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[Abstract]

Deep Q-Learning (DQL) is a representative deep reinforcement learning method. Deep Q-Network
(DQN), based on DQL, has improved the performance by replaying past experiences stored in a replay
memory. In the DQN, past experiences are randomly sampled from a single replay memory for training.
This paper proposes a heuristic-based approach using multiple replay memories to further enhance the
performance of DQL. Specifically, experiences are categorized based on knowledge of the target
problem and stored in their corresponding replay memories. During training, a fixed number of
experiences are randomly sampled from each replay memory. The proposed method was applied to the
Cart Pole, the Mountain Car, and the Ball Avoider problems, and comparative experiments were
conducted to compare with existing methods. The experimental results show that the proposed method

can significantly improve the performance of DQL.

» Key words: Reinforcement Learning, Deep Q-Learning, Deep Q-Network, Replay Memory,
Multiple Replay Memories
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1: Initialize replay memory D to capacity N
2: Initialize action-value function Q(s,a)
3. for episode = 1, M

4 Initialize current state s; to starting state

5 fort =1, T

6: With probability e select a random action g,

7: else action ¢, = argmaz,Q(s,, a)

8 Execute a, and observe reward r,, next state s, ;
9 Store transition (s, .a,.r,.s, ;) in D

10 Sample C' random transitions (s;,a;,r;.s; ;) from D
11: if s;,, is terminal state

12: Y =T

13: else

14: y; = r;Hymaz, Q(sﬁl a)

15: Perform a gradlent descent on (y; (s a; )

Fig. 2. DQN Algorithm

2. Prioritized Experience Replay (PER)
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1: Initialize replay memory D to capacity NV
2: Initialize action-value function Q(s, a)
3 Initialize parameter values a, 3
4 for episode = 1, M
Initialize current state s; to starting state
fort =1, T
With probability e select a random action «,
else action @, = argmaz ,Q(s,, a)
Execute a, and observe reward r,, next state s, ,
10: Store transition (s, .a,.r,.s,, ;) in D with maximal
priority p,=1 if the first step else max; p,
11 Sample C transitions (SJ ST sﬁl)fromeith
probability P(j) =p}/ =0
12: Compute importance-sampling weight
w; = (N o P(j))fﬁ/nm w,
13: Compute TD-error(d;) by expression (1)
14: Update transition pnonty P = |5j|
15: if s;,; is terminal state

16: Y =Ty

17 else

18: Y =Ty +7max Q(sﬁl d)

19: Perform a gradlent descent on w; = (y; - Q(sj, aj))z

Fig. 3. PER Algorithm
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3. Target Problems
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Fig. 4. Cart Pole System

Table 1. Definition of the Cart Pole Problem
Item Explanation
Action | 0 : Push cart to the left
- 1 2 Push cart to the right
- Cart position(x) : -48 ~ 4.8
State - Cart velocity(x) : -Inf ~ Inf
- Pole angle(f,rad) : -0.418 ~ 0.418
- Pole angular velocity(€) : -Inf ~ Inf
Reward |- +1 for each step
Starting |- Each state value : random in range (-0.05,
State 0.05)
. - Pole angle > £12° (fail)
Tesrtrztlzal - Cart position > 2.4 (fail)
- Episode length = 500 steps (success)

3.2 Mountain Car
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Fig. 5. Mountain Car System

Table 2. Definition of the Mountain Car Problem

Item Explanation
- 0 : Accelerate to the left
Action -1 : Don’t accelerate
- 2 ¢ Accelerate to the right
- Car position(z) : -4.8 ~ 4.8
State - Car velocity : -0.07 ~ 0.07
Reward |- -1 for every step
Starting |- Car position : random in range (-0.6, -0.4)
State - Car velocity : 0
Terminal |- Car position > 0.5 (success)
State - Episode length = 200 steps (fail)

=v, + (action — 1) X Sforce —cos (3 ><pt) X gravity (2)

=p;tu (3>

Vi41

Pr1

3.3 Ball Avoider
Ball Avoider A= Fig. 6
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Fig. 6. Ball Avoider System

Table 3. Definition of the Ball Avoider Problem

Item Explanation
- 0 : Turn to the East
Action -1 ¢ Turn to the West
- 2 Turn to the South
- 3 1 Turn to the North
- Ball position(x, y) : (0 ~ 799, 0 ~ 399)
- Green ball velocity(x, y) : (10, 0) or (-10, 0)
State r (0, 10) or (0, -10)
- Red ball velocity(x, y) : (=10 ~ 10, -10 ~ 10)
Reward |- +1 for each step
- Green ball position : (400, 200)
- Green ball velocity @ (10, 0)
Starting |- Red ball position : random in range [50, 350]
State or range [450, 750]
- Red ball velocity : random in range [-10, -1] or
range [1, 10]
. - Collision with the red ball (fail)
Terminal .. . .
State . Co!llsmn with the wall (fail)
- Episode length = 500 steps (success)

III. Multiple Replay Memories Approach
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The others 1000| 64
1 - 3000| 128
l\::iL:]n Move right and Accelerate right 1000| 43
Car 3 | Move left and Accelerate left 1000| 43
The others 1000| 42
1 - 30000| 640
Collision with the wall 2000| 256
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IV. Experimental Results
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Table 5. Parameter Settings

Parameter Card Eole/ Ball Avoider
Mountain Car
# of hidden layers 4 9

4096, 2048, 1024,

# of neurons in 512, 256, 128, 64,

each hidden layer 256, 128, 64, 32

32, 16

learning rate 0.001 0.0001
Initial e 0.9 0.3
final € 0.01 0.01
discount factor 0.9 0.9
# of episodes 1000 30000
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Table 6. Success Count in Cart Pole

Metric SRM PER MRM
Average 30.53 157.97 54.93
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Fig. 7. Experimental Results on Cart Pole
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Fig. 9. Experimental Results on Ball Avoider
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Table 9. Type-wise Selection Similarity w.r.t. MRM12
in Ball Avoider

Trial Success Step Euclidean

e Number Count Count Distance
1 1038 157.64 157.73
MRM3 2 168 102.23 196.38
3 56 70.80 250.70
1 2 63.60 811.23
PER 2 5 59.44 810.31
3 1 55.80 819.09
1 0 50.62 857.46
SRM 2 1 45.55 859.83
3 0 44.87 867.88

V. Conclusions and Future Works
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