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Abstract

Aiming at the problem that the icon design process is very long and complicated in the real world,
with the reference of actual icon design process, an icon generation model based on the generative
adversarial network model is proposed based on the actual icon design process. First, the re-
quirements given by the user are converted into conditional features and passed into the genera-
tor to generate icons together with the noise data, and then the generated icons and the real icons
are the input of the discriminator. The discriminator evaluates the icon is real or not and the icon
meets the required features. Finally, the generator and discriminator come to a balanced state
through the iterative training. The experiment shows that the model can quickly generate a varie-
ty of icons and the icons can meet the requirements given by user.
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Figure 1. Icon design flowchart
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Figure 2. Icon generate model
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Figure 3. Generative adversarial networks model
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Figure 4. Conditional generative adversarial networks model
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Figure 5. Auxiliary classifier generative adversarial networks model
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Figure 6. Icon generate model
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Table 1. Icon generate network parameters table
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EHRA B jiS R 3—1k Dropout P R A
AR Input: 150 % 1% 1

E

Linear N/A N/A 768 i 0 ReLU
Transposed Convolution 5x5 2x2 384 & 0 RelLU
Transposed Convolution 5x5 2x2 256 & 0 RelLU
Transposed Convolution 5x5 2x2 192 = 0 ReLU
Transposed Convolution 5x5 2x2 3 5 0 Tanh

Y% Input: 128 * 128 * 3

Convolution 3x3 2x2 16 5 0.5 Leaky ReLU
Convolution 3x3 1x1 32 = 0.5 Leaky ReLU
Convolution 3x3 2x2 64 = 0.5 Leaky ReLU
Convolution 3x3 1x1 128 = 0.5 Leaky ReLU
Convolution 3x3 2x2 256 = 0.5 Leaky ReLU
Convolution 3x3 1x1 512 = 0.5 Leaky ReLU

Linear N/A N/A 11 5 0 Soft Sigmoid
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Figure 7. Icons generate by generate model
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Figure 8. Real icons sample from dataset
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