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Abstract

Autonomy is increasingly demanded to industrial manipulators. Robots have to be

capable to regulate their behavior to different operational conditions, adapting to the

specific task to be executed without requiring high time/resource-consuming human

intervention. Achieving an automated tuning of the control parameters of a manip-

ulator is still a challenging task, which involves modeling/identification of the robot

dynamics. This usually results in an onerous procedure, both in terms of experimen-

tal and data-processing time. This paper addresses the problem of automated tuning

of the manipulator controller for trajectory tracking, optimizing control parameters

based on the specific trajectory to be executed. A Bayesian optimization algorithm

is proposed to tune both the low-level controller parameters (i.e., the equivalent link-

masses of the feedback linearizator and the feedforward controller) and the high-level

controller parameters (i.e., the joint PID gains). The algorithm adapts the control pa-

rameters through a data-driven procedure, optimizing a user-defined trajectory-tracking

cost. Safety constraints ensuring, e.g., closed-loop stability and bounds on the maxi-

mum joint position error are also included. The performance of proposed approach is

demonstrated on a torque-controlled 7-degree-of-freedom FRANKA Emika robot ma-

nipulator. The 25 robot control parameters (i.e., 4 link-mass parameters and 21 PID

gains) are tuned in less than 130 iterations, and comparable results with respect to the
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FRANKA Emika embedded position controller are achieved. In addition, the general-

ization capabilities of the proposed approach are shown exploiting the proper reference

trajectory for the tuning of the control parameters.

Keywords: Controller auto-tuning, Bayesian Optimization, trajectory tracking,

dynamics compensation, industrial robots.

1. Introduction

1.1. Context

Nowadays, robots are required to adapt to (partially) unknown situations, being

able to optimize their behaviors through continuous interactions with the environment.

In such a way, robots can achieve a high level of autonomy which allows them to5

face unforeseen situations [1]. Such capabilities are in particularly needed by indus-

trial manipulators, which are expected to execute highly dynamic tasks [2, 3]. This

requires reconfigurability, adaptability and flexibility. Indeed, the manipulator has to

autonomously adapt to new tasks and working conditions, avoiding as much as possi-

ble the human intervention. In fact, human intervention can be time- and resources-10

consuming and not always feasible (e.g., for safety reasons) [4, 5, 6].

In order to achieve this autonomy, the manipulator has to be capable to self-adapt

for the task at hand. Machine learning techniques are extremely effective to tackle such

a problem, and many approaches have been investigated in recent years to improve the

level of autonomy of manipulators through auto-tuning methodologies.15

1.2. State-of-the-art machine learning techniques for control tuning

Controller design and tuning is one of the most investigated topics in robotics. Stan-

dard model-based methodologies require identification of the robot dynamics, with data

gathered from time-consuming ad-hoc experiments [7, 8]. Furthermore, when estimat-

ing a model of the manipulator, it is hard to determine a priori the model accuracy20

required to meet a given closed-loop performance specification. Direct methods, such

as Iterative feedback tuning (IFT) [9] and Virtual reference feedback tuning (VRFT)
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[10, 11], could be used to design a controller based on open-loop data, without identi-

fying a model of the system. However, these methodologies require to a-priori specify

a model of the desired closed-loop behaviour, which might not be achieved by the cho-25

sen controller structure. Although some techniques have been recently proposed in

[12, 13, 14] to overcome these limitations, the a-priori chosen closed-loop reference

model and the controller parameterization may still affect the final closed-loop perfor-

mance. In addition, the final performance of the closed-loop system may be degraded

by the noise corrupting the data used for direct controller design.30

In recent years, machine learning is emerging as an alternative paradigm for data-

driven robot control design [15, 16]. Programming-by-demonstration approaches are

proposed in [17, 18], in which the human is physically teaching a specific task to the

manipulator, that simultaneously learn dynamic behaviors and task execution. Addi-

tionally, autonomous learning of robot tasks are also deeply investigated [19].35

Machine learning techniques are commonly used to tackle different control learning

problems. On the one hand, data-driven modelling of the robot dynamics are employed,

and advanced controllers are designed based on the estimated model of the robot and

of the interacting environment [20, 21, 22, 23, 12, 24]. On the other hand, machine

learning techniques are also employed for auto-tuning of the robot control parameters.40

For example, [25] proposes a reinforcement learning approach to assists a human op-

Figure 1: The FRANKA Emika manipulator used as a test platform to evaluate the proposed procedures for

control parameters auto-tuning.
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erator to perform a given task with minimum workload demands, while optimizing

the overall human-robot performance; [26] investigates a Neural Network approach to

self-tune the robot controller in object balancing applications; [27] presents an iter-

ative reinforcement learning approach which combines dynamics compensation (i.e.,45

friction) and control parameters tuning for force-tracking applications; [28] proposes a

sensor-based strategy to self-tune the impedance control for interaction tasks.

1.3. Paper contribution

This paper addresses automated tuning of robot control parameters in trajectory

tracking applications with unknown manipulator dynamics.50

This topic has attracted the attention of many researchers in the last years. For

instance, [29] proposes an auto-tuned PID-like controller based on Neural Networks;

[30] presents a fuzzy PID controller optimized by genetic algorithms; [31] discusses

absolutely continuous Jacobian transpose robust controllers for finite-time trajectory

tracking control in a task-space under dynamic uncertainties; [32] proposes a neural-55

network controller for an n-link robot manipulator with robust compensator to achieve

a high-precision position tracking; [33] presents an iterative learning controller en-

hanced by a disturbance observer to robustly linearize the dynamics of robot manipu-

lators. In general, these approaches are commonly based on computational demanding

algorithms, also requiring advanced programming skills. Furthermore, control tuning60

is in general too time- and cost-consuming to be affordable in industrial environments.

