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Content Generation with NN
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Basic Assumption of Style Transfer

Jd AREIO|LE O82 H#e| thael LE(Content)2t e E4Ql 2E[2(Style)0] EX5IH Ol= 1= 7HS5IChd A2t

J Question: Li22 2 SX|6MH A AEFQIOF HHE £~ QI X| oF=27)}?




General Approach for Neural Style Transfer
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Neural Style Transfer Framework
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Content Representation: Loss Function

a 1% layer2| Content Loss= Of2liet 20| H2|E!
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Style Representation: Gram Matrix
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Style Representation: Loss Function
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Loss Function Summary
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Results
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The Effect of Matching Content Representation in Different Layers

1 A9 layer2| feature map2 content representation2 2 A28 8 o= ML I} MallX|= 212 &9l 7ts

Content Image
»

Conv4_2

AA700



Photorealistic Style Transfer Result

4 8l A= Artistic style transferg§ SH 2= TS0 MX|T photorealistic style transferdj|= 0|82 + S

Style Image Content Image

Figure 7. Photorealistic style transfer. The style is transferred from
a photograph showing New York by night onto a picture showing
London by day. The image synthesis was initialised from the con-

tent image and the ratio /3 was equal to 1 x 102 ‘ @Y@ m
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Gatys, Ecker, and Bethge, “Image style transfer using convolutional neural networks”, CVPR 2016
Figure adapted from Johnson, Alahi, and Fei-Fei, “Perceptual Losses for Real-Time Style Transfer and
Super-Resolution”, ECCV 2016. Copyright Springer, 2016. Reproduced for educational purposes.
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Deep
Photo Style Transfer




Photographic Style Transfer
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Differences between Neural and Photo Style Transfer

A MHA| == fXet HElSt Loss Function= $173610] 7| & M| & SllZ35l1! Photo Style Transfer 161

<Loss Function of Neural Style Transfer>

Etotal (ﬁa C_I:, f) — aﬁcontent (ﬁa f) =+ 5£style (67 f)
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<Loss Function of Deep Photo Style Transfer>
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AA700



Photorealism Regularization
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“Seek an image transform
_ - . that is locally affine in color space, that is, a function such that for
Minimize:

each output patch, there is an affine function

that maps the input RGB values onto their output counterpars.” @Y@m

A.Levin,D.Lischinski,andY.Weiss.Aclosed-formsolution to natural image matting.
IEEE Transactions on Pattern Analysis and Machine Intelligence, 30(2):228-242,2008. 2, 4



Augmented Style Loss with Semantic Segmentation
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Semantic Segmentation Issues

d Semantic Segmentation?| Z3E AIE3=0| A0 R 71X| O]+ Areto] =xiet
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@)
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L.-C.Chen,G.Papandreou,l.Kokkinos,K.Murphy,andA_.L. Yuille. Deeplab: Semantic image segmentation with deep
convolutional nets, atrous convolution, and fully connected crfs. arXiv preprint arXiv:1606.00915,2016.2,4,5



Review of Loss Function

1 &= Style Loss& Semantic maskE 0|835}0] 2135111, Photorealism Regularization Term= F7}¢t:
1) AIRIS] EME {KISH| Structure preservation2 X[7| 12

2) Semantic accuracy®t transfer faithfulness (0Lt AEIYUS & BHdst=X)E =Q!

ke

1 Random Noise Image0iM HI2 Z3l ImageE YM5IX| %10 2-step optimization W Al
- 1XIH S 2 7|& Neural Style Transfer 22 O|0|X|E MM &t

- 71& BHEIo| ANE 7| Input X2 MA™ ot = Deep Photo Style Transfer 22 sl

<Loss Function of Deep Photo Style Transfer>
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Input X2} Style Input?|
Feature map?| Gram matrix X}O|
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Results - Photorealism Regularization Parameter

J Photorealism Regularization Term2| WeightS S7tAZ+5 AFEZEQ AFZE O[0]X|7} Y EE|l= AS &2

<Loss Function of Deep Photo Style Transfer>

L L
Liotal = Z Oéeﬁﬁ + T Z /Beﬁﬁ_g_ + AL,
[=1 =1

2EIE Y A0S AR |X|5H7| #let

Loss Function

Input X2} Content Input2|
Feature map 2} X}0|

l _» (Photorealism Regularization)

