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Abstract

Deep-learning based style transfer has recently attracted great attention, because it provides high quality transfer results by
appropriately reflecting the high level structural characteristics of images. This paper deals with the problem of providing more
stable and more diverse style transfer results of such deep-learning based style transfer method. Based on the investigation of the
experimental results from the wide range of hyper-parameter settings, this paper defines the problem of the stability and the
diversity of the style transfer, and proposes a partial loss normalization method to solve the problem. The style transfer using the
proposed normalization method not only gives the stability on the control of the degree of style reflection, regardless of the input
image characteristics, but also presents the diversity of style transfer results, unlike the existing method, at controlling the weight
of the partial style loss, and provides the stability on the difference in resolution of the input image.
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(b) Test Results with A,(/)
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Fig. 2. Simulation results of the style transfer [5] with the changes of hyper-parameters
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Fig. 6. Simulation results of the proposed style transfer with the changes of hyper-parameters
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Table. 1. Subjective evaluation results on the appropriateness of style transfer

evaluation results for the images of Fig 2.(a) and Fig 6.(a)
it row im- | Fig 2.a) 1.0£0.00 1.340.48 2.3+0.48 4.3+0.48 4.970.30
ages Fig 6.(a) 1.0£0.00 1.840.40 4.240.40 4.840.40 5.00.00
o row im- | Fig 2.(a) 1.0£0.00 43+0.48 464052 3.6+0.52 354053
ages Fif 6.(a) 1.0£0.00 2.2+0.40 4.240.40 49+0.30 4.240.40
evaluation results for the images of Fig 2.(b) and Fig 6.(b)
5 row im- | Fig 2.(b) 1.840.42 1.940.36 2.040.00 424042 214031
ages Fig 6.(b) 2.540.50 2.9+0.30 2.840.40 454050 434046
2 row im- | Fig 2.(b) 1.3+0.48 1.040.00 1.140.32 45+053 124042
ages Fif 6.(b) 2.8+0.40 4.240.40 4.9+0.30 4.940.30 4.240.40
evaluation results for the images of Fig 2.(c) and Fig 6.(c)
15t row im- | Fig 2.(c) 2.040.00 45+053 1.4£052
ages Fig 6.(c) 3.340.48 4.7+0.48 212032
2 row im- | Fig 2.0) 2.040.00 45+053 1.0£0.00
ages Fif 6.(c) 2.1%£0.32 4.8+0.42 2.3+0.48
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