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Closed-Loop Co-Design of Motors, Motions, and Feedback Control
for Robotic Manipulators

Jui-Te Lin, Zehui Lu, and Yebin Wang

Abstract—The co-design paradigm claims substantial advan-
tages to hardware and control system design by addressing
multidisciplinary challenges within a unified framework. Es-
tablished co-design frameworks for robot manipulators have
predominantly focused on two components: motor/arm design
and trajectory optimization, which inadequately address real-
world disturbances and model uncertainties and thus render sub-
optimal design and closed-loop system performance. This paper
proposes a closed-loop co-design (CLCD) framework to jointly
determine motors, motions, and a feedback controller, where
the controller comprises a reinforcement learning (RL)-based
compensator and a classic proportional-derivative controller for
trajectory tracking. Simulation is performed to validate 1) the
effectiveness of the proposed CLCD framework to attenuate the
sim-2-real gap, 2) the viability of incorporating an RL-based
controller into the CLCD for flexible and efficient synthesis of
control policy, and 3) the scalability of the CLCD by applying it
to perform co-design for 12 and 120 tasks.

Index Terms—Industrial Robots, Optimization and Optimal
Control, Reinforcement Learning, Methods and Tools for Robot
System Design

I. INTRODUCTION

Co-design concept, jointly optimizing both hardware and
software components [1], has emerged as an important re-
search direction across various domains, to name a few,
mechatronics [2], aerospace [3], robotics [4]–[6], etc. Its
inherently multidisciplinary nature often leads to large-scale
optimization problems involving hundreds of thousands of
variables. The computational co-design method provides a
powerful framework for optimal design of hardware and
software for higher performance [7]. Computational co-design
is largely carried out in sequential, nested, and simultaneous
manner [8], [9]. Nonetheless, it presents a spectrum of chal-
lenges ranging from the intricacies inherent in design problems
that span multiple disciplines to the complexity of large-scale
nonlinear programming. One effective strategy for managing
the complexity involves decomposing a complex problem into
multiple more tractable subproblems. Furthermore, employ-
ing efficient gradient computation methods becomes essential
when solving large-scale optimization problems [10]. In this
work, we propose a unified computational framework for the
optimization of both hardware (motor design) and software
(motion planning and feedback control policy), demonstrated
on an industrial robot.

A. Robot Co-Design
Robot co-design has demonstrated superior performance

across a range of robotic systems such as manipulators [6],
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[11], robotic hands [12], legged robots [7], [13], and cylindri-
cal robots [14]. Most existing work focus on optimizing the
plant parameters and robot motions, overlooking the uncertain-
ties arising from the deployment of the robots in real-world
environments. Some recent work try to incorporate uncertain-
ties in the co-design process to close the sim-2-real gap. For
example, work [15] utilizes genetic algorithms to explore the
design space and deep reinforcement learning (RL) to optimize
control policies for adapting to diverse environments. Chen
et al. [12] explore a unified RL approach, integrating both
hardware and computational policies into a joint policy. A
policy iteration method for H∞ co-design with mismatched
uncertainties was proposed, and the performance improvement
was demonstrated in [16]. However, the emphasis of H∞
control on worst-case performance can lead to conservative
designs and reduced system efficiency [17]. Bravo-Palacios
et al. [18] introduced feedback controllers into co-design for
robustness to disturbances in the nominal trajectory. Their
work simultaneously optimizes robot morphology, trajectory,
and feedback controller in a single optimization problem,
resulting in an exceedingly large design space.

B. Trajectory Tracking

Numerous trajectory tracking control methods have been
proposed for precise positioning in industrial automation [19],
[20]. Among them, the most prominent ones are Proportional-
Integral-Derivative (PID) controller [21], [22] and the Lin-
ear Quadratic Regulator (LQR) [23], [24]. Neural network-
based control methods have been studied to enhance system
robustness under disturbances [25], [26]. As robots are often
subject to constraints arising from joint limits, task-specific
constraints, and motor specifications, model predictive control
(MPC) has gained attention [27], [28]. Furthermore, hybrid
methods that combine RL with classic controllers have been
examined and have demonstrated promising performance [29].
This approach provides a way to self-adjust and re-optimize
the controller over time based on operational data, particularly
as the robot’s accuracy decreases due to hardware degradation.

C. Contributions

We propose a three-step co-design framework to perform
closed-loop co-design (CLCD) of motor, motion (trajectory),
and feedback control policy of an n degree-of-freedom (DOF)
robotic manipulator. This is different from [30], which per-
forms motor design and trajectory optimization (TO) only.

To enhance the learning efficiency as well as the robustness
to disturbances, we parameterize the feedback controller as
a combination of an RL-based reference compensator and a



Fig. 1: The SPMSM’s geometry in the cross-sectional
view [30].

classical model-based controller. We further develop an effi-
cient method for updating and transferring the actor and critic
parameters in the RL module throughout the co-design loop.
Additionally, unlike the work [30], which evaluates motor
designs based solely on open-loop optimal trajectories, we use
closed-loop trajectories that compensate for unknown distur-
bances, improving accuracy and numerical stability in motor
design evaluation. Simulation studies for co-design across 12
and 120 tasks with varying initial and final states and loads
demonstrate the scalability of the proposed CLCD framework,
as well as the superior trajectory-tracking performance of the
resulting closed-loop system compared with a traditional open-
loop co-design (OLCD) approach.

