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Supplementary Text27

Robot models and imitation task28

First, we showed to the participant the fixed-wing drone simulator. The model, developed to fit the commercial eBee drone by29

SenseFly1 , was designed to have 3 controllable DoFs and regulated to follow roll, pitch, and longitudinal speed references.30

The drone performed two roll maneuvers (right,left), two pitch maneuvers (up,down), and two speed varying maneuvers (speed31

up, slow down). Later, we showed them the quadrotor drone simulator, adapted from a third-party model 2. The model has 432

controllable DoFs, namely roll, pitch, yaw rate, and thrust. The quadrotor performed two pitch maneuvers (front, back), two33

yaw rate maneuvers (right, left), two thrust maneuvers (up, down), and two roll maneuvers (right, left). Finally, we showed the34

manipulator simulator, based on the TX2-90 robotic arm from Stäubli3. While the robotic arm has 6 independent rotating joints,35

we chose to control the linear and angular velocity of its End Effector (EE), for a total of 6 DoF. The simulation showed the36

manipulator’s EE varying its linear velocity on the three axes, then its angular velocity on the same three axes. The control37

signals varied according to A
2

(
1−

(
cos

( t2π

T

)))
where T = 6s is the maneuver duration and A is the amplitude of the input (See38

Table S1).39

Robots with more degrees of freedom lead to the use of a higher number of body segments40

We first studied the contribution of the different body segments to the overall motion of our subjects to identify the subset which41

is most relevant for controlling the different robots. We define the amount of motion (AoM) of a specific limb as the average of42

the norm of the angular velocity vector, and use it as a metric of the total motion of the considered limb during the imitation43

task. We normalized the AoM with respect to their maximum for each subject to compensate for possible gesture amplitude44

differences. Our data show that the subjects used a higher number of body segments to control robots with a higher number of45

degrees of freedom (Fig. S1). As in our previous study, we found that the torso was the preeminent body segment in the case of46

the 2-DoF fixed-wing. Instead, arm motion is also adopted in the case of the 3-DoF fixed-wing and the quadrotor. Finally, the47

participants used mostly their arms to imitate the manipulator (Fig S1A). We run sparse PCA (sPCA) on the participants’ body48

motion data to identify the variables explaining a significant portion of the dataset’s variance. sPCA projects the motion data in49

a lower-dimensional manifold while penalizing the model complexity setting the weights of nonessential body segments to50

zero. The segments retained by the sPCA are colored and marked with an asterisk. We found that shoulder motion was not51

relevant for any of the considered robots. Moreover, the number of segments necessary to explain the variance of the motion52

datasets increases with the number of DoF of the robot to be controlled (Fig. S1B).53

Robots with more degrees of freedom lead to higher variability in human motion patterns54

The motion strategies of different subjects are similar, personalization of the interfaces might not be needed. To assess the55

motion variability in our dataset, we adopted a variability metric based on the median value of the concatenated motion56

time series (Fig. S1C-E). Our motion variability score was significantly lower for the fixed-wing drone with constant speed57

(variabFF = 11.9±14.1) than for the same robot with controlled speed (variabF = 23.63±18.1, p = 0.283), the quadrotor58

(variabQ = 76.4± 70.8, p < 0.01) and the manipulator (variabM = 58.5± 36.7, p < 0.01). Also, the observed manipulator59

variability was significantly higher than the one of the fixed-wing with controlled speed (p = 0.018). As a single general BoMI60

could not be sufficient to cover these differences in individual motion preferences, we decided to implement personalized61

BoMIs for each subject.62

Motion variability metric63

To compute the motion variability across the population we use the concatenated timeseries of the 9 rigid bodies used to model64

the user’s upper body, so that the motion of each user is represented by a single signal (Fig. S1D). Specifically, identifying with65

1https://www.sensefly.com/drone/ebee-x-fixed-wing-drone/
2https://github.com/UAVs-at-Berkeley/UnityDroneSim
3https://www.staubli.com/en/robotics/product-range/industrial-robots/6-axis-robots/tx2-90/
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Φi,Θi,Ψi the Euler Angles associated with the i-th rigid body, the motion signal for subject k will be:66

motk = [Φ1,Θ1,Ψ1, ...,Φi,Θi,Ψi, ...,Φ9,Θ9,Ψ9] (1)

67

we then compute the motion variability by:68

variab =
1
N

k

∑(motk−mot)2 (2)

where mot is the median of the motion signals motk for k ∈ [1,10]69

Principal Component Analysis explains motion synergies and correlates with robot actions70

Research has demonstrated that humans tend to move according to synergies, functional motor patterns requiring the activation71

of several muscles at once, such as grasping an object, or walking. Therefore, we can expect the participant’s motion when72

imitating the robot maneuvers to be explained by the synchronous action in a subset of their joints. Among other methods,73

PCA has shown to be efficient in identifying motor synergies. We applied PCA to the motion datasets acquired during the74

imitation task of each subject, separated by the corresponding DoF. Our results show that the first principal component (PC1) is75

highly correlated with the robot’s motion, with low variability (Fig. S2A). Specifically we found that, on average, PC1 explains76

