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2.5 APDrawingGAN: Generating Artistic Portrait
Drawings from Face Photos with Hierarchical GANs
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A b L—Z =0T RPER B L TS0y, BITn e
W T2, OREITW RN T-1), EB5TH AR [0, 0%
BlCwns Ty, LBCnsd 2] & Lz 5 mikEIEEEZ v
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RPN ER R TN b2 EE X TnA. FIFE L
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TV % Cycle Consistency Loss (22T pix2pix (ZEH~T
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<> Generator (2%} L C Discriminator 28583 & CL £ H & W
STHERH Y, T — & OB AT Z e S

T L — LV ADREL & WV o TR TS 2 E Rk D
Loy MU= ERHB Y A A 2ETST D52 L.
B AR BET 5 A, Discriminator
FEEEE ST THOLILEERNDH D EE X
TW5.

SE XM

[1]  “BUEERIER Y 7 b | B0 T.com”,
http://www.photo-kako.com/likeness.cgi, (ZHE H  2019-12-16)

2] BER, HEAWR, JIFEE, jtﬁ?% PEIFIMG 7> B O H ]

A DB HEVERL S AT AT % BB BT D
J,Hmm4au3ﬁm%ﬂ%&m7¢ 75, 830
pp.247-248, (2015)

[3] I Goodfellow. NIPS 2016 tutorial: Generative adversarial
networks. arXiv preprint arXiv:1701.00160, 2016.

[4] A. Radford, L. Metz, and S. Chintala.: Unsupervised
representation learning with deep convolutional generative
adversarial networks. In ICLR, 2016. 2

[5] Isola, Phillip, et al. "Image-to-image translation with conditional
adversarial networks." arXiv preprint arXiv:1611.07004 (2016).

[6] Jun-Yan Zhu, Taesung Park, Phillip Isola, and Alexei A. Efros.:
Unpaired Image-to-Image Translation using Cycle-Consistent

Discriminator D%

Adversarial Networks, in IEEE International Conference on
Computer Vision (ICCV), (2017)

[7] RanYi, Yong-Jin Liu, APDrawingGAN: Generating Artistic
Portrait Drawings from Face Photos with Hierarchical GANs,
CVPR ’19,pages10743-10752,2019.

[8] K. He, X. Zhang, S. Ren, and J. Sun. Deep residual learning for
image recognition. In CVPR, 2016

[9] Diederik P Kingma and Jimmy Ba. Adam: A
method for stochastic optimization. arXiv preprint
arXiv:1412.6980, 2014.

[10] G. E. Hinton and R. R. Salakhutdinov.: Reducing the
dimensionality of data with neural networks. Science,
313(5786):504-507, 2006.