II. SYSTEM MODELING AND PROBLEM FORMULATION

This paper investigates robot co-design problem for an
n-DOF robotic manipulator, each joint of which is driven
by a surface-mount permanent magnet synchronous motor
(SPMSM). The manipulator shall perform a total number of
K tasks Γ ≜ {Γ1,Γ2, · · · ,ΓK} repetitively. Each task in Γ is
defined by a desired task time tf , an initial state (θ(0), θ̇(0)),
a desired terminal state (θ(tf), θ̇(tf)), and a payload mass,
where θ, θ̇ are the vectors representing the angular positions
and velocities of all joints, respectively.

A. Motor-Robot System Modeling

The multidisciplinary modeling of the motor-robot system
in [30], [31] is briefly introduced below to be self-contained.
At its core is to establish the analytical mappings from motor
design to the motor-robot dynamic model and cost functions.

1) SPMSM design parameterization and dynamics: Motor
design parameterization is illustrated by Fig. 1. For the motor
at the ith joint, its design variables are aggregated below:

βi ≜
[
hm,i rso,i rro,i wtooth,i li hsy,i b0,i

]
∈ R7,

where hm,i is the height of magnet, rso,i is the outer radius of
stator, rro,i is the outer radius of rotor, wtooth,i is the width
of tooth , li is the axial length of core, hsy,i is the stator yoke,
b0,i is the slot opening and i denotes the i-th motor.

The SPMSM dynamics can be modeled as follows [30]:

i̇d = −Rid/Ld + Pωiq + ud/Ld, (1a)

i̇q = −Riq/Lq − Pω(id +Φm/Lq) + uq/Lq, (1b)
ω̇ = (1.5PΦmiq − τL/Z)/J, (1c)

TABLE I: Table of notation

Symbol Description

n Number of degrees of freedom (DOF) of the manipulator
K Total number of tasks in the task set
Γ Set of manipulation tasks
tf Task final time
θ, θ̇, θ̈ Joint position, velocity, and acceleration vectors
x System state
xr Robot state
u Motor voltage input vector
id, iq d-axis and q-axis currents of the SPMSM
ud, uq d-axis and q-axis voltages of the SPMSM
ω Rotor angular speed
τ Motor torque
τL Joint load torque vector
P Number of pole pairs
R Resistance
Ld, Lq d-axis and q-axis inductances
Φm Magnet flux
J Rotor inertia
Z Gear ratio
η Efficiency function
βi Design vector of the ith motor
β Set of motor design vector
hm Magnet height
rso Outer radius of stator
rro Outer radius of rotor
wtooth Tooth width
l Axial core length
hsy Stator yoke height
b0 Slot opening
M Manipulator inertia matrix
C Coriolis/centrifugal matrix
G Gravity vector
Jcd Co-design objective
JTO Trajectory optimization objective
Q Positive definite weighting matrix
N Number of discretization steps in each task
θref , θ̇ref Reference joint position and velocity trajectories
x̂r Reference input to the model-based closed-loop controller
e Joint position tracking error
ė Joint velocity tracking error
ex Tracking error in reduced robot state
π RL-based compensator policy
pπ Parameters of the RL policy
s RL state
a RL action
Rπ RL reward
w1, w2, w3 Positive weights in the RL reward function
τff Feedforward torque command
τpd PD feedback torque command
qi Torque-speed probability density for the ith motor
q Vector of torque-speed probability densities for all motors
g Motor design constraints
ϵ Convergence tolerance for the co-design loop
err Motor design update error

where id and iq represent the currents in d-axis and q-axis,
respectively; ω is the rotor speed; ud and uq are the voltage
applied to d-axis and q-axis, respectively; τ ≜ 1.5PΦmiq is
the torque generated by the motor; τL is the load torque applied
on the rotor shaft. P denotes the number of pole pairs, R the
resistance, Ld and Lq the inductance in d-axis and q-axis,
respectively, Φm the magnetic flux, J is the rotor inertia, and
Z is the gearbox ratio. For SPMSM, Ld = Lq.

Remark 1: Assume an ideal harmonics drive with a gear
ratio Z. Then, we have ω = Zθ̇ where θ is the joint angle.



Remark 2: Work [30], [31] show that for an SPMSM
with design βi, both the model parameters R,Ld, Lq,Φm,
J and efficiency η(τ, ω,βi) can be represented as analytical
functions of design variables βi.

Denote β ≜
[
β⊤
1 · · · β⊤

n

]⊤ ∈ R7n as the design
parameters of n motors for the manipulator. Boldface current
and voltage variables (e.g., id,ud, τL,η) represent vectors
corresponding to all n motors of the manipulator.

2) Robot manipulator dynamics: The n-DOF industrial
manipulator dynamics can be modeled as follows:

M(θ,β)θ̈ +C(θ, θ̇,β)θ̇ +G(θ,β) = τL, (2)

where θ̈ ∈ Rn is the vector of angular accelerations; τL ∈ Rn

is the vector of torques applied on joints; M ,G are the inertia
matrix and gravitation forces, respectively; and C is related
to the Coriolis force.

Remark 3: Matrices M ,C,G in (2) are analytical functions
of motor design β. Considering Remark 2, the dynamical
models of both motor and robot (1)-(2) can be implemented
using CasADi [32] to efficiently compute the gradients using
automatic symbolic differentiation for co-design optimization.

