
Static gesture recognition 
 
 
 
 
 
 
 
 
 
Hand motion following 
New robot position is obtained as follows: 
 
 
 
𝐩𝐩𝑐𝑐𝑐𝑐𝑐𝑐 – starting point of a robot’s end-effector  
during the user’s intervention. 
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Reinforcement Learning (RL) 
through policy search is well 
suited for robot learning of 
manipulation tasks but requires a 
high number of policy updates to 
produce a satisfactory robot 
behavior. We propose a method 
that exploits user intervention 
as a strategy for policy search 
updates, which significantly 
reduces the number of 
necessary updates and allows 
users to tailor robot behavior 
according to their needs. We 
developed an interface for 
gesture recognition and hand 
motion following that allows a 
user to select and modify a 
desired manipulation task 
segment and speed up the 
learning process through a series 
of interventions. We implemented 
the method on a single-arm and 
dual-arm robot and applied it to 
a manipulation task on the 
laboratory tabletop. We 
compared our method with the 
conventional policy search 
strategy in simulation; the results 
show that the number of 
necessary policy search updates 
was significantly reduced by user 
intervention. 
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RESULTS 

Experimental setup with two obstacles and  
presentation of the initial robots’ trajectories 

User intervention using hand gestures to guide  
the robots around the obstacles 

Reward function 

𝑅𝑅 = −𝛼𝛼 ∙ 𝐷𝐷𝑐𝑐𝑡𝑡𝑐𝑐𝑡𝑡𝑡𝑡 − 𝐵𝐵 

B is the number of knocked-
down obstacles, 𝐷𝐷𝑐𝑐𝑡𝑡𝑐𝑐𝑡𝑡𝑡𝑡 
trajectory length, and 𝛼𝛼 is a 
relative weight. 

REPS algorithm uses Kullback-Liebler (KL) divergence as an indicator 
of difference between two probability distributions p, q over a random 
variable x: 
 
 
 
Given the previous policy q(ϴ), the new policy π(ϴ) is obtained by 
adding a KL-Divergence bound ϵ between the new and old policies to 
the optimization of the expected reward: 
 
 
 
 
 
where ϴ  are the trajectory parameters, R(ϴ) is their associated 
reward, and π(ϴ) is the probability, according to the policy π, of having 
such parameters. 
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𝐩𝐩𝑔𝑔𝑡𝑡𝑡𝑡𝑡𝑡 = 𝐩𝐩𝑐𝑐𝑐𝑐𝑐𝑐 + (𝐩𝐩ℎ𝑡𝑡𝑎𝑎𝑎𝑎−𝐩𝐩0),𝑝𝑝 ∈ ℝ2 

Robot executes 
initial trajectory 

User modifies  
initial trajectory 

Robot stores new 
trajectory and 
reward value 

Apply policy  
search algorithm 

PROPOSED INTERACTIVE LEARNING FRAMEWORK 

N user interventions 
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