88% of the dataset’s variance (Fig. S2B). Moreover, the Pearson’s coefficient (α = 0.82±0.094) shows the high correlation77

between the datasets (Fig. S2C). These results suggest that PCA can be safely adopted to compress the users’ motion into78

functional synergies. Such synergies allow the generation of an interpretable set of variables which is highly correlated with the79

robot’s motion and that preserves the majority of the information contained in the dataset. In other words, by observing the80

synergies it is possible to understand more clearly how a person moves than by looking at the orientation of single body limbs.81
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B Number of relevant segmentsA Amount of Motion (AoM) of different body segments and set of relevant segments per robot

CA BConcatenated motion of all subjects
chest and left arm, Fixed-Wing (2 DoF) Concatenated motion of all subjects, all robots Intra-group motion variabilityC D E

Figure S1. Motion analysis for the identification of the most relevant set of body segments to control each robot and
inter-group motion variability. (A) Amount of Motion (AoM) of the participants’ body segments during the imitation of the
different robots. The body segments colored and marked with an asterisk are the ones retained by the sPCA. The gray body
segments are the discarded ones. Imitating a different robotic system results in a different motion profile in the population, with
a varying set of relevant segments. (B) Number of relevant body segments relative to each robot. The number of relevant
segments increases with the robot’s degrees of freedom. (C) Superimposed and concatenated motion profiles of the torso and
left arm of all participants imitating the flight of the fixed-wing drone (2 DoF). Colored - single subject motion, black - median
profile over all the subjects. (D) Superimposed and concatenated motion profiles of all the body segments of the upper body of
all the participants for the different robots. (E) Motion variability metric computed as MSE w.r.t. median motion profile. The
motion variability increases with the robot’s degrees of freedom.
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Fixed-wing Quadrotor Manipulator
A First Principal Component (PC1) of human motion dataset vs robot motion

B Explained variance 

C Correlation

Figure S2. Use of Principal Component Analysis for synergy identification. (A) PCA compression results - mean and
variance on all subjects, normalized. In colors: first Principal Component (PC) of motion data. In black: robot action. (B)
Variance explained by the PCs, averaged across participants. The first PC explains, on average, more than 85% of the dataset’s
total. (C) Person’s α score computed between the PCs and the robot’s action, averaged across participants. The first PC
correlates, on average, by more than 80% with the robot actions.
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Experimental scenario: hardware

Fixed-wing: navigation

Quadrotor: navigation

Manipulator: peg-in-hole

A

C

B

Figure S3. Experimental scenario for the three robots. (A) Path for fixed-wing drone composed of three gates. The
fixed-wing drone dynamics are simulated on a quadrotor drone. (B) Path for quadrotor drone composed of four gates. (C)
Peg-in-hole task for manipulator. The target box was moved in three different positions .
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Robot A
Fixed-wing 8.0rad (angles), 5m/s (speed)
Quadrotor 8.0m/s (speed), 0.5rad/s (angular velocity)
Manipulator 0.3m/s (speed), 0.3rad/s (angular velocity)

Table S1. Amplitude of maneuvers during the imitation task.
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Supplementary videos82

Video S1 (.mp4 format). Sample imitation task - Fixed-wing: this video shows a sample subject performing the imitation83

task for the fixed-wing.84

Video S2 (.mp4 format). Sample imitation task - Quadrotor: this video shows a sample subject performing the imitation85

task for the quadrotor.86

Video S3 (.mp4 format). Sample imitation task - Manipulator: this video shows a sample subject performing the imitation87

task for the manipulator.88

Video S4 (.mp4 format). Sample teleoperation task (simulation) - Fixed-wing: this video shows a sample subject teleoper-89

ating for the fixed-wing in a simulated environment through a personalized BoMI.90

Video S5 (.mp4 format). Sample teleoperation task (simulation) - Quadrotor: this video shows a sample subject teleoper-91

ating for the quadrotor in a simulated environment through a personalized BoMI.92

Video S6 (.mp4 format). Sample teleoperation task (simulation) - Manipulator: this video shows a sample subject teleop-93

erating for the manipulator in a simulated environment through a personalized BoMI.94

Video S7 (.mp4 format). Sample teleoperation task (hardware) - Fixed-wing: this video shows a sample subject teleoper-95

ating for the fixed-wing in a real-world environment through a personalized BoMI.96

Video S8 (.mp4 format). Sample teleoperation task (hardware) - Quadrotor: this video shows a sample subject teleoper-97

ating for the quadrotor in a real-world environment through a personalized BoMI.98

Video S9 (.mp4 format). Sample teleoperation task (hardware) - Manipulator: this video shows a sample subject teleop-99

erating for the manipulator in a real-world environment through a personalized BoMI.100

Video S10 (.mp4 format). Visualization of unsupervised dimensionality reduction: this video displays a visualization of101

the data compression and feature selection functions of the proposed algorithm on a sample subject (same subject as in Video102

S1).103
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