B. Robot Co-Design Problems

Denote x =
[
i⊤d i⊤q θ⊤ θ̇⊤]⊤ as the system state; u =[

u⊤
d u⊤

q

]⊤
the control input. The robot co-design can be

formulated as a single objective optimization problem, e.g.,
Problem 1: Given the motor-robot dynamic model (1)-

(2) of an n-DOF manipulator and the task set Γ, determine
the optimal motor design β∗ and optimal control u∗ which
minimize the co-design objective function Jcd(x,u,β,Γ).

Problem 1 is challenging to solve because the representation
of function Jcd is contingent on the control system architecture
and controller parameterization. A multitude of works [6],
[13], [33] assume open-loop optimal control system archi-
tecture and thus the controller is parameterized by reference
trajectories xref ,uref . The resultant co-design problem is
tackled by solving two subproblems: design problem for β and
TO problem for x∗,u∗. We argue that this treatment renders
unsatisfactory system performance because the control system
architecture and parameterization are unrealistic. Specifically,
the prevailing control system architecture of industrial manip-
ulators is way more sophisticated and hierarchical, involving
TO, feedforward controller, and feedback control, etc., where
each module addresses distinctive needs. For example, the
feedback control module is to attenuate uncertainties; without
it, the robustness of the resultant control system can, at best,
be accounted by TO, which was not invented for this purpose.

This paper investigates the following closed-loop robot co-
design problem by incorporating feedback controller, which
admits a parameterized representation π(θ, θ̇, e, ė,pπ), where
e and ė are the tracking error of the angular positions of joints
and the time derivative, respectively, and pπ is the vector of
the feedback control policy parameters.

Problem 2: Given an n-DOF manipulator, the motor-robot
dynamic model (1)-(2), and task set Γ, determine the optimal

motor design β∗, optimal joint trajectories (θ∗(t),θ̇∗(t)) and
control u∗(t), as well as the optimal feedback control policy
π∗(θ, θ̇, e, ė,pπ) to minimize Jcd(θ, θ̇, e, ė,pπ,β,Γ).

Remark 4: Problem 2 comprises three coupled sub-
problems: TO, feedback control synthesis, and motor design
optimization. It remains challenging because Jcd(·) is not
well-defined without selecting the control system architecture.

III. CLOSED-LOOP CO-DESIGN METHODOLOGY

Aiming to solve Problem 2, this section presents the CLCD
framework, as illustrated in Fig. 2, where the control system
architecture integrates a hierarchical model-based controller
and a learning-based controller. A sequential and iterative
workflow is adopted to address the multidisciplinary optimiza-
tion problem by solving TO, feedback control policy synthesis,
and motor design separately within each iteration of the co-
design process. The new design obtained from motor design
optimization is fed back to update the motor-robot dynamic
model for both TO and control policy synthesis.

In the TO stage, an ideal motor–robot model is employed, in
which motor dynamics are explicitly included and the robot
inertia matrices are updated according to the current motor
design β, while uncertainties such as friction are neglected.
With motor dynamics incorporated, the control inputs are the
voltages supplied to the motors. The TO stage computes u∗

and θ∗, θ̇∗ over N time steps for each task. The optimal
trajectories θ∗, θ̇∗ serve as reference trajectories θref , θ̇ref for
the downstreaming closed-loop feedback controller.

Next, a feedback control policy is synthesized using a
non-ideal motor–robot model that includes disturbances. The
resulting policy, π∗(θ, θ̇, e, ė,pπ), acts as a reference com-
pensator that augments the model-based controller to mitigate
disturbances during trajectory tracking. Then the motor current
controller will track the desired torque τ ∗. Using the closed-
loop operation trajectories of actual torque τ and angular
velocity θ̇ (or equivalently ω = Zθ̇), an analytical function of
motor efficiency [31] is adopted to evaluate the motor design
β given the task set Γ.

The motor design optimization stage then updates the motor
parameters by maximizing motor efficiency during operation,
given the closed-loop trajectories under unknown disturbances.
The complete CLCD procedure is summarized in Alg. 10.

Algorithm 1: Proposed CLCD Algorithm

1 Inputs: Task set Γ, Initial motor design βprev

2 while ||err||1 > ϵ do
3 θref , θ̇ref = TrajOpt(Γ,βprev)

4 τ ,ω,π = RL(Γ,βprev,θref , θ̇ref)
5 β∗ = MotorDesignOpt(τ ,ω,βprev)
6 err = β∗ − βprev, βprev = β∗

7 θ∗
ref , θ̇

∗
ref = TrajOpt(Γ,β∗)

8 τ ∗,ω∗,π∗ = RL(Γ,β∗,θ∗
ref , θ̇

∗
ref)

9 Return: β∗,θ∗, θ̇∗,π∗

10 Note: ϵ = 1mm
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Fig. 2: Overview of the proposed CLCD framework. The framework iteratively integrates TO, RL-augmented feedback control,
and motor design optimization. A classical model-based feedback controller works with an RL-based reference compensator
to mitigate disturbances and modeling uncertainties encountered in real-world operation.

