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ABSTRACT This paper proposes a dataset-aggregation approach for imitating a nonlinear model predictive
control law via deep neural networks, to safely allow a robot manipulator to share its workspace with a human
operator. As the robot approaches the human, its speed is gradually reduced using the ‘‘speed and separation
monitoring’’ framework. Specific time-varying upper bounds are explicitly imposed on the control input
generated by the deep neural network through a ‘‘safety filter’’ based on real-time numerical optimization.
The proposedmethod is experimentally tested on aUR5manipulator, comparing the performance of different
neural network structures and types of training. As a result, it is shown that the dataset-aggregation approach
provides better performance with respect to a ‘‘naive’’ approach to training, and that the presence of the
safety filter is indeed needed to avoid the violation of the speed-and-separation-monitoring constraints.

INDEX TERMS Industrial robotics, physical human-robot interaction, model predictive control, neural
networks.

I. INTRODUCTION
Workspace sharing in physical human-robot interaction
(pHRI) is an important area of research in manufacturing,
with the potential to revolutionize the industry. In fact,
some works already refer to the ‘‘Industry 5.0’’ framework,
focusing on further developing cooperation between humans
and robots by implementing advanced technologies to expand
human capabilities [1]. By combining the strengths of
humans and robots, manufacturers can increase efficiency,
flexibility, safety and profitability [2].

A fundamental aspect of pHRI applications is to ensure
safety, i.e., to prevent accidents that could injure humans. One
of the most widely used methods to ensure safety is speed and
separation monitoring (SSM), which helps prevent collisions
and ensure safe collaboration in pHRI tasks [3], [4], [5], [6]
according to the ISO/TS 15066 safety standard. In SSM,
the maximum allowable speed of the robot is calculated
according to the distance between the robot and the human; as
this distance decreases, the robot automatically slows down
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or stops, depending on the situation. Usually, SSM is imposed
on a fixed robot path, but in some cases the robot motion
is redefined in real time, with the main aim of increasing
productivity while still ensuring safety (see, e.g., [7], [8], [9],
[10], [11], [12], [13]).

The periodic recalculation of updated robot trajectories –
for example, calculated via model predictive control (MPC)
in [9], [11], and [12] solving a numerical optimization
problem at each sampling instant – allows the robot motion
to immediately adapt to the current human location while
satisfying safety constraints, thus potentially improving
productivity compared to using a fixed-path approach. This
is shown, for instance, in [11], in which an MPC-based
control scheme achieved superior performance as compared
to a fixed-path SSM implementation, when experimentally
tested on a Kinova Gen3 robot. However, using MPC
requires carrying out computations that necessarily cause
delays in the implementation of the trajectory; this leads
to performance degradation proportional to the computation
time. This problem of MPC implementations in systems with
fast dynamics has been studied beyond the field of robotics,
and a possible solution is to approximate the MPC law via
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neural networks (see, e.g., the seminal paper by Parisini
and Zoppoli [14]), using the approach known as ‘‘imitation
learning’’ [15].

To cite some examples, in [16], the use of long short-term
memory (LSTM) deep neural networks (DNNs) was pro-
posed for approximating the MPC control variable. The
authors of [17] proposed using multi-stage nonlinear MPC
(NMPC) to generate data pairs that were then used to learn
a robust NMPC policy via DNNs. The authors of [18]
trained a DNN to imitate a hybrid MPC controller for
domestic heating systems, while imitation learning of MPC
laws via DNNs was applied to resonant power converters
in [19]. In [20], a learning-based multistage MPC framework
was proposed for systems with time-varying plant-model
mismatch, and Gaussian processes were employed to learn
plant-model mismatches online. Approaches in which the
agent is implemented via a DNN are often referred to as deep
imitation learning (see, e.g., [21], [22], [23]).
This paper proposes an NMPC deep imitation learning

framework for human-robot workspace sharing based on the
concept of dataset aggregation. This concept was formalized
in [24] by introducing the so-called DAgger algorithm.
In a ‘‘naive’’ approach to imitation learning (such as that
applied in [25] for the same type of problem), one would
record observation-action pairs by running the policy to
be imitated (namely, the expert), and then provide these
pairs to the imitation learning algorithm to train the DNN.
However, this might lead the trained policy, when being
tested, to acquire observations that are quite different from
those acquired when training the expert policy, thus resulting
in poor performance. Instead, DAgger iteratively trains a
policy starting with observation-action pairs generated by the
expert, but this dataset is continuously increased (hence the
expression ‘‘dataset aggregation’’) by adding new pairs in
which the observation is generated by running the trained
policy and the action is generated by the expert for each
of these observations. Although this approach solves the
problem of the naive approach, it has the drawback of
requiring the expert to provide its actions, which is difficult
when imitating human agents (e.g., drivers for an autonomous
driving task). However, in our case the expert consists of an
NMPC law that can be easily obtained for a given value of
robot and human positions, which constitute the observation
in our problem.

An NMPC algorithm can easily be formulated to impose
constraints on the evolution of the robot joint positions.
When the NMPC law is approximated using a DNN,
however, it might happen that these constraints (including the
guarantee of safety via SSM) are violated. This can occur
especially if the human operator moves differently from what
is observed in the training set.