In addition, safety constraints are not explicitly taken into account in the control design,

so that the robot may show an unstable/unsafe behavior.

In order to develop an efficient and easily-applicable approach that can be imple-

mented in real industrial plants, this paper presents a Bayesian-optimization (BO) based65

algorithm for data-driven self-tuning of the robot control parameters. In fact, BO is

known to be efficient in terms of number of function evaluations for derivative-free

optimization in comparison with other methods, such as Particle Swarm Optimization

and Genetic Algorithms [34, 35, 36, 37, 38]. A simple PID trajectory control loop

(probably the most applied control strategy in real applications [39]) with feedback70

linearization (compensating for the manipulator dynamics) and feedforward action is
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implemented as a control strategy. The aim of the Bayesian optimization algorithm is

twofold: (i) choosing the equivalent link-mass parameters used by the feedback lin-

earizator and the feedforward action, and (ii) optimizing the joint-level PID control

gains. Joint position and velocity errors over the trajectory are used to define a perfor-75

mance index which guides the control parameters tuning. Moreover, a penalty is given

to the control parameters leading to tracking errors exceeding a given threshold or to

unstable/unsafe behaviours resulting in a safety stop of the experiment.

Two strategies are proposed for parameter tuning. In the first strategy, the equiv-

alent link-mass parameters and the PID gains are jointly optimized acccording to the80

trajectory-tracking objective using Bayesian optimization. The second strategy is in-

spired by classical control design strategies for manipulators and consists of two stages.

In the first stage, the link masses characterizing the feedback linearization and the feed-

forward action are tuned with the objective of decoupling the joint-level robot degree-

of-freedom (DoFs) by compensating the gravitational and the Coriolis force. In the85

second stage, PID gains are tuned according to the original trajectory-tracking objec-

tive, while keeping link mass parameters fixed to the values optimized in the first stage.

Both in the first and in the second stage, Bayesian optimization is used to tune the

control parameters from experiments.

For the sake of completeness, it is worth mentioning other works applying Bayesian90

optimization in robotics applications. In particular, [40] employs constrained BO to

select three force-controller parameters for combined position/interaction tasks; [41]

describes a trial-and-error algorithm that allows robots to adapt their behaviour in pres-

ence of damage; [42] proposes a methodology to achieve automatic tuning of optimal

parameters for whole-body control algorithms, iteratively learning the parameters of95

sub-spaces from the whole high-dimensional parametric space through interactive tri-

als. Our contribution differs from the works mentioned above since it is tailored to

industrial manipulators with unknown dynamics and adopting a widely-used control

architecture, which relies on a simple feedback linerizator for dynamics compensation,

a feedforward action, and PID controllers at the joint level. This increases the degrees100

of freedom in the control design, maintaining a gray-box tuning of the controller pa-

rameters. As described in Section 4, this also allows us to design the parameters char-
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acterizing the dynamics of the robot and the PID controllers sequentially, by splitting

the control design problem into two simpler problems.

The proposed approach has been implemented in C++ exploiting KDL and limbo105

libraries for the robot modeling and Bayesian optimization, respectively. As a test plat-

form, the FRANKA Emika manipulator shown in Fig. 1 has been used. The dynamical

model of the manipulator is assumed to be unknown. High-performance control tun-

ing is reached in less than 130 trials, and comparable performance with the FRANKA

Emika embedded position controller is achieved. In addition, the generalization capa-110

bilities of the proposed approach are shown exploiting the proper reference trajectory

for the tuning of the control parameters (i.e., properly exciting the robot dynamics).

1.4. Paper layout

The paper is structured as follows. Section 2 is devoted to the problem formula-

tion, where the model of the robot dynamics and the considered control architecture115

are described. Section 3 provides the details of the BO algorithm used to tune the con-

trol parameters. In Section 4 a two-stage version of the BO-based tuning algorithm

is described. The experimental results obtained in controlling the FRANKA Emika

manipulator are reported in Section 5. Conclusions and directions for future works are

given in Section 6.120

2. Problem Setting

Fig. 2 shows the proposed control scheme and tuning strategy, where the parame-

ters of the joint-level PID controller and the equivalent link-mass parameters used by

the feedback linearizator and feedforward controller are optimized through Bayesian

optimization in order to achieve high performance trajectory tracking.125

2.1. Robot dynamics

To implement the PID trajectory tracking controller with feedback linearization in

Fig. 2, the following differential equations describing the manipulator dynamics are

used [43]:

B(q,m)q̈+C(q, q̇,m)+g(q,m)+h f ,q(q̇) = τττ−J(q)T hext (1)
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Figure 2: Proposed architecture of self-tuning for trajectory tracking.

where B(q,m) is the robot inertia matrix; q is the robot joint position vector; m is130

the robot link-mass vector; C(q, q̇,m) is the robot Coriolis vector; g(q,m) is the robot

gravitational vector; h f ,q(q̇) is the robot joint friction vector; J(q) is the robot Jacobian

matrix; hext is the robot external wrench vector; and τττ is the robot joint torque vector.

Dot notation is used in this paper to indicate time derivatives, i.e., q̇ and q̈ are the first-

and the second-order time derivatives of q with respect to time.135

The inertia parameters of the manipulator (i.e., the link-mass vector m), affecting

the inertia matrix B(q,m), the Coriolis vector C(q, q̇,m), and the gravitational vector

g(q,m), are supposed to be unknown. External wrench hext is null (i.e., no interaction

during trajectory tracking task) and friction h f ,q(q̇) is not included in the feedback

linearization.140

2.2. Control architecture

According to Fig. 2, the overall control action is defined as

τττ = τττFF + τττPID + τττFL, (2)
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where τττFF and τττPID implement the feedforward and feedback control action, respec-

tively, and τττFL is the action of the feedback linearization controller, namely

τττFF =B(q,m)q̈d , (3a)

τττPID =Kpeq +Kd ėq +Ki

∫
eq, (3b)

τττFL =C(q, q̇,m)+g(q,m), (3c)

with qd being the joint position reference vector and eq = qd−q the joint position error

vector.