A. Control System Architecture

A straightforward selection of control system architecture
would be having an RL-based controller to interact with the
motor-robot hardware directly, completely eliminating classi-
cal model-based controllers such as PID or LQR. However,
in our empirical study, such an approach results in inferior
positioning accuracy and significantly longer training time.
This can be interpreted from two perspectives. First, the motor-
robot dynamic model is stiff, and thus the system performance
is sensitive to control policy parameters, which renders the
training algorithm difficult to converge. Second, with the
bandwidth of the motor dynamics being kHz, the control
output is also in kHz, and thus the training involves more
data per episode and incurs a higher computation burden. For
these reasons, this paper adopts a hybrid control architecture
that combines the adaptability of RL with the reliability
of classical controllers. Specifically, the RL policy is used
as a trajectory reference compensator that adjusts reference
trajectories to mitigate errors caused by disturbances or model
uncertainties, while a classical controller is retained to ensure
training efficiency and high-precision trajectory tracking.

B. Trajectory Optimization

The initial step of the CLCD involves planning the reference
trajectory by solving a continuous-time optimal control prob-
lem (OCP), which is commonly transformed into a non-linear
optimization problem (NLP) by performing discretization over
time [30], [34], [35]. Given a task Γk, an optimizer, e.g.,
IPOPT (Interior Point Optimizer) [36], seeks optimal control
inputs u∗ so that the final state is reached while minimizing
the following energy-related cost function:

JTO =
∫ tf
t0

u⊤Qu dt, (3)

where Q is a positive definite diagonal matrix. To perform the
TO for all K tasks, one way is to formulate and solve a single
NLP problem by considering all control inputs as decision

variables. This approach however results in an excessive
number of variables, rendering the problem intractable for a
large K. An alternative is to solve each task Γk individually
for all tasks and proceed to the next step. This decomposition
maintains tractability while keeping the optimization problem
dimensionality fixed. The corresponding step is denoted as
TrajOpt(·) in Alg. 10. Note that, at this stage, we assume
no disturbances in the motor-robot model (1)-(2). The optimal
state trajectories θ∗ and θ̇∗ serve as reference inputs θref and
θ̇ref for the trajectory tracking step.

C. RL-based Compensator for Trajectory Tracking

This section presents the formulation, parameterization, and
training of the RL-based feedback compensator to reject the
uncertainties omitted during TO. The function RL(·) in Alg. 10
performs policy training using reference trajectories (θref ,
θ̇ref) generated by the TO stage and measurements from the
simulated environment.

1) RL Problem Formulation and Policy Parameterization:
In order to mitigate the uncertainties that are neglected during
TO, naturally one would update the controllers at all levels and
the reference trajectories. Next, we argue that with the model-
based state feedback controller being the low-level motor
control as in Fig. 2, the RL policy only needs to commentate
at the manipulator level.

Remark 5: The closed-loop motor-robot system dynam-
ics (1)-(2) can be rewritten as

i̇ = fi(i, θ̇,u),

ẋr = fr(xr, τL,d),

where xr =
[
θ⊤ θ̇⊤

]⊤
and the current dynamics are not

subject to disturbances. Since the state-feedback controller
u(i, ei), with ei = i − i∗(τL), can render accurately torque
(equivalently current) tracking with bandwidth at kHz, which
is orders of magnitude faster than that of the robot motion dy-



namics, one can assume ei ≈ 0 (ignore the current dynamics)
and focus on the manipulator dynamics.

From Fig. 2, the closed-loop robot system dynamics (2) re-
sult from the model-based controller (without the RL module)
can be simplified as

ẋr = fr(xr, τL(xr − x̂r, x̂r),d), (4)

where x̂r is the reference input to the model-based control sys-
tem and d represents bounded disturbances such as unmodeled
joint friction. Denote ex = xr −x∗

r the tracking error, whose
dynamics follow

ėx = fr(ex + x∗
r , τL(ex + x∗

r − x̂r, x̂r),d)− ẋ∗
r , (5)

where τL = τff(x̂r)+τpd(ex+x∗
r − x̂r) is the summation of

torque commands from model-based controllers. With d = 0,
there is no need to include the RL module. Without model mis-
matches in the TO and model-based control design, the closed-
loop system with x̂r = x∗

r gives satisfactory performance.
When d ̸= 0, neither x∗

r nor the controllers are optimal.
We employ RL to synthesize a control policy for the

tracking error dynamics (5). There are multiple options to set
up the RL problem. First, if x̂r is treated as the control input,
the RL objective is to synthesize reference trajectories θ̂r such
that the tracking error exhibits improved transient performance
and zero steady-state error under disturbances. Consequently,
the RL policy admits the parameterization x̂r = π̂(xr, ex,
pπ). Alternatively, one can rewrite (5) as follows

ėx = fr(ex + x∗
r , τL(ex +∆xr,x

∗
r −∆xr),d)− ẋ∗

r ,

where ∆xr = x∗
r − x̂r is treated as the virtual control input.

Then the RL objective is to synthesize the correction ∆xr of
the reference trajectories from the TO.

