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Abstract

Today, with the advancement of Al, self-driving robots have been developed to complement human labor. However,
in the case of rough terrain, there are limits to the learning of autonomous robots through a single simulation due to
the complex environment and variable factors. To complement this, this paper proposes a reinforcement learning method
that uses the sA2C algorithm to learn one model in multiple environments, and conducted an experiment to construct a
multiple rough terrain environment and apply learning of various variable elements to an autonomous robot. .
Additionally, a performance comparison between the existing A3C algorithm and the proposed sA2C algorithm was
conducted, and the experimental results showed that the sA2C algorithm had a lower actor loss value of 48.28%, a
critic Loss value of 44.63%, and a higher average reward value of 43.09% than the A3C algorithm.
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Table 1. sA2C algorithm pseudocode

Input : one local network agent’s parameters Oi
Qutput : global network’s shared parameters Oglobal
1. Initialize local network : sA2C local network

2. Initialize environment, state, done

4. while global episode < max episode do

5. action = get action(state)

6 done, reward, next state = env.step(action)
7 Update global values with lock

8. train model(state, action, reward, next state,
done)

9. if done then

10. Increment global episode

11. end if

12. end while

13. function train model(state, action, reward, next

state, done)

14, Calculate m, value from local network

15. target value = reward + y - (1-done) + value
16. criticr loss = 1/2(target valeu - value)?

17 advantage = target value - value

18. actor loss = -En(logn(als) - advantage)

19. Calculate Q-value

20. Zero global optimizer gradient

21. Backward total loss

22, Q values = global Q valuesl:]

23. softmax weights = softmax(Q values)

ZA]f. importance = softmax weightsllocal network
id

5. Oadjusted = ©i + importcane

26. Update global network parameters using
Oadjusted

27. Load Bglobal into local network

28. end function
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Table 2. Differences between a single virtual environment
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Classification Smgle virtual Real environment
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Table 3. Parameters used for training

Parameter Value
Discount factor 0.90
Learning rate 0.000025

Maximum steps per
episodep i 50000
Maximum episode 500
Hidden layer1 128
Hidden layer2 64
Actor size 4
Episode 500
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Fig. 5. Actor loss graph of sA2C and A3C
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Table 4. Loss and average compensation values for each
algorithm

Classification A3C algorithm | Proposed model
Maxdmum 00598 0.0969
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