G—

(Semantic2 112{sh

Input X2} Style Input2|
Feature map2| Gram matrix X}O|

(a) Input and Style b)A=1 (c) A = 102 (d) X = 10% ourresult  (e) A = 10° ) A = 10°

Figure 3: Transferring the dramatic appearance of the reference style image ((a)-inset), onto an ordinary flat shot in (a) 1s
challenging. We produce results using our method with different A parameters. A too small A value cannot prevent distortions,

and thus the results have a non-photorealistic look in (b,c). Conversely, a too large A value suppresses the style to be transferred
yielding a half-transferred look in (e,f). We found the best parameter A = 10* to be the sweet spot to pr(}duce our result (d)
and all the other results in this paper.
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Results - Structure Preservation

1 CIE Neural Style Transfer 2 &

)

: 20 =B i
-: Y 1‘&3#3
’ " ——— - —

@i A - |- E

ety ‘ |

=t B

(a) Input image (b) Reference style image (c) Neural Style (d) CNNMRF (e) Our result

Figure 4: Comparison of our method against Neural Style and CNNMRE. Both Neural Style and CNNMRF produce strong @ / @‘ ' l
distortions in their synthesized images. Neural Style also entirely ignores the semantic context for style transfer. CNNMRF

tends to ignore most of the texture in the reference style image since it uses nearest neighbor search. Our approach is free of
distortions and matches texture semantically.



Results: Transfer Faithfulness

= =

d ContentZ 2l|551X| i1, MAHOE 84Sl = Global style transfer 2t =1} Z 1} H|w

(a) Input image (b) Reference style image (c) Reinhard et al. [12] (d) Pitié etal. [11] (e) Our result @‘/@ r T \
Figure 5: Comparison of our method against Reinhard et al. [12] and Pitié [11]. Our method provides more flexibility in

transferring spatially-variant color changes, yielding better results than previous techniques.



Results: Time of Day and Manual Segmentation

1 7|Z& AlZ (Time of Day)2 #Z5t= RHWE2| Z1i9} H]|w
(7|2'|—S HIHS2 EX ALRIQ| EfRlEi A HI|C|Q S &HA1510] A|7He| HEI= E%@')

(a) Input image (b) Reference style image (c) Our result (d) Shihetal. [15]

Figure 6: Our method and the techique of Shih et al. [15] generate visually satisfying results. However, our algorithm requires
a single style image instead of a full time-lapse video, and it can handle other scenarios in addition to time-of-day hallucination.

I
o
ol

1 Semantic Segmentation= £1& manualsi/| 238 4%, H6t= 2|0 H6t= Style= &

(d) Input (e) Our result

(a) Input (b) Reference style (c) Our result
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Wrong Results

1 Content Input2 Reference Style Al AlO] Semantic label2| 2t210| iR 52 AL, EX| 42 ZIE HO{S

(a) Input (b) Reference style (c) Our result

Figure 8: Failure cases due to extreme mismatch.
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Evaluation of Transfer Model

d Deep Photo Style Transfer 22| Auje} 7|E WHZ2| AulE H|wst7| £|510] 35-40 Hof|AH| BEZZAL Tl
Jd "o 7|E2 of2ll & 7HX| 2+=0]0d, 4 Likert Scale= gh= HWI| Tl
1) Photorealism: 20t Z1H=0| Ar2 217}

2) Style Faithfulness Preference: Z1t=20| Style2 & Htdst

not

photorealistic photorealistic
f 0 N 3 ;1. chance (25%)
Photorealism &=2= | > > Style faithfulness preference &2
7|Z= NN 7|4t Style Transfer HFEHHC} Histogralp.t’ransfer . HistograITl.t’ransfer 58% 7|Z= E7|& 0l "t =7}
e o - _ (Pitié et al.) | 3 14+0.38 (Piti€ et al.) 3
S| =2 E7IE BHU2n, ; Photoshop Match Color 7|SEC}
Neural Style Statistics transfer 2E= O I HI2
Gatysetal) |~ . (Reinhard et al.) I4°6% 25517 =2 87t= &S
RCHEIO| i 1.46+0.30
S| PhotorealisticOf| sitsl= E+E 22 ol — VASIOSOP | 2 99
(Liet al.) 1.43:0.37 atch Color
our algorithm - our algorithm 86.8%
_12.71£0.20
(a) Photorealism scores (b) Style faithfulness preference

Figure 9: User study results confirming that our algorithm
produces photorealistic and faithful results.
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Discussion
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