A. CONTRIBUTIONS
The first contribution of this paper is the application of
a dataset-aggregation approach to train different DNNs to

imitate the SSM-based NMPC policy for robot motion
planning developed in [11], rather than using a naive
approach as was done in [25].
The second contribution is the introduction of a simple

safety filter, i.e., a method to enforce the satisfaction of the
SSM constraints when running the DNNs. This is achieved
by solving a numerical optimization problem online after
obtaining the DNN output. The optimization problem aims
to determine a control action that is as close as possible to the
DNN output, but which also satisfies the SSM constraints.

The third and last contribution is the design and experi-
mental verification of the proposed strategy on a case study.
The URsim industrial simulator, together with the human
motion dataset introduced in [26], was used to simulate
a UR5 manipulator and train the policy implemented via
DNN formultiple human subjects. The resulting performance
was experimentally verified on an actual UR5 manipulator,
simulating different types of human motion from [26].

B. PAPER ORGANIZATION
The paper is organized as follows. The main concepts
of the NMPC-based real-time motion planning scheme
are presented in Section II, together with the problem
formulation. Section III describes the details of the above-
mentioned imitation learning methods, specifically regarding
the DAgger-based training and the design of safety filters.
Case study, neural network analysis and related experimental
results are discussed in Sections IV, V and VI, respectively.
Conclusions and future work are finally outlined in
Section VII.

II. PROBLEM FORMULATION
In the following, a summary of the NMPC law that
implements the expert policy in our work is presented.
A few variations were made with respect to the approach
of [11] – for example, by imposing limits only on the
robot joint speeds and not on the joint positions as well –
but the overall NMPC strategy can be identified with that
proposed in [11]. After presenting the expert policy, a general
formulation of our imitation learning problem is provided.

A. SUMMARY OF THE EXPERT POLICY
1) ROBOT AND HUMAN MODELING
The NMPC strategy proposed in [11] aims to steer the
manipulator configuration, represented by the joint positions
θ ∈ Rnθ , to a goal configuration θ f . NMPC does not generate
joint torques, but rather determines references for the joint
speeds. In the employed simplified system dynamics, these
references are assumed to coincide with the actual joint
speeds, and are referred to as ω ∈ Rnθ .

Using a fixed Cartesian reference O − xyz, the portions
of space occupied by human operator and robot manipulator
are over-approximated by a union of spheres. Each sphere
has a constant radius and is centered at a given test point,
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which is fixed at a specific location (e.g., at the left elbow of
the human), and moves together with it.

The human body is over-approximated by nh spheres, each
of which has center ph,j ∈ R3 and radius Rh,j, given j ∈
Nh ≜ N[1,nh] (in general, in this paper the sequence of integer
numbers from n1 ∈ N to n2 ∈ N included is expressed as
N[n1,n2]). For the sake of compactness, the information on the
location of all human test points is given by H ≜

{
ph,j

}
,

i ∈ Nh.
On the other hand, the space occupancy of the manipulator

is represented by nr spheres, with centers pr,i ∈ R3 and
radii Rr,i, given i ∈ Nr ≜ N[1,nr ]. In order to formulate
the NMPC problem, one has to provide the locations of the
robot test points pr,i and of their velocity vectors vi ∈ R3 in
the Cartesian space as functions of the joint variables θ and
ω. This can be done via forward and differential kinematics,
respectively.

2) CONSTRAINTS OF THE NMPC PROBLEM
The first constraint imposed in the NMPC problem consists
of limiting the joint speeds. This constraint can be expressed
as ω ∈ �, where � ⊆ Rnθ is a hyper-rectangle that includes
the origin in its interior.

Specific constraints can be defined to avoid fixed obstacles,
such as the table on which the manipulator is placed.
We summarize all these constraints on the location of the
robot test points as pr,i ∈ Pi, for i ∈ Nnr , where Pi ⊆ R3 is a
suitably-defined set.

The SSM constraints are set following the formulation
of [3], to ensure that the human can never be in contact with
a moving manipulator. To achieve this, the robot speed is
decreased based on its distance with the human to ensure that,
if the human moves with the maximum possible speed v̄h ∈
R>0 towards the robot, the robot can stop before a contact
occurs, given themaximum deceleration āi ∈ R>0 achievable
for each robot test point, the precision ϵs ∈ R>0 with which
the human test points can be detected by the employedmotion
capture system, and the time of detection and reaction Tdr of
the robot to the human motion (i.e., the time interval needed
to acquire the human location and calculate an appropriate
control action). After defining vi ≜ ∥vi∥, i ∈ Nr (where ∥·∥ is
the Euclidean norm) and dij ≜ ∥pr,i−ph,j∥, i, j ∈ Nr×Nh, one
can give a mathematical formulation to the SSM constraints,
as follows:

v̄h

(
Tdr +

vi
āi

)
+ viTdr +

v2i
2āi
+ ϵs ≤ dih, i ∈ Nr , (1)

in which dih ≜ minj∈Nh

{
dij − (Rr,i + Rh,j)

}
. The reader is

referred to [3] for the explanation of the meaning of each term
in (1). As explained in [11], the exact imposition of (1) leads
to numerical issues in the NMPC problem, and therefore we
impose a more conservative condition, which can be written
as v2i ≤ ζi for all i ∈ Nr , with

ζi ≜ min
j∈Nh

α2
i

(
d2ij −

(
Rr,i + Rh,j + d̄i

)2)
, (2)

where αi ∈ R>0 and d̄i ∈ R>0, i ∈ Nr , are tuning parameters,
defined to ensure that v2i ≤ ζi implies (1) for all i ∈ Nnr .

