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• Torque discretization = 10   ;   Initial Exploration rate = 0.97 

 

• Torque discretization = 5   ;   Initial Exploration rate = 0.5 
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- There doesn’t seem to be much difference from the initial situation unfortunately: 

there still is a small position error during the “waiting” phases and some high 

acceleration peak. 

3.2.3 DQN CO-SIMULATION – TRAJECTORY & 

ACCELERATION 

- Moving to the second of the three solutions: adjusting the reward function so that 

it penalises higher accelerations. 

The new reward is, for each timestep, a negative score proportional to the sum of 

the elevator actual gap from the trajectory setpoint and a value (-10) added when 

the acceleration > 1.0 m/s². 

- The rest (environment, trajectory, hyperparameters, torque discretization) remains 

the same, to allow a comparison of the effects of the different reward function alone. 

Fig. 28: Accumulated rewards over 200 training episodes – DQN agent 

 

The rewards are much lower than before because there is the (negative) addition of 

the acceleration penalty. 
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Fig. 29: Trajectory, velocity, acceleration, torque, rewards of the best policy – DQN agent 

 

The state space shows that the accelerations are indeed almost always within the 

not-penalized range, but this comes at the expense of the rapidity to reach the 

desired position. This is something expected, since the two summed rewards are 

mutually exclusive (a quick reaction to the set positions changes require a high 

acceleration, and vice versa). The more the acceleration is penalized, the more 

“damped” the trajectory graph will appear. 
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3.2.4 DDPG CO-SIMULATION – TRAJECTORY 

- Finally, the third of the three solutions: using a continuous action space agent 

(DDPG). 

 Fig. 30: Definition of the environment and of the agent hyperparameters 

- A continuous reward is applied, which consists of a negative score given to the 

agent proportional to the elevator actual gap on each timestep from the trajectory 

setpoint (the same of the first case, without penalizing the acceleration). 
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- The output torque is always between -50 Nm and +50 Nm, but continuous. The 

following DDPG hyperparameters are initially used: 

• Initial Noise level = 0.1 

• Decay Noise level = 0.0001 

• Scaling Action = 1.0 

• Actor Learning rate = 0.0005 

• Critic Learning rate = 0.0010 

• Hidden Layers = (12-24-48-24) 

The noise level has conceptually the same meaning of to allow a comparison of the 

effects of the different reward function alone. 

Fig. 31: Accumulated rewards over 500 training episodes – DDPG agent 

 

Accumulated rewards are very high at the beginning, but they fall back down after 

not many training episodes. This behaviour is probably a consequence of a 

phenomenon, already well known in scientific literature, called "catastrophic 

forgetting", which is caused by some combinations of weights between neurons in 

the hidden layers that can lead to bad result and completely overwrite previously 

learned information upon learning new information. This is not completely solved 

but the situation will much improve later, when hyperparameters will be changed. 
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- The early stoppings (red stars), which are used as the policy evaluation parameters, 

are very low, meaning that the agent is not learning anything. A plot of a state space 

of one evaluation is shown below to check what happens on the model: 

Fig. 32: Trajectory, velocity, acceleration, torque, rewards of one policy – DDPG agent 

 

The agent is indeed not learning, but always giving the maximum torque as output 

(here indicated by 1, which is then multiplied by 50, the maximum set value). 

- To understand what is causing that behaviour, and if it is possible to get better 

policies, different hyperparameters combinations will be tried, following the same 

process already seen in the previous cases. 
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There are a total of six changeable hyperparameters here. Since it is impossible to 

visualize a six-dimension map to find the best combinations, several simulations 

will be launched, keeping 3 of them fixed and changing the other 3, in an iterative 

optimization process divided in multiple parts: 

 

Changing hyperparameters, part 1 

 

- Keeping fixed the values of: 

• Hidden Layers =  (12-24-48-24) 

• Actor Learning rate = 0.0005 

• Critic Learning rate = 0.0010 

 

- Trainings with different combinations of the following are launched: 

• Scaling Action = [+1.00, +1.78, +3.16, +5.62, +9.77] 

• Initial Noise level = 10^ [(-2.0), (-1.5), (-1.0), (-0.5), (+0.0)] 