We finally adopt the following reduced parameterization:

s ≜
[
θ⊤ θ̇⊤ e⊤ ė⊤

]⊤ ∈ R4n, a ≜ ∆θref ∈ Rn, (6)

where e ≜ θ − θref and ė ≜ θ̇ − θ̇ref denote joint position
and velocity tracking errors, respectively, and the policy is

a ≜ ∆θref = π(θ, θ̇, e, ė,pπ). (7)

The reward function is designed to maximize tracking accu-
racy (via error penalties) while maintaining physical stability
(via action penalties), effectively allowing the policy to com-
pensate for unmodeled uncertainties and avoid destabilizing
the system:

Rπ = − (w1∥e∥2 + w2∥ė∥2 + w3∥a∥2) , (8)

where w1, w2, w3 > 0 are weighting coefficients. Decreasing
the action penalization weight w3 makes the RL controller
more responsive to errors due to uncertainties, at the cost
of more aggressive control actions, increased control effort,
and potentially more jittery robot behavior. Therefore, the RL
problem is formulated as

π∗ = argmax
π

Es,a [Rπ] . (9)

2) Environment: The RL environment is constructed in
simulation using the motor and robot dynamics described
in Sec. II-A1 and Sec. II-A2. The environment receives the
reference trajectory (θ∗

ref ,θ̇
∗
ref ) from the TO stage and the

corrective action a from the RL policy, producing a corrected
reference (θ̂ref ,

˙̂
θref ). This corrected reference is used by

both the feedforward controller and the PD controller, which
together generate the desired torque command τ ∗.

The state-feedback controller ensures accurate torque track-
ing. In particular, motor dynamics are simulated at 2.5 kHz,
while robot dynamics are simulated at 25 Hz. The use of dual
simulation frequencies is motivated by the inherent separa-
tion in time scales between actuator-level and system-level
dynamics in robotic systems. Consistent with prior work on
actuator-aware modeling and multi-rate simulation [37]–[39],
we integrate motor dynamics at 2.5 kHz to capture fast tran-
sient behavior, while updating robot dynamics at 25 Hz, which
is sufficient for task-level motion and improves computational
efficiency during training. The voltage commands (for a given
motor) are given by

ud = Ld(−Pωiq +Ri∗d/Ld −Kd(id − i∗d)),

uq = Ld(−Pω(id +Φm/Ld) +Ri∗q/Ld −Kq(iq − i∗q)),

where i∗q, i
∗
d can be calculated for any torque command τ ∗ [31,

Alg. 1].
3) Training Algorithm and Training Efficiency: In the

CLCD framework, iterative motor design updates can sub-
stantially alter system dynamics, making full policy retraining
at each iteration computationally impractical. It entails an
algorithm that not only results in high tracking accuracy but
also achieves fast convergence.

We evaluated several representative algorithms, including
PPO (proximity policy optimization), DDPG (deep determin-
istic policy gradient), TD3 (twin-delayed deep deterministic
policy gradient), and SAC (soft actor-critic). SAC achieved
the best performance in training time, cumulative reward,
and tracking accuracy, and is therefore adopted in this work.
In addition, transfer learning across co-design iterations is
essential, as the motor design evolves during optimization.
SAC is particularly well suited for this setting due to its
off-policy nature, which allows previously collected data and
learned network parameters to be effectively reused. This
enables efficient warm-starting of both the policy and value
networks, significantly reducing training time in subsequent
iterations [40]. Accordingly, we initialize the networks using
parameters from the previous iteration. Furthermore, as an off-
policy actor–critic method, SAC improves sample efficiency
through experience replay and employs a maximum-entropy
objective to promote stable learning [41]. The stochastic policy
and soft Q-function are parameterized using neural networks,
with a target Q-function introduced to further enhance training
stability. To balance the computational cost of control syn-
thesis and motor design optimization, the number of training
episodes per iteration is limited to the number of tasks,
enabling efficient policy adaptation throughout the co-design
process.



D. Motor Design Optimization

Finally, MotorDesignOpt(·) function in Alg. 10, up-
dates motor design β to maximize operational efficiency η(τ,
ω;β) = [η1(τ, ω,β1), · · · , ηn(τ, ω,βn)]

⊤ of n motors while
accomplishing all tasks. Take the ith motor as an example.
The requirement of all tasks on the ith motor is characterized
by the operation data (τi(t),ωi(t)) associated with previous
design βprev,i, where τi = {τi,1(t), · · · , τi,K(t)} with τi,k(t)
denoting the torque trajectory of the ith motor performing
the kth task. Given the operational data, one can construct a
probability density function qi(τ, ω,βprev,i) over the torque-
speed plane for all motors (1 ≤ i ≤ n) and have a vector
of known distributions given by previous design βprev: q(τ,
ω;βprev) = [q1, · · · , qn]⊤. The design optimization solves the
following problem:

min
β

∫ τmax

0

∫ ωmax

0
q⊤(τ, ω;βprev)(1− η(τ, ω;β)) dωdτ

(10a)
s.t. gd(β) ≤ 0, (10b)

where gd(β) represents all the design constraints. An example
of gd(β) is shown as the first 6 rows of Constraints in Table II.
It is noteworthy that η(τ, ω;β) is a vector of analytical
functions derived during modeling.

This design optimization problem can be solved numeri-
cally, and the resultant motor design is forwarded to the TO
step as the next iteration. To assess the convergence of motor
design parameters, we define the exit criterion as ||err||1 ≤ ϵ,
where err = β − βprev and ϵ denotes the tolerance. If the
criterion is not met, the co-design loop continues. Once exiting
the co-design loop, the optimized motor design is used to
perform the TO and RL training phase again to fully complete
the co-design algorithm.

