that are
not captured by trajectory-level rewards alone, we embed the 1-
D DMP in a 2-D workspace in which x(#) is a given unit-speed
linear motion and y(¢) is the DMP-controlled coordinate (here x
and y denote the two Cartesian workspace coordinates, distinct
from the canonical phase of Section 3.1). The obstacle is mod-
elled by a soft Gaussian penalty of length-scale p, = 0.08 m —
not a hard-walled disc — centred at (x,,y,) = (0.5,0), which
lies exactly on the reference trajectory ygemo(t) = 0.5 sin(27xt)
(since Ydemo(0.5) = 0), so that the unmodified reference passes
through the penalty centre. The vector reward (22) is extended
with this term,

(x() = x0)* + V() = y0)*
Fobs(1) = —exp(— S ) 39)
Lo
and the standard imitation reward rimic(f) = —[y: — Ydemo(¥)| 18

preserved as the first component of the vector reward. We then
sweep the relative weight 4 € {0.0,0.2,0.4,0.6,0.8, 1.0}, train
one scalar agent per A with the framework of Sections 4.1-4.2,
and record the resulting end-effector trajectory and the mini-
mum distance to the obstacle centre during the rollout.

Fig. 19 reports the result. The minimum distance dp;, be-
tween the trajectory and the obstacle centre grows monotoni-
cally with A, from dp, = 0.008 m at A = 0 (essentially passing
through the centre) to dpi, = 0.051 m at 4 = 0.8, a six-fold
increase obtained at the cost of an imitation-return degradation
from —4.79 to —8.94. It is important to state this result pre-
cisely: because dpi, = 0.051 m is still smaller than the penalty
length-scale p, = 0.08 m, the end-effector does not clear the
obstacle in a hard-constraint sense — it remains within the 1o
shell of the soft penalty. What the reward term achieves is there-
fore a trajectory that is progressively biased away from the ob-
stacle centre as A increases (a six-fold larger clearance margin),
rather than guaranteed collision-free avoidance; obtaining a cer-
tified clearance dpi, > r for a hard radius r would require either
a sharper penalty (smaller p, with larger weight) or an explicit
hard constraint, which the soft-penalty channel used here does



not enforce. The Pareto front is well behaved up to 4 = 0.8 but
folds back at A = 1.0, an instance of the typical multi-objective
phenomenon in which removing one objective entirely (here the
imitation reward) leaves the policy under-determined and yields
a dominated point. The framework therefore provides obstacle-
biasing behaviour through the reward channel, in the same spirit
as the coupling-term approach of Hoffmann et al. [34] but with-
out modifying the underlying DMP dynamics; this preserves
the modularity advocated in the system-architecture descrip-
tion of Section 4. A clarification on redeployment is warranted:
each A here is a separately trained policy, so the obstacle term is
not a weight that can be zeroed online on a single trained policy.
Redeploying in an obstacle-free environment instead means us-
ing the 4 = 0 member of the swept family (or retraining with-
out the obstacle term); the point demonstrated is that the ob-
stacle enters only through the reward at training time, leaving
the DMP formulation untouched, in contrast to coupling-term
methods that alter the transformation system itself.

6. Conclusion and Future Work

This paper has presented a three-stage framework for the
acquisition and refinement of manipulation skills that combines
Dynamic Movement Primitives with deep reinforcement learn-
ing. The framework recasts the forcing term of a DMP as a pa-
rameterised policy that is trained, after a supervised pre-training
step that exploits the analytical inverse of the DMP relation, by
an off-the-shelf actor—critic deep RL algorithm. A state-space
enrichment was introduced to recover the Markov property that
the phase variable alone does not guarantee, and a position-
scaling reformulation preserves the spatial-generalisation prop-
erty of classical DMPs despite the fixed weights of the policy
network. To overcome the well-known difficulty of designing a
single scalar reward that captures all desired aspects of a manip-
ulation task, a multi-objective deep RL refinement stage based
on the prediction-guided algorithm of Xu et al. [12] was used to
construct a discrete approximation of the Pareto front in objec-
tive space, and a TOPSIS multi-criteria decision-making step
was used to select a balanced operating point on this front with-
out a manual scalar-reward search, once the Pareto objectives
are normalised onto a common scale.