3) LONG-TERM NMPC LAW
As explained in [11], two NMPC controllers are implemented
to build the overall NMPC scheme. The long-term NMPC
(L-NMPC) determines a plan for the robot motion, and passes
it as references to the short-term NMPC (S-NMPC), which
generates the joint speed references for the joint controllers
with a shorter sampling time.

After introducing the L-NMPC sampling time Tℓ and the
discrete-time index t ∈ N, the L-NMPC algorithm utilizes
the simplified dynamical model

θ t+1 = θ t + Tℓωt (3)

for predicting the time evolution of θ t along a time interval
equal toN sampling intervals, withN referred to as prediction
horizon. In this time interval, we refer to a generic sequence
of joint positions, joint speeds and provided human positions
as ωs ≜ {ω0, ω1, . . . ,ωN−1}, θ s ≜ {θ0, θ1, . . . , θN } and
Hs ≜ {H0,H1, . . . ,HN }, respectively, where t = 0 is
the current time instant. When a previously-recorded human
motion can be used – for example when training the DNNs
developed in this paper – then the actual value of Hs can be
provided to the NMPC controller. In a real-time application,
if a reliable prediction of the human motion is not available,
then one can generate Hs by assuming that the human will
remain at the currently measured position during the whole
prediction horizon, as implemented in [11].
The task of the L-NMPC routine is to find the

optimal sequences ω∗s ≜
{
ω∗0, ω

∗

1, . . . ,ω
∗

N−1

}
and

θ∗s ≜
{
θ∗0, θ

∗

1, . . . , θ
∗
N
}

minimizing the cost function
J (ωs, θ s,Hs) ≜

∑N−1
t=0 ℓt , with

ℓt ≜
(
θ t − θ f

)T Q (
θ t − θ f

)
+ ωT

t Rωt + γ ϕ2(θ t ,Ht ) (4)

where Q ∈ Rnθ×nθ and,R ∈ Rnθ×nθ are symmetric
positive definite matrices and γ ∈ R>0. Minimizing the
cost function leads to reducing the distance ∥θ t − θ f ∥ to the
goal configuration, while moderating the robot speed ∥ωt∥,
and maintaining the robot end-effector relatively far from the
human through a suitable function ϕ(θ t ,Ht ), for the detailed
explanation of which we refer the reader to [11, Sec. IV.A].
The above-mentioned optimal sequences are determined

by solving, at each sampling time, the following optimal
control problem, where the initial state θ0 coincides with the
currently measured vector of joint positions:

(ω∗s , θ∗s )

= arg min
ωs,θ s

J (ωs, θ s,Hs) (5a)

s. t. θN = θ f (5b)

θ t+1 = θ t + Tℓωt , t ∈ N[0,N−1] (5c)

ωt ∈ �, t ∈ N[0,N−1] (5d)

pr,i ∈ Pi, i ∈ Nr , t ∈ N[0,N−1], (5e)

v2i ≤ ζi, i ∈ Nr , t ∈ N[0,N−1]. (5f)

3206 VOLUME 13, 2025



A. Nurbayeva, M. Rubagotti: Safely Imitating Predictive Control Policies

Only the first computed control action is applied to the
robot, and a new optimal control problem is solved after one
sampling time, when a new measurement of the positions of
robot and human are available. This approach is known as
receding horizon, as the time horizon is shifted forward as
new information is obtained about the system. This allows the
MPC law to adapt to changing conditions and disturbances in
real time, and to redefine the control actions accordingly.

4) SHORT-TERM NMPC LAW
In order to generate a prediction of the robot motion that
can reach the goal configuration θ s, while limiting the value
of N , a relatively large value of Tℓ is typically used. In order
to increase the frequency with which the robot motion is
re-planned, and to reduce the detection and reaction time
Tdr used to formulate the SSM constraints (1), the optimal
sequence θ∗s is passed to the above-mentioned S-NMPC as a
reference to be tracked. S-NMPC solves an optimal control
problem similar to (5), typically using the same prediction
horizon N , but with a smaller sampling time Tσ ≪ Tℓ.
More specifically, the first term in ℓt (see, (4)) is modified
by substituting the element of θ∗s to be tracked instead of θ f ;
(5b) is removed; (5c) is redefined as θ t+1 = θ t + Tσ ωt for
t ∈ N[0,N−1]; finally, (5d)-(5f) are maintained unchanged.
Again using the receding-horizon approach, the first element
of the sequence of joint speeds generated by S-NMPC is
passed to the low-level joint controllers of the robot.

B. THE DEEP IMITATION LEARNING PROBLEM
The first element of the sequence of joint speeds generated via
S-NMPC constitutes, from an imitation learning standpoint,
the action generated by the expert at time t (with sampling
time Tσ ) corresponding to a measured robot state θ t and
human positionHt . This action is referred to in the following
as aNMPC (s), where

s ≜ {θ ,H} (6)

is the state of the imitation learning problem. The problem
considered in our work is the same of [25]: to generate,
using the dataset aggregation approach, a deterministic policy
aDNN (s) via DNN to imitate aNMPC (s), with aDNN (s) satisfying
the SSM constraints.

Strictly speaking, due to the structure of the employed
hierarchical NMPC scheme, the first element of the sequence
of joint speeds from S-NMPC depends not only on the current
value of s, but also on the reference value from L-NMPC.
However, learning this second dependence would not benefit
the resulting realization of aDNN (s), as in an ideal case the
NMPC law should only be based on s. Therefore, we consider
the variation of the NMPC law due to the L-NMPC reference
(for a given s) as noise.