Note that τττPID aims to improve the performance of the trajectory tracking in closed-145

loop, while τττFL compensates for the Coriolis and gravity terms in (1). In order to

achieve high trajectory tracking performance, it is therefore important to tune the PID

control gains Kp, Kd , Ki and the link-mass parameters m in (3a) and (3c).

2.3. Objective function

The overall performance of the trajectory tracking problem can be defined by the150

user to reflect its goals and requirements. In this paper, the performance is measured

in terms of joint position and velocity errors over the trajectory execution time T , and

it is defined by the following cost:

J =
n

∑
i=1

(emax
i + ėmax

i + emean
i + ėmean

i )+L, (4)

where n is the number of robot DoFs, emax
i and emean

i are the maximum and the average,

respectively, of the absolute value of the i-th joint position error over the execution time

T , i.e.,

emax
i = max

t∈[0, T ]
|eq,i(t)|, (5)

emean
i =

1
T

∫ T

0
|eq,i(t)|dt, (6)

with eq,i denoting the i-th element of the vector eq, namely, the joint position error of

the i-th joint. The terms ėmax
i and ėmean

i in (4) are defined similarly for the velocity155

error, obtained by numerical differentiation of the joint position signals using a filter

with cut-off frequency of 50 Hz.
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The term L in (4) is introduced to penalize violations of signal constraints, which

may reflect safety and hardware requirements. In this paper, the penalty term L is

defined in terms of a (smooth) barrier function, which penalizes trajectories exceeding

a maximum joint position error ē and unstable behaviors. In particular:

L = 100e−ξ/T if |eq,i(ξ)|> ē, (7a)

L = 1000e−t̄/T if test interrupted, (7b)

where ξ ≤ T is the time when the constraint on the maximum joint position error is

violated, while t̄ ≤ T is the time when test is interrupted because of a user-defined

safety stopping criterion. The proposed penalty L thus allows us to take into account160

the time in which constraint violations or safety issues arise (i.e., earlier constraint

violations and unsafe events are penalized more).

3. Bayesian optimization for parameters tuning

The robot performance is quantified in terms of the cost function J in (4). Using

the controller structure described in Section 2.2, the cost J depends on tunable design165

parameters, namely, the PID gains Kp, Kd , Ki and the link-mass parameters m. After

collecting all these design parameters in a vector θθθ, their tuning reduces to the min-

imization of the cost J(θθθ) with respect to θθθ, within a space of admissible values ΘΘΘ.

However, a closed-form expression of the cost J as a function of the design parameter

vector θθθ is not available. Furthermore, this cost J cannot be evaluated through numeri-170

cal simulations as the robot dynamics are assumed to be partially unknown. Instead, it

is possible to perform experiments on the robot and measure the cost Ji achieved for a

given controller parameter vector θθθi, and thus run an optimization algorithm driven by

measurements of J.

Nonetheless, the peculiar nature of the optimization problem at hand restricts the175

class of applicable optimization algorithms. Indeed,

(i) the measured cost Ji consists in a noisy observations of the “true” cost function,

namely

Ji = J(θθθi)+ni, (8)
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with ni denoting measurement noise and possibly intrinsic process variability;

(ii) no derivative information is available;

(iii) there is no guarantee that the function J(θθθ) is convex;

(iv) function evaluations may require possibly costly and time-consuming experiments180

on the robot.

Features (i), (ii) and (iii) rule out classical gradient-based algorithms and restrict us

to the class of gradient-free, global optimization algorithms. Within this class of algo-

rithms, Bayesian optimization (BO) is generally the most efficient in terms of number

of function evaluations [34, 36] and it is thus the most promising approach to deal with185

(iv).

By using BO, the cost J is simultaneously learnt and optimized by sequentially

performing experiments on the robot. Specifically, at each iteration i of the BO al-

gorithm, an experiment is performed for a given controller parameter θθθi and the cor-

responding cost Ji is measured. Then, all the past parameter-cost observations Di =190

{(θθθ1,J1),(θθθ2,J2), . . . ,(θθθi,Ji)} are processed and a new parameter θθθi+1 to be tested at

the next experiment is computed according to the approach discussed in the following.

3.1. Surrogate model

The underlying idea behind BO is to construct a surrogate probabilistic model de-

scribing the relation between the input parameter vector θθθ and the corresponding cost195

J. Such a probabilistic model is a stochastic process defined over the feasible parameter

ΘΘΘ.

For each feasible parameter θθθ ∈ ΘΘΘ, a prior model provides the probabilistic distri-

bution p(J(θθθ)) of the cost J(θθθ). Then, the posterior distribution p(J(θθθ)|D i) given the

available dataset D i gathered up to iteration i is computed via Bayesian inference, i.e.,200

p(J(θθθ)|D i) =
p(D i|J(θθθ))p(J(θθθ))

p(D i)
. (9)

Such a probabilistic representation describes the experimenter’s uncertainty for

configurations that have not yet been tested. This is the key feature distinguishing
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BO from classic response surface algorithms, that fit a deterministic surrogate of the

cost function to the observations [34]. Intuitively, the probabilistic model p(J(θθθ)|D i)

should assign low variance for parameters θθθ that are “close” to some previously ob-205

served parameters, with a mean value close to the corresponding observations. Con-

versely, it should assign high variance for parameters that are “far” from all observa-

tions.

