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Abstract

This paper addresses the real-time routing problem in Low Earth Orbit (LEO) satellite networks. Existing routing
algorithms have been found to struggle to adapt effectively to dynamic satellite network environments. As such, this
study proposes a reinforcement learning-based routing approach and implements it using a dueling deep Q-network
model. However, the inference process on satellites faces challenges in meeting real-time requirements due to limited
computational capabilities. To resolve this, we propose an approach that accelerates inference speed by parallelizing
the convolutional layer's inference process. Experimental results show that our proposed method has reduced the

computation time of the convolutional layer by 90.2% and the total algorithm execution time by 29.0% compared to
the existing methods.
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Table 2. Pseudocode for dueling deep Q-network

Algorithm 1: Dueling deep Q-network

Input: state
Qutput: value

1: :L’<—com)l(5tate)

x<— ReLU(z)

x<—conv2(x)

x<— ReLU(z)

x<—conv3(x)

x<— ReLU(z)

x<—conv4(x)
x<— ReLU(z)
r<—affine,(z)
x<— ReLU(z)
r<—affine,(z)
x<— ReLU(z)
o affine g, (@), ©,—affine, ()
T dv<—ReLU(xadv), T HR@LU(I,UGZ)
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16: Iadu(_mean(xadv)7 €T

oA

Ua.l(_ezpand(x'ual)
17: value <z 4, T+ 2,4

return value
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Table 3. Convolutional layer before refactoring

Algorithm 2: Baseline convolution
Input: in, weight, bias
Output: output

1 for n : do:
2 for i : do:
3 for j : do
4 for ¢ : do:
5. for p : do:
6: for g : do:
7 outputlnliillj] +=
weight[n]lcllallp] > inlc[li+pllj+a]
8 end
9 end
10: outputn]lillj] += bias(n]
11 end
12 end
13: end
14: end

return output
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Table 4. Proposed HW-based convolutional layer

Algorithm 3: Hardware—based convolution
Input: in, weight, bias
Output: output
12 for n: do

2 for i : do:
3 for j : do:
4 for ¢ : do
locallc] =
5: /\ /\
Z > weightinllcli¢][k] > inlclli+k]j+t)
=0t=0
6: end
7 outputln] Zlocal + bias[n]
8: end
9 end
10:  end
return output
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Algorithm 4: Hardware-based RelU

Input: x

Output: X

11 iflz & 0x8000): do
2: <0

return X
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Resource Utilization
LUT 196,739
LUTRAM 66,182
FF 110418
BRAM 5
DSP 144
BUFG 6
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Fig. 7. Routing environment
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