III. DNN TRAINING AND SAFETY FILTER
As already mentioned in Section II-A3, the NMPC routine
used for training the DNN can rely on pre-recorded human
position data, and can therefore plan the robot trajectory

assuming to know a-priori the time evolutionHs of the human
motion. For a given set S containing ns realizations of the
state – namely, sj, j = 1, . . . , ns – and corresponding sets of
DNN and NMPC actions – respectively, ADNN and ANMPC –
a quadratic loss function can be calculated as

L =
ns∑
j=1

(
aDNN (sj)− aNMPC (sj)

)2
. (7)

For a given number of training episodes Ne, the DNN policy
at episode i, namely aDNNi (s) (which belongs to set 5 of
all possible policies implementable by the given DNN),
is updated by first obtaining the corresponding loss function,
namely Li, and then running one step of back-propagation
to update the DNN to implement aDNNi+1 (s). At each step,
policy aDNNi (s) is also validated on a different set of states
not included in S, and in the end, the policy that minimizes
L on this set is chosen as the optimal policy, namely
aDNN∗ (s). Though the described procedure holds in general,
different methods can be used to generate the set of states S,
as explained in the following.

A. DNN TRAINING METHODS
The most intuitive way of training the DNN can be referred to
as ‘‘naive’’ or ‘‘offline’’. This training strategy is described in
Algorithm 1. In it, S is defined using the NMPC policy before
starting training the DNN (hence the term ‘‘offline’’) and,
at each episode i, the DNN generates actions corresponding
to states in S. Although more than satisfactory results were
obtained in [25] using this training technique, its drawback is
that the distribution of states encountered by the DNN during
testing will be in general different from that encountered
by the expert, which could lead to poor performance or
even instability. In the remainder of the paper, we refer to
the resulting DNN as O-DNN, where the ‘‘O’’ stands for
‘‘offline-trained’’.

Algorithm 1 Offline Training: O-DNN

Generate S, ANMPC via NMPC
Set aDNN0 (s) to any policy in 5

for i← 0 to Ne do
Run policy aDNNi on S to get ADNN

Calculate Li(ANMPC ,ADNN )
Determine aDNNi+1 (s) via back-propagation

end for
Return best policy aDNN∗ (s) based on validation.

To overcome this issue in a general imitation learning
setting, Ross et al. in [24] proposed the so-called DAgger
algorithm, which iteratively trains the agent online (i.e., new
states are generated using the current policy aDNNi (s)) on a
continuously aggregating dataset. In our work, we employ
a version of DAgger in which states generated via NMPC
are still used in the first N0 episodes, to avoid employing a
completely ‘‘untrained’’ DNN. This is to avoid generating
several data points that violate the NMPC constraints, as these
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states would not be useful for training (indeed, NMPC would
not be able to find a solution in those states). With reference
to Algorithm 2, sets S, ADNN and ANMPC are first initialized
as empty sets. Then, for the first N0 episodes (initialization)
new NMPC-generated data Si and ANMPC

i are aggregated to
S and ANMPC , respectively. The DNN policy aDNNi (s) is then
executed on the resulting set S to generate the corresponding
set of actions ADNN . The loss function Li at the i-th episode
is calculated and used to generate the new policy aDNNi+1 (s).
After initialization, a similar dataset aggregation procedure
is still used until the last episode Ne, but now the new
states Si are always generated via DNN rather than via
NMPC. This should allow for a better exploration of the state
space as compared to Algorithm 1. The resulting DNN that
implements the optimal policy with this training procedure
will be referred to in the following as DA-DNN, where ‘‘DA’’
stands for ‘‘dataset aggregation’’.

Algorithm 2 Dataset Aggregation: DA-DNN

S ← ∅, ADNN
← ∅, ANMPC

← ∅

Set aDNN0 (s) to any policy in 5

for i← 0 to N0 do
Generate Si, ANMPC

i via NMPC
Aggregate datasets: S ← S

⋃
Si

Aggregate datasets: ANMPC
← ANMPC ⋃

ANMPC
i

Run policy aDNNi (s) on S to get new ADNN

Calculate Li(ANMPC ,ADNN )
Determine aDNNi+1 (s) via back-propagation

end for
for i← N0 + 1 to Ne do

Generate Si via πi
Run NMPC on Si to get ANMPC

i
Aggregate datasets: S ← S

⋃
Si

Aggregate datasets: ANMPC
← ANMPC ⋃

ANMPC
i

Run policy aDNNi (s) on S to get new ADNN

Calculate Li(ANMPC ,ADNN )
Determine aDNNi+1 (s) via back-propagation

end for
Return best policy aDNN∗ (s) based on validation.

TheDNNpolicy trainedwith Algorithm 1 can immediately
rely on a much larger set of states S as compared to
Algorithm 2, in which this set is initially empty and increases
at each episode. To better be able to compare the performance
of the offlinemethodwith that of the DA-DNN,we propose to
run the offline method using a dataset-aggregation approach.
The resulting procedure, illustrated in Algorithm 3, consists
of the practice of extending the initialization phase of
Algorithm 2 until the last episodeNe. We refer to the resulting
DNN as ODA-DNN, where ‘‘ODA’’ stands for ‘‘offline
dataset aggregation’’.