The most widely used probabilistic model used for BO is the Gaussian Process

(GP) [44], which is a flexible and non-parametric model allowing one to describe ar-

bitrarily complex function classes. In a GP modelling framework, the prior model

for cost J(·) is a Gaussian Process with mean µ(·) : ΘΘΘ→ R and covariance function

κ(·, ·) : ΘΘΘ×ΘΘΘ→ R. The latter describes prior assumptions on the correlation between

two cost values J(θθθ1) and J(θθθ2), and implicitly models smoothness of J w.r.t. θθθ. A

simple commonly used covariance function κ(·, ·) is the Squared Exponential defined

as

κ(θθθ1,θθθ2) = σ
2
f e−

‖θθθ1−θθθ2‖2

2λ2 , (10)

with hyper-parameters σ f ,λ ∈ R.

Performing Bayesian inference on a GP model only requires closed-form matrix

operations. Under the assumption that the prior mean µ(·) is equal to 0 and ni in (8) is

a white zero-mean Gaussian noise with variance σ2
n, the posterior distribution of J(θθθ)

given evidence D i is Gaussian with mean

µi(θθθ) =ki(θθθ)
′ (Ki +σ

2
nI
)−1

J1:i (11a)

and variance

σ
2
i (θθθ) =κ(θθθ,θθθ)−ki(θθθ)

′ (Ki(θθθ)+σ
2
nI
)−1 ki +σ

2
n, (11b)

where the j-th component of the column vector ki(θθθ) ∈Ri is κ(θθθ,θθθ j) (for j = 1, . . . , i);210

the [ j,h]-th entry of the Kernel matrix Ki ∈ Ri×i is κ(θθθ j,θθθh); the j-th component of

the column vector J1:i ∈ Ri is the observation J j; the symbol ′ denotes the transpose

operator; and I is an identity matrix of proper dimension.
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The unknown hyper-parameters σ f and λ defining the Squared Exponential in (10),

as well as the noise variance σ2
n, can be estimated by maximizing (with respect to σ f ,

λ, and σn) the marginal log-likelihood of the observations [44]

log p(J1:i|θθθ1,θθθ2, . . . ,θθθi,σ f ,λ,σn) =

=−1
2

logdet
(
Ki +σ

2
nI
)
− 1

2
J′1:i
(
Ki +σ

2
nI
)−1

J1:i−
i
2

log(2π). (12)

3.2. Acquisition function

Bayesian optimization exploits model’s uncertainty information on the posterior215

distribution p(J(θθθ)|D i) to determine the most promising point to be tested in the next

iteration. Specifically, next point θθθi+1 is chosen taking into account the trade off be-

tween exploitation (choosing points where the value of the performance index J(θθθ) is

expected to be optimal) and exploration (choosing points in unexplored regions of the

feasible set ΘΘΘ where the variance of J(θθθ) is high) [36].220

Such a trade-off criterion is formalized by the so-called acquisition function A :

ΘΘΘ→ R that should take high values for parameters θθθ which are expected to improve

the best objective function observed up to the i-th iteration. Next point θθθi+1 is thus

chosen as

θθθi+1 = argmax
θθθ∈ΘΘΘ

A(θθθ). (13)

A popular choice for the acquisition function is the expected improvement, defined

as

A(θθθ) = EI(θθθ) = E
[
max{0,J−i −J(θθθ)}

]
, (14)

where J−i is the best value of the performance cost achieved up to iteration i-th, i.e.,

J−i = min
j=1,...,i

J j, (15)

and the expectation in (14) is taken over the posterior distribution p(J(θθθ)|D i).

The acquisition function EI(θθθ) is thus the expected value of the improvement of

the objective value (with respect to the best in the dataset D i) that could be achieved

for the point θθθ. Besides having this intuitive interpretation, expected improvement was

found to perform well in practice, providing a good balance between exploration and
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exploitation [36]. Furthermore, it has a closed-form expression for a GP model in terms

of the posterior mean and variance [34]:

EI(θθθ)=


(
J−i −µi(θθθ)

)
Φ(Z)+σi(θθθ)φ(Z) if σi(θθθ)> 0

0 if σi(θθθ) = 0
(16)

where

Z =
J−i −µi(θθθ)

σi(θθθ)
, (17)

and Φ and φ are the cumulative distribution function and the probability density func-

tion of the standard normal distribution, respectively. Thanks to the available closed-225

form expression for the acquisition function, the latter can be maximized using, e.g.,

standard gradient-based optimization techniques.

3.3. Algorithm outline

The overall Bayesian optimization procedure for autotuning of the controller pa-

rameters θθθ is outlined in Algorithm 1.230

At Step 1, an initial dataset of observations Dnin is constructed by performing nin

initial experiments with different parameters θθθ j ∈ ΘΘΘ and measuring the corresponding

performance J j. The initial parameters may be just randomly chosen withing in the

admissible range ΘΘΘ or they may be determined by some other experiment design tech-

niques such as Latin Hypercube [45] in order to explore the parameter space as much235

as possible.

The algorithm is then iterated. At each iteration i the posterior distribution p(J(θθθ)|D i)

is updated with the available dataset D i (Step 2.1). Then, the acquisition function A(θθθ)

is computed based on p(J(θθθ)|D i) and optimized to determine the next point θθθi+1 to be

tested (Step 2.2). Note that this inner optimization step does not require additional240

experiments.

An experiment is performed with parameter θθθi+1 and the corresponding perfor-

mance index Ji+1 is measured (Step 2.3). Finally, the dataset D i+1 is constructed by

augmenting D i with the latest measurements (Step 2.4). This sequence continues until

a termination criterion is met. The criterion could be simply a maximum number of245

iterations or, for instance, be based on the performance achieved in the best experiment.
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Algorithm 1 Bayesian optimization for controller autotuning

1. generate an initial dataset Dnin by performing nin experiments with a set of ar-

bitrarily chosen parameters θθθ j ∈ΘΘΘ, j = 1 . . .nin:

Dnin = {(θθθ1,J1),(θθθ2,J2), . . . ,(θθθnin ,Jnin)}

2. for i = nin,nin +1, . . . do

2.1. train the probabilistic model p(J(θθθ)|D i) with the available dataset D i;

2.2. optimize the acquisition function to determine θθθi+1

θθθi+1← argmax
ΘΘΘ

A(θθθ);

2.3. execute an experiment using parameters θθθi+1 and measure Ji+1;

2.4. augment the dataset:

D i+1←D i∪{(θθθi+1,Ji+1)};

3. exit when termination criterion is met;

4. extract the optimal controller parameters θθθi? , with

i? = argmin
i

Ji;

Output: Optimal controller parameters θθθi?

