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Washi texture Interpolation Using Latent Spaces
Learned with Deep Generative Model

MAKOTO SATOH!

Abstract: This paper presents an interpolation method using latent spaces learned with a deep generative
model. The practicability of learning delicate textures is validated by learning Washi textures using DC-
GAN, one of the deep generative models. Then Washi textures are interpolated by generating texture images
similar to sample texture images used for training. Using the method many similar texture image patches
can be generated from a few Washi texture images. For this reason, the proposed method is suitable for
being used in real-time or interactive applications which need many similar texture images, as well as for
being used for generating japanese traditional materials.
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Algorithm 1 Learning Washi Textures

Prepare a Washi texture training image set W.
Prepare a DCGAN model to train the Washi texture images.
Prepare an empty set M to save trained models.
Set trained model saving epochs to E.
Set the maximum number of epochs for training to Nr.
n <+ 0
while n < Nt do
Train the model for one epoch using the training set W.
if n exists in ¥ then
Save current model in trained model set M.
end if
n<<n+1
end while
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FyEEHRTS. 78, TZAFYyDEKIZIE, T
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Algorithm 2 Washi Texture Interpolation Launcher

Prepare a Washi texture model D trained with DCGAN.
Select latent space points which are interpolated: p; and ps.

Generate texture images from p; and p, using D: T; and Tg respectively, T; is used as a reference texture image.

Compute SSIMs between T and T, and between T; and T2: C; and Cga respectively.

Set the number of SSIM intervals on which the textures are interpolated based: Ns.

Set the SSIM intervals S and interpolation ratios in latent space R:

S ={8:}={[5 S.]}, R={Ri}
such that Sy, < Cy, S

Tig

<« C27 Rl <~ 717 Sl, 2 Sr,,j Srj = Sl,

J+1

(1<i<Ng, 1<j<Ng).

Set current latent space searching interval (ratios): Lc= [Li,, Ly ] < [0, 1].

Set current SSIM searching interval: S¢ = [S1,, Sr. ] + [C1, C2].

Note: S and R; global scope and static allocation, L. and S¢; local scope and automatic allocation.

Set the maximum number of iterations at each recursive level of function WashiTextureInterpolation: Ni.

Call function WashiTexturelInterpolation ( D, L., Sc, T1, p1, P2, N1 )

Generate interpolating points pr, — (p2-p1) X Ri + p1 (1 <1 < Ng).

Generate interpolating texture images from pr, using D.

Algorithm 3 function WashiTexturelInterpolation ( D, L., S., T1, p1, pa, N1 )

n<+1
while n < N; do
if S1. < S;, then
return
end if
Compute current interpolation ratio: L¢ «— (L1, + Ly, )/2.

Generate current latent space point: pc < (p2 — p1) X Lc + p1.

Generate current interpolating texture image from p.; using D, and compute its SSIM C. using the reference image T}.

if Cc. > S;, and C. < 51, then

Find the index of the SSIM interval in which C. is contained: I..

Set Ry, to Le.
if I. > 1 then

Prepare new current latent space searching interval: Ly < [ L1, Lc].

Prepare new current SSIM searcing interval: S, + [ S1,, Srr._y ]

Call function WashiTexturelInterpolation ( D, Ly, Sn, T1, p1, P2, N1 )

end if
if I. < (size of S) then

Prepare new current latent space searching interval: Ly < [ Lc, Ly |.

Prepare new current SSIM searcing interval: Sy <= [S1,_,, Sr, |-

Call function WashiTextureInterpolation ( D, Ly, Sy, T1, p1, P2, N1 )

end if
else if C. < S;, then

Modify the current latent space searching interval: L. [Llc, L. ]

else if C; > S;, then

Modify the current latent space searching interval: L¢ < [ Lc, Ly, ].

end if
n<+<mn+1
end while

Note: S and R; global scope and static allocation, function arguments, L, and Sy; local scope and automatic allocation.