In order to condense the information provided as input
to the DNN (thus reducing the number of DNN parameters
to be trained), the encoder part of an autoencoder [27]
can be used prior to the DNN input layer to process H,

Algorithm 3 Offline Dataset Aggregation: ODA-DNN

S ← ∅, ADNN
← ∅, ANMPC

← ∅

Set aDNN0 (s) to any policy in 5

for i← 0 to Ne do
Generate Si, ANMPC

i via NMPC
Aggregate datasets: S ← S

⋃
Si

Aggregate datasets: ANMPC
← ANMPC ⋃

ANMPC
i

Run policy aDNNi (s) on S to get new ADNN

Calculate Li(ANMPC ,ADNN )
Determine aDNNi+1 (s) via back-propagation

end for
Return best policy aDNN∗ (s) based on validation.

generating a vectorHE of reduced size (this idea was already
applied in [25]). More precisely, a symmetrical autoencoder
is defined withH as input, and trained to reproduce this input
through a latent space expressing HE . The decoder (which
reconstructs H given HE ) is removed, and only the encoder
(which generates HE given H) is inserted before our DNN.
In order to indicate the presence of the encoder in the above-
mentioned algorithms, the letter ‘‘E’’ will be introduced in
their acronyms: for example, the version of DA-DNN with
encoder will be referred to as DA-E-DNN.

B. DEFINITION OF THE SAFETY FILTER
Approximating the DNN algorithms might lead to violating
the constraints that were imposedwhen generating theNMPC
law, which might be particularly problematic when the SSM
conditions are violated, as this would hinder safety. As a
possible solution, one can avoid directly applying the joint
velocity references (namely, ω) determined by aDNN∗ (s) when
actually testing the algorithm. Instead of settingω = aDNN∗ (s),
one can calculate

ω = arg min
a∈ASSM (s)

(
a− aDNN∗ (s)

)2
(8)

by numerically solving, at each sampling time, a nonlinear
program in which the decision variable a belongs to set
ASSM (s) of actions that satisfy the SSM constraints for
that specific state. If aDNN∗ (s) satisfies the SSM constraints,
then one would obtain ω = aDNN∗ (s), which implies(
a− aDNN∗ (s)

)2
= 0. In the worst-case scenario, imposing

ω = 0 would always guarantee safety from the SSM point
of view. This approach, to which we can refer as safety filter,
resembles the predictive safety filter approach proposed in
[28] and [29]. However, while an actual NMPC problem
is solved to determine the action when using a predictive
safety filter, our approach solves a simpler optimization
problem – without prediction – only aimed at determining
the current action. The nonlinear program to be solved
is much simpler than that solved by NMPC, leading to
relatively low computation times. On the downside, our
safety filter cannot guarantee closed-loop stability, which
can instead be achieved using the predictive safety filter.
When incorporating safety filters in the implementation of
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the above-mentioned algorithms, the letter ‘‘S’’ is introduced
in the acronyms: for example, DA-E-DNN with safety filter
becomes DA-SE-DNN.

IV. CASE STUDY
In the considered case study, all the above-described DNN-
based controllers were designed and implemented for a
Universal Robots UR5 manipulator with six degrees of
freedom (i.e., the robot configuration is described by nθ =

6 joint angles, grouped in vector θ ∈ R6). The task of
the robot was to reach the following two different target
configurations in sequence:

θ f =
[
0.0 −2.3 −1.1 −1.2 −1.2 0.5

]′
≜ θA,

and

θ f =
[
3.0 −1.6 −1.7 −1.7 −1.7 1.0

]′
≜ θB,

where all angles are expressed in radians. A total of nr = 7
test points were located on the robot frame, and a (virtual)
sphere with a constant radius was defined as centered at each
test point, such that the union of the spheres covered the
whole manipulator. The radii were set as Rr,1 = Rr,2 =
Rr,3 = 0.15 m, Rr,4 = Rr,5 = 0.08 m, Rr,6 = 0.12 m and
Rr,7 = 0.1 m. The robot base was located on a table with
a height of 1.2 m; to avoid the table, it was imposed in the
NMPC problem that none of the robot spheres should enter
into contact with the table surface. This condition defined
sets Pi introduced in Section II-A2 by imposing that the z-
coordinate of pr,i, i ∈ Nr , remained above the table level
of a distance greater than the corresponding Rr,i. In addition
to this obstacle avoidance constraint, upper bounds of
joint speeds were imposed by defining set � introduced
in Section II-A2 as � =

{
ω ∈ R6

: ∥ω∥∞ ≤ 1 rad/s
}
.

To obtain the speed and location of the above-mentioned
robot test points, the differential and forward kinematics of
the robot manipulator were expressed using homogeneous
transformation matrices based on the Denavit-Hartenberg
parameters already utilized in [11].
As for the human operator’s space occupancy, only the

upper part of the human body was considered, as the
robot frame was imposed to always remain above the table.
Similarly to the robot, the upper human body was covered
by a number of spheres (precisely, nh = 14) centered at
different locations (test points) of torso, head and arms.
The location and radii of the spheres coincide with those
used in [11], to which we refer the reader. These points
constitute vector H: as each of them is made of three
Cartesian coordinates, we have that H ∈ R42. The SSM
constraints were imposed in the NMPC problem for each
robot sphere, to guarantee to be able to reach zero speed
when a possible collision with a human sphere would happen,
assuming that v̄h = 2 m/s (as in [3]), ϵs = 10−3 m (in line
with the precision of state-of-the-art optical motion capture
systems [30]) and Tdr = 100 ms, based on the fact that
Tσ was set equal to 50 ms. After estimating suitable values