IV. SIMULATION RESULT

In this section, we apply both the proposed CLCD and
a baseline OLCD method to a 6-DOF robot manipulator
(n = 6) and compare the trajectory tracking performance
of the resultant closed-loop control systems as well as the
consequent motor designs. The co-design problem statement
is detailed in Table II, which provides a comprehensive list
of optimization variables and constraints, along with their
respective quantities. Main differences between the CLCD and
OLCD paradigms are: 1) the latter only performs the TO and
motor design optimization during design, and 2) during real-
time trajectory tracking control, the latter excludes the RL
block from Fig. 2. For the simulation setup, we chose two
different total numbers of tasks (K = 12 and K = 120)
to validate the scalability of the proposed framework. Each
task was generated by randomly selecting feasible initial and
final states, with payloads ranging from 0 to 4 kg. The TO
is conducted with a final time of 4 seconds and a time step
of 0.04 seconds, which yields the total number of time steps
N = 100. A pre-defined gear ratio of 50 is applied to all six
motors. For the RL problem, the dimensions of the action,
denoted by a ∈ R6, and the state, denoted by s ∈ R24,

Fig. 3: (a) shows the convergence of ||err||1 from the proposed
CLCD framework. (b) presents the trajectory tracking error
from the first to the last co-design iteration.

are determined as described in Sec. III-C. The convergence
criterion is set to ||err||1 ≤ 1 mm. The simulation is performed
on a PC with Intel® Core™ i7-8700 CPU @ 3.20 GHz. In
addition, the PyTorch library and OpenAI Gym [42] are used
for the RL training.

The convergence of the co-design algorithm is depicted in
Fig. 3. The result shows that despite the order of magnitude
increase in the number of tasks, the number of co-design
iterations remains stable with similar convergence behavior.
In addition, the total computation time is close to linear
growth as the number of tasks increases (4.2 hrs for K = 12
and 54.9 hrs for K = 120). This is expected because the
computation burden primarily stems from performing the TO
for all tasks. Computation efficiency can be further improved
by implementing the trajectory and motor dynamics in JAX
for GPU-parallelized computation. Furthermore, the number
of optimization steps provides a tunable trade-off between
solution high-fidelity and computational overhead.

A. Trajectory Tracking

This section assesses the scalability and the tracking per-
formance of the CLCD approach. Joint space trajectories
are optimized through the TO and then treated as reference
trajectories for closed-loop tracking control. The actor and
critic networks for training both feature two fully-connected
hidden layers with 256 nodes each. employing a consistent
learning rate of 10−4. The decay factor γ and temperature α
are set to 0.99 and 0.02, respectively. While we adopted the
standard default decay parameters for our experiments, some
hyperparameters can be sensitive and require careful tuning
for specific problems. Therefore, we conducted a parameter
sweep to select the learning rate and temperature, ensuring
both stable convergence and an appropriate convergence rate
as the motor hardware parameters evolve across iterations.
In addition, the PD controller is tuned to ensure system
stability while achieving a stiff and responsive behavior. In
each episode, the time step is 0.04 s, and the final time (tf = 4
s) is set to match that of the TO. Fig. 3 illustrates the tracking
error of the closed-loop control system result from the CLCD.
Remarkably, the final RMS tracking error for 12 and 120 tasks
are within the same order of magnitude. With 120 tasks, the
RMS error increases as the design parameters converge. This



TABLE II: The co-design problem statement (n = 6, N = 100).

Description Lower* Variable Upper* Optimization quantity

Trajectory Motor design

Optimization
variables β,u(t)

Axial length of core (mm) 20 l 100 n
Outer radius of rotor (mm) 10 rro 100 n
Outer radius of stator (mm) 10 rso 100 n
Height of magnet (mm) 1 hm 5 n
Stator yoke (mm) 5 hsy 10 n
Width of tooth (mm) 5 wtooth 20 n
Slot opening (rad) 1 b0 10 n
Voltage d axis (V) -100 ud 100 n×N
Voltage q axis (V) -100 uq 100 n×N

Total 2× n×N 7× n

Constraints

Slot height 0 hss n
mass of stator and rotor (kg) 0 mstator +mrotor 3 2× n
D Wire (mm) 0.6 Dwire n

Tooth width bound (mm) 0 wtooth
2(Rro+δ)

+ b0
2(Rro+δ)

π
Q

2× n

Magnetic fluxes in tooth (T) 0 kpϕ1

wtoothL
1.5 2× n

Magnetic fluxes in stator yoke (T) 0 1√
3

kpϕ1

hsyL
1.5 2× n

Joint angle −2π θ1,4,6 2π 2× 3×N
Joint angle −0.6π θ2,3,5 0.6π 2× 3×N

Joint velocity −2π θ̇ 2π 2× n×N
current d axis (A) -3 id,k 0 2× n×N 2× n
current q axis (A) -3 iq,k 3 2× n×N 2× n
Voltage d axis (V) -100 ud,k 100 2× n×N 2× n
Voltage q axis (V) -100 uq,k 100 2× n×N 2× n

Total 2× 5× n×N + 12×N 18× n

behavior is expected since the controllers are not fine-tuned
for a specific task but rather adapted to a broader range of
tasks.

