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Motivation 

When an exoskeleton is used to facilitate the wearer’s movement, 
a motion generation process often plays an important role in high-
level control.  

 

 

One of the main challenges in this area is to generate in real time 
a reference trajectory that is parallel with human intention and can 
adapt to different situations.  
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 Step 1: Probabilistic movement 
primitive (ProMP) algorithm is 
used to model motion trajectory 
from demonstrations 

Method description 

 Step 2: Update online by an 
optimization algorithm when the 
subject begin to move 
 PIBB algorithm is used to 

calculate cost value via actual 
joint trajectory 

 The parameters of motion model 
are updated to generate new 
desired trajectory 

Motion model generation 
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Motion representation and initial learning 

Linear basis function to model 
the joint 

 Introduce the trajectory 
distribution 

Phase function to scale the 
trajectory 

Take phase function as the 
variable 

Basis function representation Trajectory calculation 

Weights learning result Mean and variance 
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Model adaption 
Policy perturbation generated 

from the trajectory model 

Cost function formula 

 Immediate cost function 

Overall trajectory cost 

Probability of the kth roll-out 

Final parameter update 
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Experimental protocol 

Three voluntary subjects 1, 2, and 3, whose 
characteristics are listed in Table 2, participated in 
the data acquisition. Subjects 1, 2, and 3 were 
asked to perform level walking on a treadmill at 
their normal speed. The exoskeleton HEXO was 
working in zero-force mode with no enabled torque 
assistance, to obtain the most natural gait of the 
subjects when wearing the exoskeleton. 

All sensor data were transmitted to the 
Advanced RISC Machines (ARM) panel 
through a controller area network (CAN) 
bus, whose transmission rate was up to 
1 Mb/s. 

Front In
form Technol Electro

n Eng



Motion initial learning experiment 

Motion initial learning by ProMP from subjects 1, 2, 
and 3: (a) mean and covariance of the hip trajectory 
data; (b) mean and covariance of the knee trajectory 
data; (c) hip trajectory learned by ProMP; (d) knee 
trajectory learned by ProMP 

Figs. 7a and 7b show the mean 
and covariance of the hip and 
knee data, respectively. The 
general trend of the curve was 
the same for each joint, but the 
shape of the curve differed, 
even when the subjects had 
relatively similar heights and 
weights. The red areas of Figs. 
7c and 7d show the trajectories 
learned by ProMP from all three 
subjects, and contains all the 
possibilities. The red line can be 
regarded as the average of all 
acquired trajectories, so it is 
more representative than any 
others. Besides, the more 
trajectories learned, the more 
general the reference trajectory. 
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Motion online adaptation experiment 

Trajectory adaptation performance of the proposed 
ProMP-PIBB when the walking speed changes 

In this experiment, there were three new 
subjects, 4, 5, and 6, as listed in Table 2. 
To evaluate the effectiveness of the 
method, subjects with differences were 
deliberately selected for validation. For 
example, subject 5 was a female with a 
lower height and subject 6 was much older 
than other subjects. The subjects were 
also asked to deliberately change their 
speed several times when performing level 
walking, to test the adaptability of the 
method to different speeds. 

Motion adaptation process of ProMP-PIBB and DMP-PI2: (a) hip of 
ProMP-PIBB; (b) hip of DMP-PI2; (c) knee of ProMP-PIBB; (d) knee of 
DMP-PI2 
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Motion online adaptation experiment 

Table 3 summarizes the experiment results of the three subjects for DMP-PI2 and ProMP-PIBB. 
It shows the RMSEs before adaptation (the first step) and after adaptation, the convergence 
step, and the improvement rate of the proposed method. Before updating, the RMSEs of ProMP 
were lower than those of DMP. In the end of the adaptation, the final RMSEs of ProMP-PIBB 
were also smaller than those of DMP-PI2. The average improvement for the three subjects was 
15.49%, indicating that the proposed strategy achieved better performance. Although the final 
errors of the two methods were both small, a little mismatch between the desired trajectory and 
the generated trajectory will cause huge human-robot interaction resistance when the 
exoskeleton was working. Therefore, any improvement that can reduce the error is valuable. 
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Conclusions  

In this paper, a novel motion learning scheme to generate 
a motion trajectory online for lower limb exoskeletons is 
proposed. 

For motion generation, the motion is modeled by ProMP 
with offline initial learning using pre-collected trajectories. 
For motion adaptation, the motion model based on ProMP 
can be further learned and updated online using the black-
box optimization PIBB. 

The exoskeleton with the proposed motion learning is able 
to adapt to different wearers and variable environments in 
a timely manner. This human-exoskeleton system can co-
work collaboratively faster and more consistently, and with 
a better human-robot interaction. 
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