of āi for each joint, the parameters of the SSM constraints
imposed in the NMPC controllers (see, (2)) were set as
α1 = 2.79 s−1, d̄1 = 0.15 m α2 = 1.95 s−1, d̄2 =
0.15 m, α3 = 1.00 s−1, d̄3 = 0.15 m, α4 = 0.80 s−1,
d̄4 = 0.15 m, α5 = 0.65 s−1, d̄5 = 0.17 m, α6 = 0.45 s−1,
d̄6 = 0.94 m, α7 = 0.35 s−1 and d̄7 = 1.77 m, following
the approach described in [25]. The human test points were
obtained from the motion in the dataset introduced in [26],
in which human subjects would walk around a room and
complete tasks such as screwing bolts at different heights,
untying a knot, and replacing loads with different weights on
shelves.

To define the NMPC controllers, we set Tℓ = 500 ms,
Tσ = 50 ms and N = 10. The terms ℓ in equation (4) in
the NMPC cost function were defined with Q = 10 · I6×6,
R = I6×6, with I being an identity matrix. In the same
equation we set γ = 500, and we refer the reader to [11,
Sec. 14.A] for the detailed definition of function ϕ(·, ·).
The motion of 13 different human subjects in the

above-mentioned dataset was used. Each subject repeated a
sequence of 3 different motions for 5 times. The 13 motion
sequences were divided as follows: 10 for training, 2 for
validation, and 1 for the testing process. Considering that a
sampling of the human motion was used to align with the
50 ms sampling time of the NMPC/DNN controllers, a total
number of 1.35 · 106 data points were used for all 13 human
subjects.

The same DNN structure was used for all considered train-
ing methods (i.e., O-DNN, DA-DNN and ODA-DNN, with
their variants with safety filter and/or encoder, amounting to
a total of 12 methods). It consisted of an input layer with
48 neurons acquiring state s ∈ R48 (6 neurons for robot joint
positions θ and 42 for the positions of 14 center of spheres
on the human upper body in the Cartesian space). When
encoders were used, these generated a new vectorHE ∈ R24

from H. The output layer consisted of 6 neurons, one for
each component of ω. The sizes of the hidden layers were
defined as shown in Fig. 1. The number of hidden layers
and of neurons per layer were determined via trial and error,
training DNNs with different structures and observing which
structures would lead to better performance.

A hyperbolic tangent function was used as an activa-
tion function to automatically satisfy the above-mentioned
constraint on joint speeds. All proposed algorithms were
designed based on the PyTorch Python library. The Adam
optimizer, with a learning rate equal to 10−3, was used for
training. Also, dropout [31], with a rate of 25% per hidden
layer, was employed during the training phase to prevent
overfitting. For each method, four DNNs were trained,
and specifically: two for learning to imitate NMPC with
θA as goal configuration, one of which was active in a
neighborhood of θA (specifically, for θ such that ∥θ−θA∥2 ≤

0.18 rad) and the other one outside this neighborhood; the
other two for learning to imitate NMPC with θB as goal
configuration, one of which was active in a neighborhood of
θB (specifically, for θ such that ∥θ − θB∥2 ≤ 0.18 rad), and
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FIGURE 1. Schematics of the DNNs designed in the case study. O-S-DNN, ODA-S-DNN and DA-S-DNN share the same structure, and the same holds for
O-SE-DNN, ODA-SE-DNN and DA-SE-DNN. For the cases when the encoder is present, it is represented as a separate neural network. The same structure
applies to the cases without safety filters, in which case ω would be taken equal to the DNN output aDNN

∗ .

FIGURE 2. Learning curves for DA-E-DNN and ODA-E-DNN, employing a
semi-logarithmic scale. For the sake of simplicity, we only show the case
when θ f = θB and ∥θ − θB∥2 ≥ 0.18 rad.

the other one outside this neighborhood. The use of different
DNNs close and far from the goal point, as in [25], had the
role of reducing steady-state errors in the robot configuration.

V. NEURAL NETWORK TRAINING AND ANALYSIS
All methods were trained for a total of Ne = 2000 episodes,
whereas the initialization of DA-based methods consisted of
the first N0 = 30 episodes. As an example, the learning
curves for ODA-E-DNN and DA-E-DNN are shown in Fig. 2.
We do not show learning curves for O-DNN as the available
amount of data per episode is different than in ODA-E-DNN
and DA-E-DNN, and a comparison would not be possible:
indeed, the ability of making this comparison was the main
reason for introducing ODA-based algorithms. Both methods
were trained on data from the above-mentioned training
set and, in parallel, run on the validation set. As can be
noticed in Fig. 2, ODA-E-DNN initially converged faster than

DA-E-DNN, probably because DA-E-DNN had to explore a
larger portion of the environment. On the other hand, both
training and validation values of the loss function for DA-E-
DNN converged to lower values than their counterparts for
ODA-E-DNN, as can be noticed in the zoomed portions of
Fig. 2. In particular, considering the average of the values
of the last 100 episodes – to compensate for the presence
of oscillations in the loss function – ODA-E-DNN presented
a value of the training (respectively, validation) loss 12.4%
higher (respectively, 18.5% higher) than that of DA-E-DNN.
This confirms the ability of dataset aggregation to improve
the performance of the naive approach to imitation learning.