The trajectory tracking performance of the closed-control
systems result from the CLCD and the OLCD is compared.
The gains of the PD controller are meticulously tuned and
set to identical values for both the CLCD and the OLCD
approaches. The simulation results of both CLCD and OLCD
for 12 tasks are showcased in Figs. 4a and 4b, demonstrating
the tracking performance of θ1 and θ6, respectively. Further-
more, Figs. 4c and 4d illustrate the tracking performance of
CLCD for 12 and 120 tasks, respectively. The results distinctly
indicate the superior performance of the CLCD, exhibiting a
consistent order of magnitude improvement in RMS tracking
error compared to the OLCD, as shown in Table III. The error
magnitude for 120 tasks is notably higher, particularly when
t < 2 s. This behavior may stem from the fundamental tradeoff
between optimality and robustness of a static feedback-control
policy when applied to a larger volume of tasks. Despite
this, the overall performance of the CLCD surpasses that of
the OLCD, underscoring the versatility and effectiveness of
the proposed approach. Consequently, the CLCD can adeptly
manage disturbances by adjusting the reference joint trajectory.
Moreover, the current framework can accommodate model un-
certainties and other types of disturbances, enabling simulation
in various customized environments.

B. Motor Design
The optimized motor parameters for both CLCD (K = 12,

120) and OLCD (K = 12) approaches are compared using a

TABLE III: Tracking Error (Unit: rad)

Mean (µθ1 ) Std (σθ1 ) Mean (µθ6 ) Std (σθ6 )

CLCD (K=12) 0.0003 0.0089 0.0022 0.0043
OLCD (K=12) 0.0031 0.0222 0.0634 0.0458
CLCD (K=120) 0.0096 0.0144 0.0078 0.0138

spider plot as shown in Fig. 5. The scale in the spider plot is
anchored on the lower and upper bounds of each design param-
eter. The comparison highlights significant disparities in motor
designs from the two methods, particularly in the axial length
of the core (l) across motors 1 to 6. A longer axial length
of the core corresponds to increased magnetic flux, resulting
in higher motor torque. This aligns with expectations, as the
CLCD process accounts for disturbances during the design
phase. Consequently, to compensate for friction in the motor
and gearhead, a higher torque requirement becomes necessary.
Other key design parameters, such as the stator outer radius
(rso) and tooth width (wtooth), are reduced to compensate for
the increased axial length l, thereby limiting the growth in
resistance and inertia due to the increased material volume.
Moreover, the CLCD with 120 tasks exhibits a slight increase
in l compared to 12 tasks, which is also expected due to
the variation of the tasks, consisting of different initial and
final states and loads. This increase reflects the adaptability
of the CLCD approach to account for a wider range of task
scenarios and optimize the motor design accordingly. Other
observable differences in the design parameters are considered
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Fig. 4: (a) and (b) display the tracking errors for θ1 and θ6 with
all 12 trajectories under both CLCD and OLCD, with each
trajectory represented by a distinct color, (c) and (d) illustrate
the tracking errors for θ1 and θ6, respectively. Furthermore,
both θ1 and θ6 with the number of trajectories, K = 12 and
K = 120, are presented to demonstrate the difference in the
resultant tracking accuracy.

minor compared to the axial length of the core (l). However,
variations in any design parameters can impact the motor’s
dynamic performance and generalizability across hundreds of
tasks in an industrial setting.

V. CONCLUSION AND FUTURE WORK

A novel CLCD framework is proposed, comprising three
pivotal steps: the TO, feedback control policy learning through
the integration of an RL-based compensator with classic PD
control, and motor design optimization. The results emphasize
the essential nature of incorporating a closed-loop system into
the co-design framework, as disturbances can significantly
influence system performance and motor design. This con-
sideration becomes critical for a comprehensive and effective
co-design strategy. The framework demonstrates the utility
of the RL-based compensator in enhancing tracking error
resilience when encountering disturbances. It also establishes
the feasibility of efficiently training RL policies within each
co-design iteration. In addition, we address high-dimensional
optimization by decomposing the co-design problem into

tractable subproblems and performing each trajectory opti-
mization independently, thereby maintaining tractability and
convergence quality, as demonstrated in the experiments. The
proposed three-step framework is modular, enabling easy
integration of alternative state-of-the-art controllers, such as
model predictive control (MPC) or learning-based approaches.
Future work will delve into exploring the robustness of the
controller across a broader spectrum of tasks and incorporating
model uncertainties. Another interesting direction is to extend
the co-design framework to multi-agent robotic systems and
bimanual manipulators for more complex and dexterous tasks
beyond a single-arm setting. These enhancements aim to
further elevate the adaptability and reliability of the proposed
co-design framework.

REFERENCES

[1] G. De Michell and R. K. Gupta, “Hardware/software co-design,” Pro-
ceedings of the IEEE, vol. 85, no. 3, pp. 349–365, 1997.

[2] Y. Jiang, Y. Wang, S. A. Bortoff, and Z.-P. Jiang, “Optimal codesign of
nonlinear control systems based on a modified policy iteration method,”
IEEE Trans. on Neural Net. and Learn. Syst., vol. 26, no. 2, pp. 409–414,
2015.

[3] A. L. Hale, W. Dahl, and J. Lisowski, “Optimal simultaneous structural
and control design of maneuvering flexible spacecraft,” Journal of
Guidance, Control, and Dynamics, vol. 8, no. 1, pp. 86–93, 1985.

[4] T. Ravichandran, D. Wang, and G. Heppler, “Simultaneous plant-
controller design optimization of a two-link planar manipulator,” Mecha-
tronics, vol. 16, no. 3-4, pp. 233–242, 2006.