Figure 3: Bayesian optimization for robot control parameter design: one-stage tuning (left panel) and two-

stage tuning (right panel).
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4. Decoupling parameter tuning

The Bayesian optimization approach described in the previous section simulta-

neously optimizes the complete set of design parameters θθθ, namely the PID gains

Kp, Kd , Ki and the equivalent link-masses m characterizing the feedback lineariza-250

tor (3c) and the feedforward control action (3a). A possible drawback of this one-stage

tuning algorithm is that it may require many iterations (thus, closed-loop experiments)

to converge in case of a high-dimensional optimization space ΘΘΘ. Nevertheless, the

role of the feedback linearizator in the classical robot control design suggests a way to

overcome this limitation by splitting the original optimization w.r.t. the whole design255

parameter θθθ into two optimization problems of smaller size, according to the two-stage

tuning visualized in Fig. 3 (right panel) and described in the following.

In the first stage, under the assumption that no external forces are applied to the

robot and by neglecting friction effects at the joint-level, the robot dynamics in (1)

reduces to

B(q,m)q̈+C(q, q̇,m)+g(q,m) = τττ. (18)

The controller is designed with feedback linearizator and feedforward action (with-

out PID term) in order to decouple the joint-level robot DoFs, reducing (2) to

τττ = τττFL + τττFF = C(q, q̇,m)+g(q,m)+B(q,m)q̈d . (19)

Substituting (19) into (18) leads to:260

q̈ = q̈d . (20)

Thus, in the ideal case, the actual joint accelerations are equal to the target feedforward

accelerations. Based on (20), the performace of the feedback linearizator with feedfor-

ward action is measured in terms of the following closed-loop objective function:

JFL(m) =
n

∑
i=1

(ëmax
i + ëmean

i )+L, (21)

15



where the penalty L is defined as in (7). Eq. (21) has the same structure as (4), but

the acceleration-level errors are considered (joint accelerations are obtained by numer-

ical differentiation of the joint velocity signals using a filter with cut-off frequency of

50 Hz). The cost (21) is then minimized w.r.t. the link-mass parameters m through

Bayesian optimization. In the second stage, once the link-mass parameters m are com-265

puted, only the PID gains are tuned in a subsequent BO minimizing the original trajec-

tory tracking performance index (4).

Remark 1. Since in the proposed feedback linearizator structure (3c) only link-masses

are considered, the number of parameters to be tuned in the first stage is smaller than270

the number of PID gains. Therefore, the two-stage approach is not expected to signifi-

cantly outperform the one-shot approach in terms of required closed-loop experiments.

However, in general, the feedback linearizator may include other terms modeling, for

instance, friction, joint and link elasticity, etc. In such cases, the two-stage optimization

could provide a significant improvement with respect to the one-stage tuning approach.275

�

5. Experimental Results

This section presents experimental results on the application of the proposed auto-

tuning procedure to the FRANKA Emika 7-DoFs manipulator (Fig. 1). A comparison

with the performance achieved by the embedded robot position controller is also pro-280

vided.

The results described in this section are also presented in the video available at

https://youtu.be/W_MOijrIzMU.

5.1. Setup description

The FRANKA Emika manipulator implements a 1-kHz torque control. The number285

of link-mass parameters m characterizing the feedback τττFL and the feedforward τττFF

actions is equal to 4. These parameters are related to links 1, 2 and 5, and to the end-

effector. The number of PID gains is equal to 21 (namely, 3 parameters per joint).

Thus, in total, 25 parameters have to be tuned.
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For a given value of the mass vector m, the manipulator inertia matrix B(q,m), the290

gravity g(q,m), and the Coriolis C(q, q̇,m) vectors are computed using the C++ KDL

library [46]. Bayesian optimization is performed exploiting the C++ limbo [47] and the

NLopt [48] libraries.

Remark 2. The link-mass parameters m are considered to model the link properties.

In fact, since the link-inertia parameters I have a limited effect on the robot dynamics295

(compared to the link-mass parameters), such parameters can be neglected in the tuning

procedure. Thus, 3 parameters per joint related to the inertia tensor of the link are

omitted in the optimization procedure [27]. In addition, the link-mass parameters and

their link center of mass parameters CoM appear multiplied into the dynamic equation

of the manipulator [43]. While the link center of mass position vector is composed by300

three terms, the main effect is related to the one in the link direction, allowing to neglect

the effect of the other two. Therefore, by keeping the link-center of mass parameters

constant in the middle of each link, the link-mass parameters tuning will adapt the

link-mass values to optimize the product of this two parameters. The tuned link-mass

parameters will not be the real link-mass values, while their physical meaning is still305

equivalent to a mass. This tuning will guarantee that the product between link-mass

parameters and the link-center of mass parameters is optimized, limiting the number of

optimization variables in the proposed procedure. �

5.2. Use case trajectories

The following three trajectories are considered to assess the performance of the310

proposed approach:

• variable-frequency sinusoidal joint trajectory;

• circular Cartesian trajectory;

• sinusoidal Cartesian trajectory.