To assess the quality of the trained DNNs, a visualization
analysis was conducted based on the concepts described
in [32], and the results are shown in Fig. 3. For the sake of
brevity, we restricted our analysis to the DA-E-DNN case
with θB as goal configuration. This DNN showed, together
with its version with safety filter, the best performance in
terms of experimental results (see Section VI).
First, the so-called saliency map was created to highlight

the importance of different features. A saliency map is a
visualization tool that shows which input values are most
important in the decision-making process by calculating
gradients [32]. As shown at the top of Fig. 3, the saliency map
includes 30 features: 6 for joint positions and 24 for encoded
human poses (coherently with the size of the input layers of
DNNs with encoders, as shown in Fig. 1). For this specific
combination of initial configuration, final configuration and
humanmotion, the position of the fifth joint seems to be more
relevant than the others, and the same can be said of certain
components of the encoded human position (for instance,
input 13). This, however, could vary considerably when a
different human motion is used for training. In any case
all input parameters, joint positions and human positions,
contribute to the performance of the DNN. None of them can
be excluded from the input parameters, as each one carries
valuable information to the model. For example, excluding
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an encoded human position or joint position of the robot
could reduce the ability of the model to solve unseen inputs
effectively.

To describe how neuron outputs are spread across the three
hidden layers, normalized activation distributions are shown
in the center of Fig. 3. The pattern of the outputs of the input
data that flows through the layers can provide information on
how well the layer is working. Activations of the model are
spread around zero with some variation, which means that the
network was trained well [33].

FIGURE 3. Visualization of the DA-E-DNN model for θ f = θB. Saliency
map (top), normalized histogram of activation values (center), and
normalized histogram of weight gradients (bottom), all were tested on a
sample test input.

Another way to identify if the model is trained well is
to analyze the normalized weight distribution (bottom of
Fig. 3). Balanced weights that are centered around zero
allow unbiased and flexible learning. The normalized weight
distribution graph indicates that the DNN is well-trained and
unbiased.

VI. EXPERIMENTAL RESULTS AND DISCUSSION
All aforementioned algorithmswere implemented on a laptop
with an i7-9750H CPU, 16 GB RAM, and NVIDIA GeForce
GTX 1660 Ti to complete experiments with the real UR5
robot. The NMPC law was generated via acados [34] and
implemented as a C++ node in Robot Operating System
(ROS). Meanwhile, DNN algorithms were trained with the
PyTorch python library on a PC with an Intel Xeon CPU,
16GB RAM, and NVIDIA GeForce GTX 1080Ti. The

implementation of the safety filter was realized in CasADi,
an open-source toolkit designed for nonlinear optimization
and algorithmic differentiation [35]. The URsim industrial
simulator was utilized during training instead of the real
robot, so as to complete the training process faster and avoid
risking to damage the robot, especially when exploring the
state space using the DNN-generated laws with DA-based
algorithms.

The joint speed reference ω generated by NMPC or by
any of the DNN-based methods described above were sent
from the laptop to the UR5 through the ROS package called
Universal Robot driver every 50 ms. The algorithms were
tested on 50 separate portions of the test set. Compared to the
human subjects used for training, the human subject motion
used for testingwas on average 10 cm closer to the robot, so as
to evaluate how the robot would react to a partially different
human behavior.

The algorithms were compared with each other in terms
of the NMPC cost value Jexp (evaluated by summing the
terms ℓ in (4) for all sampling instants until task completion),
and the time Tc required to complete the task (moving
from θA to θB and then back to θA). We also considered
the maximum/average computation times of the controllers,
denoted, respectively, as τ̄ and τ̂ .

Table 1 summarizes the results of the experiments, with
the values in bold representing the best result – either
among methods with or without safety filter – for each
considered measure. The best values of Jexp and Tc were
both achieved by DA-E-DNN among methods without safety
filter and by DA-SE-DNN among methods with safety filter.
For most methods, the presence of the encoder increased the
computation time and improved Jexp (probably due to the
more compact representation of information inHE compared
to H, and the consequent reduction in the number of DNN
parameters), whereas Ts was not influenced by it. DA-based
approaches always achieved a better performance in terms of
Ts compared to the corresponding O-based or ODA-based
methods; the same was true for Jexp, with the exception
of methods without encoder and without safety filter. This

TABLE 1. Average values of the considered measures for 50 experiments.
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FIGURE 4. Time evolution of joint positions θi for NMPC, DA-E-DNN and
DA-SE-DNN. The vertical dashed lines denote the time instants at which
the joint position depicted by the particular color accomplishes the
process from θA to θB and back.

FIGURE 5. Time evolution of joint speeds ωi for NMPC, DA-E-DNN and
DA-SE-DNN, similarly to the joint positions illustrated in Fig. 4. The vertical
dashed lines denote the time instants at which the joint position depicted
by the particular color accomplishes the process from θA to θB and back.

confirms that the proposed approach outperforms the naive
(offline) approach proposed in [25]. The presence of the
safety filter introduced a perturbation to the actual DNN
output to enforce SSM constraints; as the enforcement of
these constraints limited the robot speed, the value of Tc
obtained with DA-SE-DNNwas, as one would expect, higher
than that obtained with DA-E-DNN. Jexp, instead, would be
decreased by this speed reduction on the one hand (as terms
ωT
t Rωt in (4) would be lower) and would be increased by the

resulting slower convergence to the goal configuration (via
terms

(
θ t − θ f

)T Q (
θ t − θ f

)
in (4)); the results in Table 1

show that this second effect was more pronounced, as Jexp
obtained with DA-SE-DNN was higher than that obtained
with DA-E-DNN.