BERIZHW S SSIM 1 & B FAMUE I, EBAEEMEDR
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D 727 AF ¥ DFFIZIE, FEERET VOV LD
T#% DCGAN ZH Wz, 4 FEEONKD T 2 2 F v #i
o, ELEE AW CHEGERZBINT 22 21k, &F
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2 AF ¥ Xy F%, DCGAN Oiil#% (discriminator) @
AFED 7= D DY > FIVHEE (real image) & U THW. *
7z, DCGAN D4 H#F (generator) D ASIIZIE, [—1,1] D
—hkELE R 52 7. —RRELEE B2 DUk, FE U AR
B[, 1] DEEANTEI L&Y, FRICEMO T 2
AF XY EBERT S0 ThH5. JIIZHCZFKOT 7 2
F ¥ EGROFIE, K 1I12RT.

4.2 /T I R F v DER & HE
4.2.1 BEZEFENSOMET I R F v+ DERK

41 HIZPWTHFEE2 B I 7% 572 DCGAN O 4§84 % [
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E 1 DCGAN OFIFUZ V=R T 7 2 F v Hif D4
Fig. 1 Examples of Washi texture images used to train DCGAN.

B2 7YXLCHI U RBEREM LR S BRIl 7 2 F ¥

Fig. 2 Washi texture images generated from randomly-sampled latent space points.

B 3 FEUBEZER 2 W Mk T 27 A F v #fifH

Fig. 3 Washi texture interpolation using learned latent space.

B

M4 BIEZEEOX—L1 2K BHET 7 AF ¥ DERK

Fig. 4 Generating Washi texture images by zooming in of latent space.

5 &BbHYIC

HREAERETIVIZE D RO 2T 2 AF v 2%8 3
L2 ENHBETHD I L ER U, WBEER» ST 2
AF ¥ REFTHILIED, TI7AF ¥ DREOE(E
WoMPIIERBTIBEEMEERE L TWAZ 2R,

ZLT, FIZAFYORBIZESWTHIETF 2 2AF v %
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5 JEIRBEBIEICEED ST 2 A F v Dl

Fig. 5 Washi texture interpolation based on shape similarity: textures at both ends in

each row (blue edge) were generated from randomly-sampled latent space points.

Textures between the textures at the both ends were generated from interpo-

lating points between the randomly-sampled points. Top row: equal-spacing in-

terpolation. Bottom row: interpolation based on shape similarity using MSSIM

(algorithm 2, 3 in section 3.2). Each column of figure 5 correponds to each row

of table 1.

WBAEZERT A S A L7 7 2 2+ OFUMEE (MSSIM) 12 BT
B T ok

Table 1 Comparison in terms of the similarities (MSSIM) of

texture images generated from latent space between
interpolation methods: Interpolation ratio; the ratio
of distance between one end point for interpolation
and a interpolating point to distance between the end
points for interpolation, and shape similarity; MSSIM
between a reference texture image and the texture im-
age generated from the interpolating point in latent
space, are shown. A texture image generated from
the one end point was used as the reference texture
image. Equal-spacing interpolation method and in-
terpolation method based on texture image similarity
(MSSIM) are compared. Each column of figure 5 cor-

reponds to each row of table 1.

interpolation ratios similarities (MSSIMs)

equal algorithm equal algorithm
spacing 2,3 spacing 2,3
0.000 0.000 1.000 1.000
0.053 0.125 0.991 0.951
0.105 0.188 0.964 0.913
0.158 0.250 0.928 0.874
0.211 0.273 0.903 0.824
0.263 0.277 0.856 0.775
0.316 0.279 0.470 0.731
0.368 0.281 0.498 0.675
0.421 0.283 0.521 0.612
0.474 0.500 0.541 0.540
0.526 0.563 0.537 0.519
0.579 0.584 0.501 0.458
0.632 0.586 0.308 0.410
0.684 0.588 0.281 0.354
0.737 0.625 0.259 0.310
0.789 0.750 0.238 0.255
0.842 0.906 0.220 0.178
0.895 0.922 0.197 0.139
0.947 0.938 0.085 0.102
1.000 1.000 0.054 0.054
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