• Decay Noise level = 10^ [(-5.0), (-4.5), (-4.0), (-3.5), (-3.0)] 

 

This means a total of 5x5x5 = 125 different simulations are done, and the results 

are divided in five heatmaps, to see in an iterative way what are the combination of 

hyperparameters that improve the learning process of the agent and lead to better 

policies. 
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Fig. 33: Changing hyperparameters, part 1 - Max accumulated rewards 

 

There isn’t a clear trend of which scaling actions or noise is better to choose for 

getting better policies, but it is possible to identify some areas of combinations 

(circled in red) that seems to get very high accumulated rewards. 
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- Continuing with this iterative process, the other three -previously fixed- 

hyperparameters are now getting changed, keeping the scaling action, initial noise 

level, and decay of the noise level fixed with the values that gave the better result 

on the previous tests (the two conditions circled in red): 

 

Changing hyperparameters, part 2 

 

- Keeping fixed the values of: 

• Scaling Action = 3.16 

• Initial Noise level = 10^(-4.0) 

• Decay Noise level = 10^(-4.0) 

Changing hyperparameters, part 3 

 

- Keeping fixed the values of: 

• Scaling Action = 9.77 

• Initial Noise level = 10^(-0.5) 

• Decay Noise level = 10^(-4.0) 

 

- Trainings with different combinations of the following are launched: 

• Hidden Layers = [(12-24-12), (24-48-24), (6-12-24-12), (12-24-48-24), 

(6-12-24-48-24-12)] 

• Actor Learning rate = 10^ [(-4.0), (-3.5), (-3.0), (-2.5), (-2.0)] 

• Critic Learning rate = 10^ [(-4.0), (-3.5), (-3.0), (-2.5), (-2.0)] 

 

With the same procedure, simulations will be launched for each combination of 

fixed values above. So divided in five heatmaps with a total of 125 simulations for 

the combination in part 2, and another five heatmaps with a total of 125 simulations 

for the combination in part 3. 
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Fig. 34: Changing hyperparameters, part 2 - Max accumulated rewards  

 

The circles indicate the higher rewards; the yellow is the initial combination of 

hidden layers, which has already been tested. It might be interesting however to 

later evaluate the red one. 
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Fig. 35: Changing hyperparameters, part 3 - Max accumulated rewards  

 

As before, the more the hidden layers the better the results. The yellow layer’s 

setting (12-24-48-24) has been tested already, so the red hidden layer combination 

(6-12-24-48-24-12) can be now finally tested. 
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- A final test is done, where the bigger neural network among the tested so far is 

used in combination with the actor learning rate and the critic learning rate that gave 

the best results in the previous simulations. The scaling action, initial noise level 

and decay of the noise level are changing among the same combinations tested 

initially: 

 

Changing hyperparameters, part 4 

 

- Keeping fixed the values of: 

• Hidden Layers =  (6-12-24-48-24-12) 

• Actor Learning rate = 0.0005 

• Critic Learning rate = 0.0010 

 

- Trainings with different combinations of the following are launched: 

• Scaling Action = [+1.00, +1.78, +3.16, +5.62, +9.77] 

• Initial Noise level = 10^ [(-2.0), (-1.5), (-1.0), (-0.5), (+0.0)] 

• Decay Noise level = 10^ [(-5.0), (-4.5), (-4.0), (-3.5), (-3.0)] 

 

The plots of these 125 simulations are again divided in five heatmaps. 
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Fig. 36: Changing hyperparameters, part 4 - Max accumulated rewards  

 

Here the accumulated rewards are in general higher compared to the previous cases, 

which is a sign that a higher number of hidden layers leads facilitate the learning 

process. Nonetheless, there is still a strong dependency on the other variables. 
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- Despite the long series of iterative tests on the different combinations, the DDPG 

rewards were almost always higher than the previous cases. 

Just as example, the state space and action space related to a combination of 

hyperparameters that resulted in a particularly high rewards are shown below: 

 

Fig. 37: Trajectory, velocity, acceleration, torque, rewards of one good policy – DDPG agent 

 

The trajectory following is practically perfect and there are not relevant acceleration 

peaks (still a bit high sometimes, but these can be reduced only smoothing the 

trajectory setpoint). 



 

 

 