More details for each trajectory are described in the next paragraphs.315
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5.2.1. Variable-frequency sinusoidal joint trajectory

This trajectory performs a variable-frequency sinusoidal motion at joint level ac-

cording to

qi(t) = q0
i +Ai cos(2πf1,i (1+ cos(2πf2,it)) t +φφφi) ,

where i = 1, . . . ,7 identifies the joint,

f1 = [0.05 0.075 0.05 0.075 0.1 0.1 0.1] Hz,

f2 = [0.015 0.015 0.015 0.015 0.015 0.015 0.015] Hz,

and

A = [40 20 30 20 20 20 30]◦,

while φφφ is randomly selected.

The execution time for the trajectory is T = 30 s, which corresponds to a complete

excitation cycle (i.e., trajectory start and end point are the same, with zero velocity and320

acceleration).

Remark 3. The chosen trajectory is commonly used for robot dynamics identification

[27]. In fact, it excites both slow and fast robot dynamics, and explores a wide area of

the robot work-space. In this way, the inertia parameters (i.e., the link-mass parame-325

ters) and friction-related parameters (i.e., PID gains to compensate the friction effect)

are excited at the same time. This trajectory is chosen in order to evaluate the gener-

alization capabilities of the proposed approach (i.e., use the parameters learned on this

trajectory against other trajectories). �

5.2.2. Circular Cartesian trajectory330

This trajectory performs a circular-translational motion at Cartesian level in the

y− z plane (keeping x translation and rotations fixed) given by

y(t) = y(t−dt)+ r (1− cos(φ(t))) ,

z(t) = z(t−dt)+ r sin(φ(t)),

18



where r = 0.05 m, v = 0.1 m/s, and φ(t) = v
r +φ(t−∆t)∆t are the radius, the tangential

velocity, and the angular position of the circular path, respectively. The sampling time

∆t is equal to 1 ms and the execution time of the trajectory is T = 7 s.

5.2.3. Sinusoidal Cartesian trajectory335

This trajectory performs a sinusoidal translational-motion at Cartesian level (keep-

ing rotations fixed) according to

x(t) = x0 +Ax (1− cos(2π fx t)) ,

y(t) = y0 +Ay (1− cos(2π fy t)) ,

z(t) = z0 +Az (1− cos(2π fz t)) ,

with fx = fy = fz = 0.1 Hz, Ax = 0.2 m, Ay = 0.05 m, and Az =−0.15 m. The execu-

tion time is T = 10 s.

340

5.3. Performance evaluation

This section describes the results achieved by the proposed one-stage and the-stages

BO procedures described in Sections 3 and 4, respectively. In our experiments, the BO

is executed for 125 and 130 iterations for the one-stage and the two-stages approaches,

respectively. In practice, it is possible to interrupt the tuning procedure as an acceptable345

performance is achieved. Tests are performed 3 times for each case-study trajectory,

obtaining comparable results. For the sake of exposition, only one experimental test

for each trajectory will be described.

In the Bayesian optimization algorithm, the following constraints are imposed:

• link-mass parameters m belong to the intervals m1 ∈ [0.5, 1.5] kg, m2 ∈ [2, 6] kg,350

m3 ∈ [3.25, 13] kg, m4 ∈ [0.375, 3] kg;

• the PID gains Kp, Kd and Ki belong to the intervals Kp, j ∈ [0, 5000] Nm/rad

with j from joint 1 to 4; Kp, j ∈ [0, 3000] Nm/rad with j from joint 5 to 6;

19
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Two-stage tuning: link-mass parameters optimization

Traj. Masses JFL JFL zoom

#1

#2

#3

Figure 6: Achieved results: number of the tested trajectory (first column); link-mass parameters m (second

column, m1 blue line, m2 red line, m3 yellow line, m4 purple line); and objective function JFL (third column)

vs Bayesian optimization iterations. Zoomed evolution of the objective function JFL around its minimum

(fourth column). Optimal iteration is highlighted by a red circle.
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Kp,7 ∈ [0, 2000] Nm/rad, Kd, j ∈ [0, 100] Nms/rad with j from joint 1 to 4; Ki, j ∈

[0, 20] Nms/rad with j from joint 5 to 7, Ki, j ∈ [0, 100] Nm/rad/s with j from355

joint 1 to 7.

5.3.1. One-stage tuning

The equivalent link-mass parameters m and the PID gains Kp, Kd and Ki are tuned

through the one-shot procedure described in Section 3.

The Bayesian optimization is initialized with nin = 25 initial experiments with ran-360

domly generated parameters, followed by additional 100 iterations. The performance

index J in (4) is minimized over the trajectory execution time T . Tests are interrupted

if the joint position error eq,i(t) is larger than ē = 1.5◦ and a penalty term L is added to

the cost function J according to the barrier function in (7a).

The obtained results are summarized in Fig. 4, which shows the evolution of the365

link-mass parameters, the PID gains and the performance cost J over the Bayesian

optimization iterations and for the considered case-study trajectories identified in the

figure as #1 (variable-frequency sinusoidal joint trajectory); #2 (circular Cartesian tra-

jectory); and #3 (sinusoidal Cartesian trajectory). For the sake of visualization, only

the PID gains for joint 1 are plotted.370

Because of the penalty terms L in (7), a high performance cost J is achieved in

experiments where the task is interrupted due to an unstable behaviour of the robot

or because the maximum joint position error ē is reached. As expected, this happens

mainly in the first 25 initial iterations, where control parameters are chosen randomly.

In total, the experiments are stopped 79 times (out of 125) for the variable-frequency375

sinusoidal joint trajectory; 55 times for the circular Cartesian; and 24 times for the

sinusoidal Cartesian trajectory.

