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Layer Input Convolutional Neuron Activation Ooutput
kernel formula
Convl 84x84x4 3x3 32 ReLU 42x42x32
Conv2 42x42%32 3x3 32 ReLU 21x21x32
Conv3 21x21x%32 3x3 32 RelLU 11x11x%32
FCl 3872 465 ReLU 465
FC P 465 4 Softmax 4
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Layer Input Convolutional Neuron Activation Ooutput
kernel formula
Convl 84 x84 <4 3x3 32 ReLU 42x42x32
Conv2 42%42x32 3x3 32 Rel.U 21%21x32
Conv3 21x21x32 3x3 32 ReLU 11x11x32
Conv4 11x11x32 3x3 64 ReLU 6x6%64
FCl 2304 340 ReLU 340
EC P 465 4 Softmax 4
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Environment Teacher Student Student
Network Network 1 Network 2
Breakout 21.0 21.0 21.0
PONG 3140 384.0 329.0
Spacelnvaders 705.0 800.0 450.0
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