It is important to mention that a number of methods, for
at least a subset of the experimental trials, could not reach
the goal configuration: these methods are reported with an
asterisk in Table 1, and are all comprising a safety filter. The
reason for this phenomenon can be the fact that, when using
the safety filter, the robot reached configurations in portions
of the state space never experienced during training, which in

FIGURE 6. Time evolution of linear velocities of robot test points vi for
the DA-E-DNN method, together with a corresponding limit speed v̄i , for
the robot motions shown in Figs. 4 and 5. Task completion is indicated
by the vertical, dashed blue lines.

turn led the DNN to generate meaningless action values. The
problem occurred only for O-based and ODA-basedmethods,
for which a better exploration of the workspace could not
be obtained (as all state trajectories were generated by the
NMPC expert). On the other hand, DA-based methods did
not suffer from this problem.

Even if, up to this point, DA-E-DNN seems to be the
best method, the absence of the safety filter can possibly
lead to the violation of SSM constraints and hinder safety.
To better understand this issue, we further analyze results
for DA-E-DNN and DA-SE-DNN, comparing them with
the NMPC expert that is imitated (but which cannot rely
on perfect human predictions, as when generating training
data, when implemented in reality). Time evolutions of the
robot joint angles and speeds for these methods are reported
and compared, respectively, in Figs. 4 and 5. These figures
illustrate two robot motions from θA to θB and back. The
depicted dashed lines separate two different robot motions,
first with the human working far from the robot, and then
with the human moving close to the robot. Figure 4 confirms
the results of Table 1 in terms of Tc: both DNN-based
methods achieved faster motions than NMPC, with DA-E-
DNN outperforming DA-SE-DNN. It can be seen from Fig. 5
that the range of speed values is very similar for all three
methods, which means that all DNNs were trained suitably
to mimic the NMPC behavior.

To ascertain safety, the time evolution of the speed of the
test point on which the SSM constraint is imposed is shown in
Figs. 6 and 7 for DA-E-DNN and DA-SE-DNN, respectively,
together with the corresponding SSM upper bounds. As can
be seen in Fig. 6, DA-E-DNN violates the SSM constraints
for test points 6 and 7 during the second motion, when the
human operator comes closer to the robot. Specifically, the
SSM constraints are violated during 33.42% of the total time.
On the other hand, DA-SE-DNN satisfies the constraints due
to the presence of the safety filter.
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FIGURE 7. Time evolution of linear velocities of robot test points vi for
the DA-SE-DNN method, together with a corresponding limit speed v̄i , for
the robot motions shown in Figs. 4 and 5. Task completion is indicated
by the vertical, dashed blue lines.

FIGURE 8. Frames from the video provided as supplementary material,
representing the motion of the real robot (Universal Robots UR5) for the
considered three algorithms, and a simulation via the Gazebo software
that reproduces the same motion of the robot in the experimental setup,
together with the position of the moving human that is passed in real
time to the algorithm that determines the references for the robot joint
speeds.

We also assessed the robustness of the safety filter by
translating the sequence of human movements such that the
operator would stay much closer to the robot as compared
to the previously-described test set. This depicts a situation
never experienced during training, in which a considerable
loss of performance is expected. The results, restricted to
the cases of NMPC and the two best-performing DNNs for

TABLE 2. Values of the considered measures for an experiment to test
the robustness of the safety filter.

the cases with and without safety filters, can be seen in
Table 2. Compared to Table 1, one can notice that both Jexp
and Tc increased considerably, due to the closer presence of
the human operator. This situation also led to a violation
of the SSM constraints in 40.67% of the time for DA-E-
DNN, which is higher than in the previous dataset. However,
both NMPC and DA-SE-DNN succeeded in never violating
the SSM constraints. This shows that, even if a loss of
performance has to be expected when the human motion
considerably differs from the training data, safety is ensured
by the safety filter in any case.

A video is provided as supplementary material, showing
the motion of the real robot and of the simulated human
using the Gazebo software for the results reported in Figs. 4-
7. Specific frames of the video are also shown in Fig. 8.
In the upper part of Fig. 8, the human operator is relatively
far from the robot, whereas in the lower portion of the
figure the human is close to the robot. In this second
case, the figure shows a time frame when the DA-E-DNN
algorithm is violating the SSM constraint (notice the red
light in the upper-right corner of the DA-E-DNN image,
indicating violation of the SSM constraints, in lieu of the
green light of the other images, indicating compliance with
SSM). In conclusion, DA-SE-DNN appears to be the method
offering the best trade-off between performance and safety.

VII. CONCLUSION AND FUTURE WORK
The paper proposed a set of methods for deep imitation
learning of NMPC laws for safe pHRI via SSM. Compared
to previous work, the main contributions consist of the use of
dataset aggregation-based training and of the use of safety
filters. Experimental results showed that the DA-SE-DNN
method, employing an encoder (to condense the information
provided as input to the DNN), aggregation-based training
and a safety filter, provided the best trade-off between safety
and performance.

Future work will be devoted to the implementation of
the proposed imitation learning framework in more complex
scenarios, for example considering an actual production line
in a factory, and using different collaborative manipulators.
We will also explore the design of new learning-based motion
planning strategies for the same safe pHRI problem, based on
deep reinforcement learning.
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