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Style transfer based on cross-layer correlation perceptual loss
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Abstract: Great success in deep-learning-based style transfer is accelerating the development of photo
artistic stylization applications. And the change of loss function from per-pixel loss to perceptual loss
based on the Gram matrix is the most critical part of this progress. Gram matrix shows good performance
in style feature extraction, but it only focuses on correlations among same level features. Therefore,
Gram matrix cannot be considered as a complete representation of styles. However, most of the research
focus on how to improve transfer speed by designing new model structure instead of analyzing and modify-
ing the Gram matrix. The cross-layer correlation matrix is used to calculate style loss function as a re-
placement or supplement to the Gram matrix. By experiments, it is shown that this method can reduce
20% of the calculation time in comparison with the Gram matrix method while yielding similar outputs.
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Fig. 2 Texture synthesis outputs
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Table 2 comparision of style transfer methods

WA 2 SRRk ] (s/3%4%)
(relul_1, relu2_1), (relu2_1, relu3_1) R oNiNia 0.048 3
(relul_1, relu2_1), (relu2_1, relu3_1) KAk 0. 046 4
relul_1, relu2_1, relu3_1 - 0.064 8
(relul_1, relu3_1), (relu2_1, relud_1) RNk ia 0.0525
(relul_1, relu3_1), (relu2_1, relud_1) Rk 0.048 6
relul_1, relu2_1, relu3_1, relud_1 - 0.069 5

(i) PEIBUMH R A RF RSN JZ T2 ] ELAH SCRE
75 10 Gram R G J7 VA 245 BIAH UK RO Sy, 6]
mE3E 3T, i relul_1, relu2_1, relu3_1=
ANFRAE B S22 19 Gram JE B9 5 125 R0 )23 8] B AF SCHE B
T AR AR B T AL A AR AR BB IR, T A

TRRIEWRSS JZ relud _1 5 09 = A A5 2R, RS
AR —E R B BRI S ST, JR =R
18 % 2 B oA W 9 8 (8 OR8], i i = 2 0
BA .

(i) JCIR 2 Gram i B J5 #5340 2 J2 W] AR SCHE
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Fig. 3 style transfer outputs
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