[5] J.-H. Park and H. Asada, “Concurrent design optimization of mechanical
structure and control for high speed robots,” 1994.

[6] M. Pettersson and J. Olvander, “Drive train optimization for industrial
robots,” IEEE Trans. Robot., vol. 25, no. 6, pp. 1419–1424, 2009.

[7] S. Ha, S. Coros, A. Alspach, J. Kim, and K. Yamane, “Computational
co-optimization of design parameters and motion trajectories for robotic
systems,” Int. J. Robot. Res., vol. 37, no. 13-14, pp. 1521–1536, 2018.

[8] D. R. Herber and J. T. Allison, “Nested and simultaneous solution
strategies for general combined plant and control design problems,”
Journal of Mechanical Design, vol. 141, no. 1, p. 011402, 2019.

[9] M. Garcia-Sanz, “Control co-design: an engineering game changer,” Adv.
Ctrl. Appl.: Eng. & Ind. Syst., vol. 1, no. 1, p. e18, 2019.

[10] J. T. Hwang, “A modular approach to large-scale design optimization of
aerospace systems,” Ph.D. dissertation, University of Michigan, 2015.

[11] M. Toussaint, J. S. Ha, and O. S. Oguz, Eds., Co-Optimizing Robot,
Environment, and Tool Design via Joint Manipulation Planning: 2021
IEEE International Conference on Robotics and Automation, 2021.

[12] T. Chen, Z. He, and M. Ciocarlie, “Co-designing hardware and control
for robot hands,” Science Robotics, vol. 6, no. 54, p. eabg2133, 2021.

[13] T. Dinev, C. Mastalli, V. Ivan, S. Tonneau, and S. Vijayakumar, “A
versatile co-design approach for dynamic legged robots,” in 2022
IEEE/RSJ IROS. IEEE, 2022, pp. 10 343–10 349.

[14] C. Baykal and R. Alterovitz, “Asymptotically optimal design of piece-
wise cylindrical robots using motion planning.” in Robotics: Science and
Systems, vol. 2017, 2017.

[15] J. Bhatia, H. Jackson, Y. Tian, J. Xu, and W. Matusik, “Evolution gym:
A large-scale benchmark for evolving soft robots,” Advances in Neural
Information Processing Systems, vol. 34, pp. 2201–2214, 2021.

[16] Q.-Y. Fan, D. Wang, and B. Xu, “h∞ codesign for uncertain nonlinear
control systems based on policy iteration method,” IEEE Transactions
on Cybernetics, vol. 52, no. 10, pp. 10 101–10 110, 2021.

[17] W. Zhang, Y. Huang, and L. Xie, “Infinite horizon stochastic h2/h control
for discrete-time systems with state and disturbance dependent noise,”
Automatica, vol. 44, no. 9, pp. 2306–2316, 2008.

[18] G. Bravo-Palacios, G. Grandesso, A. D. Prete, and P. M. Wensing,
“Robust co-design: Coupling morphology and feedback design through
stochastic programming,” J. Dyn. Sys., Meas., Ctrl., vol. 144, no. 2, p.
021007, 2022.

[19] M. Benosman and G. Le Vey, “Control of flexible manipulators: A
survey,” Robotica, vol. 22, no. 5, pp. 533–545, 2004.



Fig. 5: The 7 motor design parameters are optimized, and the spider plot showcases the difference in motor design parameters
when the co-design algorithm is used with and without the closed-loop component.

[20] M. Yuan, C. Manzie, M. Good, I. Shames, L. Gan, F. Keynejad,
and T. Robinette, “A review of industrial tracking control algorithms,”
Control Engineering Practice, vol. 102, p. 104536, 2020.

[21] A. Visioli and G. Legnani, “On the trajectory tracking control of
industrial scara robot manipulators,” IEEE Trans. Ind. Electron., vol. 49,
no. 1, pp. 224–232, 2002.

[22] I. Cervantes and J. Alvarez-Ramirez, “On the pid tracking control of
robot manipulators,” Syst. & Ctrl. L., vol. 42, no. 1, pp. 37–46, 2001.

[23] F. Lin, “An optimal control approach to robust control of robot ma-
nipulators,” IEEE Trans. Robot. & Autom., vol. 14, no. 1, pp. 69–77,
1998.

[24] A. Green and J. Z. Sasiadek, “Dynamics and trajectory tracking control
of a two-link robot manipulator,” Journal of Vibration and Control,
vol. 10, no. 10, pp. 1415–1440, 2004.

[25] R.-J. Wai, “Tracking control based on neural network strategy for robot
manipulator,” Neurocomputing, vol. 51, pp. 425–445, 2003.

[26] Z.-H. Jiang and T. Ishida, “A neural network controller for trajectory
control of industrial robot manipulators.” J. Comput., vol. 3, no. 8, pp.
1–8, 2008.

[27] L. Dai, Y. Yu, D.-H. Zhai, T. Huang, and Y. Xia, “Robust model
predictive tracking control for robot manipulators with disturbances,”
IEEE Trans. Ind. Electron., vol. 68, no. 5, pp. 4288–4297, 2020.

[28] P. Boscariol, A. Gasparetto, and V. Zanotto, “Model predictive control
of a flexible links mechanism,” J. Intel. & Robot. Syst., vol. 58, pp.
125–147, 2010.

[29] Y. P. Pane, S. P. Nageshrao, J. Kober, and R. Babuška, “Reinforcement
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