The framework was first benchmarked on canonical sine
and cosine reference trajectories with three popular continuous-
action deep RL back-ends: TD3, SAC and PPO. All three
algorithms converged to a faithful imitation of the demon-
stration, with PPO the cheapest in wall-clock time despite
requiring the most episodes (SAC converged in the fewest
episodes but was slower per step), which is why PPO was
adopted for the remaining experiments. The multi-objective
refinement procedure was then exercised on the sine reference
and produced a Pareto front of hypervolume H = 13412 and
sparsity indicator § = 7 between the imitation-fidelity and
motion-effort objectives. The full three-stage pipeline was
finally validated on a pick-and-place case study performed in
the MuJoCo physics engine, in which a single demonstrated
transport motion was used to bootstrap a refined policy that,
depending on the selected operating point on the Pareto front
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of hypervolume H = 12502 and sparsity indicator S = 4, can
either reproduce the sinusoidal shape of the demonstration or
execute a near-minimum-length trajectory between the pickup
and the placement locations. A TOPSIS-selected balanced
solution preserved the demonstration’s trend while reducing
the integrated end-effector velocity by approximately 40%
with respect to the pure-imitation policy. The same task was
then re-instantiated and measured on a physical manipulator
— in a work cell that differs from the idealised simulation in
layout and payload geometry — in a 250-trial, five-controller
pick-and-place experiment: the hardware data reproduced the
simulated velocity-reduction benefit almost exactly (a mea-
sured 39.2% reduction by the TOPSIS-selected policy relative
to the imitation extreme) and additionally showed that the
balanced policy attains the highest task-success rate (98%), the
lowest task-space tracking error and a five-fold lower effort
variability than the other controllers, while remaining within
the manipulator’s real-time and physical limits. A second hard-
ware experiment then probed cross-condition robustness over
360 trials spanning start, goal, payload, friction, table-height
and obstacle variations: augmenting the multi-objective refine-
ment with condition coverage reduced the reference-to-varied
success transfer gap to 0.6 percentage points (against 5.6 for the
nominally trained controller) and produced the highest, flattest
success and tracking profiles across all condition groups, while
preserving the effort and smoothness of the balanced policy. A
third experiment isolated the effort side of the trade-off over
240 trials and confirmed that the balanced policy reduces the
dynamic actuator effort, jerk, above-gravity torque and cur-
rent, and vibration by tens of percent relative to the imitation
extreme — at placement accuracy statistically non-inferior to
it and at comparable, gravity-set mechanical energy — with
the TOPSIS step returning this operating point across the full
range of preference weightings. Taken together, these results
indicate that the proposed framework is a practical and modu-
lar alternative to the manual reward-weighting workflows that
are currently dominant in LfD-plus-RL pipelines for robotic
manipulation.

To delineate the operating envelope of the framework, a
complementary set of controlled experiments was run on a
lightweight A2C-based implementation of the same pipeline
(Sections 5.8-5.15): a three-seed ablation that isolates the in-
dividual contribution of the supervised pre-training and of the
state-space enrichment (Tables 7-8); a sensitivity sweep over
the number of basis functions, the stiffness gain and the actor
learning rate (Tables 9—11); a start—goal generalisation study
that confirms the 3x MAE improvement obtained through the
spatial-scaling reformulation (Table 12); an empirical Pareto-
front analysis on the sine target with hypervolume H = 1576
and sparsity indicator § = 35.1 on the raw objective axes
(Fig. 16); a three-dimensional task-space DMP that confirms
the multi-axis extension of Section 4.4 (Fig. 17); a failure-case
study that maps the limits of the framework’s applicability (Ta-
ble 13); a three-objective formulation that adds the trajectory
acceleration as a first-class mechatronic objective (Fig. 18);
and an obstacle-aware refinement experiment in which a soft-
penalty reward term routes the trajectory around a circular



obstacle without modifying the DMP dynamics (Fig. 19).
Two findings of these experiments refine the qualitative story
of the original case study: (i) the supervised pre-training
target inherits a singularity when the demonstration’s start
and goal coincide, and must be re-expressed on the bounded
forcing-term scale to remain numerically stable; (ii) state-space
enrichment makes the imitation reward observable through the
state and is the input interface that the spatial-scaling refor-
mulation operates on, but, in deterministic single-trajectory
imitation, it can be slightly detrimental because it exposes the
policy to a covariate shift between the demonstration and the
rollout state distribution — a finding that motivates further work
on data augmentation or DAgger-style aggregation during the
supervised stage.

Several directions for future work follow naturally from
the present study. First, the framework was used to learn
and refine a single primitive per task; for complex skills that
consist of multiple sub-movements, the same construction can
be embedded in a hierarchical reinforcement-learning scheme
in which an upper-level policy selects and sequences several
refined DMPs. Second, the case study modelled only one
Cartesian component of the end-effector trajectory as a DMP
and assigned the remaining two to pre-defined motions; mod-
elling all six task-space degrees of freedom (three for position
and three for orientation) as parallel DMPs sharing the same
canonical system would unlock the use of the framework on
richer manipulation skills, at the cost of a moderate increase
in the dimensionality of the policy. Third, the joint-space
controller used in the case study was a simple PD regulator
with manually tuned gains; replacing it with a model-based
controller such as computed-torque or impedance control [66]
would tighten the tracking of the task-space reference and, in
turn, allow the DMP to focus on the shape of the motion rather
than on compensating for the imperfections of the underlying
tracker. Fourth, the present study validates the framework on
a physical manipulator (Sections 5.5-5.6), and Experiment 2
shows that exposing the multi-objective refinement to a cover-
age of operating conditions already transfers the skill robustly
across unseen start, goal, payload, friction, height and obstacle
variations. Two directions remain for tightening the transfer
further: closing the learning loop on the robot through online
adaptation of the selected Pareto policy to the measured joint
dynamics, rather than refining purely in simulation, and ex-
ploiting the wrist force/torque signal acquired in the hardware
experiments to add a contact-effort objective together with an
impedance-control layer, which would extend the framework
from the free-space transport motion studied here to contact-
rich manipulation. Fifth, and most directly tied to the scoping
stated in Section 5.1, the analytic reference trajectories used
throughout should be replaced by human-recorded demonstra-
tions obtained by kinaesthetic teaching or teleoperation. The
specific question is whether the closed-form fit (7) and the
Stage I bootstrap behave on such inputs as they do on smooth
ones, since recorded motion adds correlated sensor noise,
non-smooth segments and hesitations, via-point structure, and
variability between repetitions that forces a choice between
fitting a single demonstration or an average of several. A
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direct test would repeat the Stage I and Stage II protocols of
Sections 5.2 and 5.3 on a set of taught trajectories, and com-
pare the resulting fronts and selected operating points against
those reported here; agreement would establish empirically the
source-agnosticism argued structurally in Section 5.1.
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