As it can be observed from the achieved tracking errors in Fig. 5, smoothness of the

trajectory can be still improved, for instance, by properly quantifying this requirement

in the performance index J or by implementing more advanced control strategies with,380

e.g., friction compensation.
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5.3.2. Two-stage tuning

In the second experiment campaign, the two-stage approach described in Section 4

is used. At the first stage, the equivalent link-mass parameters m characterizing the

feedback linearizator and the feedforward action are tuned by minimizing the perfor-385

mance cost JFL in (21). The PID gains are not optimized at this stage. In particular,

derivative gains and integral gains are set to zero, while the proportional gains Kp, j

are set to low values (75 Nm/rad for all joints j = 1, . . . ,7) just to avoid drifts due to

over/under compensations of the robot dynamics.

The Bayesian optimization is initialized with nin = 10 initial experiments with ran-390

domly generated parameters m, and terminated after additional 30 iterations. Tests are

interrupted if the joint position error eq,i(t) is larger than ē = 5◦. The achieved results

are summarized in Fig. 6, which shows the evolution of the link-mass parameters m

characterizing the feedback and feedforward actions, as well as the performance index

JFL vs the BO iterations.395

The tests are stopped 11 times (out of 40) for the variable-frequency sinusoidal joint

trajectory; 8 times for the circular Cartesian; and 23 times for the sinusoidal Cartesian

trajectory. As it can be also inferred from the cost JFL in Fig. 6, the experiments

are stopped mainly in the first 10 initial iterations corresponding to randomly chosen

parameters m.400

At the second stage, once the link-mass parameters are optimized, the PID con-

trollers are designed. The Bayesian optimization is initialized with nin = 20 initial ex-

periments with randomly generated PID parameters, and terminated after additional 70

iterations. Tests are interrupted if the joint position error eq,i(t) is larger than ē = 1.5◦.

The achieved results are summarized in Fig. 7. For the sake of visualization, only the405

PID gains for joint 1 are plotted, together with the performance cost J over the Bayesian

optimization iterations. In this stage, the tests are stopped 61 times (out of 90) for the

variable-frequency sinusoidal joint trajectory, 48 times for the circular Cartesian, and

26 times for the sinusoidal Cartesian trajectory.
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5.3.3. Discussion410

Link-mass parameters tuning: the tuned link-mass parameters are shown in

Table 1 for both the one-stage and two-stage algorithms, for each performed tra-

jectory in Section 5.2. The tuned link-mass parameters are compared with the

identified parameters from [49] and from [50]. It can be seen that the tuned link-

mass parameters are in the range of the values proposed in [49] and [50], having415

the link-mass parameter related to link 5 (ml,5) including also the contributions

from links 3, and 4 (ml,3 and ml,4), and the link-mass parameter related to link 7

(ml,7) including also the contribution from link 6 (ml,6). It has to be underlined

that the link center of mass parameters are not optimized in the proposed method-

ology. Therefore, differences in the achieved link-mass parameters tuning w.r.t.420

[49] and [50] are also related to such parameters. The tuned link-mass param-

eters are slightly different for each proposed testing trajectory due to the fact

that each trajectory excites the robot dynamics differently. It has to be remarked

that such link-mass parameters tuning is not an identification methodology; its

main purpose is related to trajectory control performance. The tuning of the425

link-mass parameters can be improved to achieve more realistic values including

all the link-mass values and their center of mass parameters into the optimiza-

tion. Such increasing number of optimization variables increases, however, the

complexity of the approach (i.e., increasing the required optimization iterations

and, therefore, the required experiments and tuning time) without guaranteeing430

a significant improvement of control performance;

BO algorithm performance: the BO approach allows to optimize and explore

the behavior of a process in the same time [35]. Therefore, the convergence of

such a method is not shown by the evolution of the objective function over the it-

erations itself. In fact, since this method balances optimization and exploration,435

far-from-optimal values of the objective function are observed even at higher

number of iterations. After termination of tuning algorithm, the parameters cor-

responding to the best value of the objective function are selected (red circles in

Fig. 4, Fig. 6, Fig. 7).
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Link-Mass Parameters [kg]

ml,1 ml,2 ml,3 ml,4 ml,5 ml,6 ml,7

One-stage Traj. #1 0.66 2.41 0 0 6.80 0 1.91

One-stage Traj. #2 0.96 2.89 0 0 6.56 0 2.13

One-stage Traj. #3 0.83 3.70 0 0 7.40 0 1.75

Two-stage Traj. #1 1.22 5.03 0 0 8.32 0 1.47

Two-stage Traj. #2 1.08 2.73 0 0 8.1 0 1.46

Two-stage Traj. #3 1.05 3.88 0 0 5.55 0 2.70

[49] 1.51 8.35 3.41 2.26 1.84 1.90 0.71

[50] 3.06 2.34 2.36 2.38 2.42 3.49 1.46

Table 1: Link-mass parameters tuned with the proposed approaches vs. link-mass parameters identified in

[49] and in [50].

5.4. Comparison with embedded position controller440

The performance resulting by the controller designed through the procedures pre-

sented in this paper is compared with the performance obtained with the FRANKA

Emika embedded position controller.

Figs. 5 and 8 show the joint trajectory errors achieved by the controllers designed

through the one-stage and the two-stage approaches, respectively. The maximum track-445

ing error is less then 0.25◦ for both approaches on all joints. The same figures also

show the error achieved with the FRANKA Emika embedded joint position controller.

The obtained results show comparable performance among the different controllers.

Compared to the embedded position controller, the main advantage of the proposed

approach is in its limited number of experiments required to obtain high-performance450

trajectory tracking, without the need to model complex nonlinear dynamics (e.g., fric-

tion). Moreover, considering the higher-complexity variable-frequency sinusoidal joint

trajectory, achieved trajectory tracking results are even better then the one obtained with

the embedded position controller.
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JFL JFL zoomed

Figure 9: Objective function JFL for randomly sampled mass parameters m vs iterations (left panel); zoomed

evolution of JFL around its minimum (right panel).

J J zoomed

Figure 10: Objective function J for randomly sampled PID gains Kp,Kd ,Ki vs iterations (left panel); zoomed

evolution of J around its minimum (right panel).
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5.5. Comparison with surrogate-based optimization455

The proposed BO methodology is compared with a tuning of controller parame-

ters based on optimization of a surrogate functions. The following two-stage tuning

approach is considered:

• random sampling of the mass parameters m (within the same range used in BO)

and experimental measurement of the corresponding performance index JFL(m)460

in (21). 40 samples are drawn as for the two-stage methodology in Section 4;

• fit of a surrogate model to the measured indexes JFL(m) and offline optimization

of this surrogate model w.r.t. m. For a fair comparison, the mean of a GP with

the same structure as the one used by BO is taken as a surrogate function;

• random sampling of the PID gains Kp,Kd ,Ki (within the same range used in BO)465

and experimental measurement of the corresponding closed-loop performance

index J in (4). The values of the mass parameters are fixed to the ones optimized

at the previous stage. 1000 samples of the PID gains are drawn1;

• fit of a GP surrogate model to the measured indexes J(Kp,Kd ,Ki) and offline

optimization of this surrogate model w.r.t. Kp,Kd ,Ki.470

Trajectory #1 is taken as reference trajectory for comparison since such trajectory

is able to better excite the robot dynamics.

Figure 9 shows the objective function JFL obtained via random sampling of the

mass parameters m. It is worth remarking that the test has been interrupted 22 times

(out of 40), while in the BO procedure the test has been stopped 11 times.475

Figure 10 shows the objective function J obtained via random sampling of the

PID parameters Kp,Kd ,Ki. While the tests are stopped 61 times (out of 90, with a

percentage of successful experiments of 32.2%) for two-stage BO algorithm, the tests

are stopped 908 times (out of 1000, with a percentage of successful experiments of

1The considered number of samples is much higher then the number of iterations executed in the BO

procedure. In fact, in most of the experiments the robot is unstable, thus requiring to increase the number of

samples in order to obtain an informative dataset.
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Controller optimized over trajectory #1 applied on trajectories #2 and #3.

Trajectory #2 Trajectory #3

Figure 11: Joint positions errors on trajectory #2 (left panel) and #3 (right panel). Controller parameters

optimized on trajectory #1 using the one-shot approach.

9.2%) for the random sampling procedure. The final performance cost J achieved by480

the surrogate-based tuning is J = 2.34, slightly higher than J = 2.15 achieved by the

BO approach in a lower number of experiments.

5.6. Generalization capabilities

Since the equivalent link-mass parameters and the PID controller gains are tuned in

order to track a specific trajectory, they take different values when optimized for differ-485

ent trajectories. In order to assess the generalization capabilities of the designed con-

trollers, the controller optimized for the variable-frequency sinusoidal joint trajectory

through the one-shot approach is used to track the other two trajectories. A maximum

tracking error lower than 0.2◦ is obtained, as shown in the plots in Fig. 11, highlighting

trajectory tracking performance that are comparable with the ones achieved by tuning490

the control parameters on the specific trajectory. This shows the generalization proper-

ties of the approach, when a sufficiently exciting trajectory is used for control tuning.
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6. Conclusions

A Bayesian-optimization based approach for auto-tuning of low-level trajectory

tracking controllers for robot manipulators with unknown dynamics have been pre-495

sented. The employed control architecture, consisting in a feedback linearizator, a

feedforward action, and PID controllers at the joint level, is widely used on industrial

manipulators, therefore, easily implementable.

Both the robot dynamic parameters (namely, the equivalent link masses parametriz-

ing the feedback linearizator and the feedforward action) and the PID gains are tuned500

in order to optimize the performance in tracking a target trajectory. Safety constraints

and maximum joint position errors are also taken into account.

The proposed methodology is evaluated in real experiments, using a torque-controlled

FRANKA Emika manipulator as a test platform. The 25 parameters defining the over-

all controller (i.e., 4 link-mass parameters and 21 PID gains) are optimized and com-505

parable performance with respect to the FRANKA Emika embedded controller are

achieved.

A two-stage algorithm is also proposed, in order to split the overall design problem

into two subproblems of smaller complexity. At the first stage, the feedback lineariza-

tor and the feedforward controller are designed independently of the design of the PID510

controllers. Specifically, according to a standard control design approach, the equiva-

lent link-mass parameters are tuned in order to cancel the Coriolis and the gravitational

torque. PID gains are optimized at a second stage. In the considered application, the

one-stage and the two-stage approach show a comparable behavior, both in terms of

tracking performance and computational complexity (measured in terms of number of515

iterations needed for parameter tuning). This is mainly due to the fact that only 4 out

of 25 parameters characterize the feedback linearizator and the feedforward controller.

Nevertheless, the two-stage approach is promising in the case of increasing robot dy-

namic model parameters (e.g., including joint friction effects and joint elasticity).

Both procedures allow us to optimize the control parameters in a limited number520

of iterations (i.e., 130 iterations), resulting in an efficient and effective auto-tuning

procedure that can be easily implemented in real applications.
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The generalization capabilities of the proposed approach have been shown. By

properly selecting the reference trajectory (i.e., a trajectory capable to properly ex-

cite the robot dynamics) for the tuning procedure, the proposed approach is capable525

to achieve comparable tracking errors on different trajectories with respect to ad hoc

control parameters tuning on such specific trajectories.

Current and future works are devoted to fill this gap, by learning the relationship

between the optimal controller parameters and the trajectory to be tracked. In addition,

more advanced controllers will be considered. In particular, friction compensation is530

under investigation. Due to the fact that friction compensation is affected by both the

considered friction model and by its parameters tuning, the optimization of the friction

compensator is challenging. Moreover, in order to further increase the generalization

capabilities of the auto-tuned controllers, PID tuning procedures such as loop shaping

will be considered to drive the tuning of the control gains.535
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