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Mapping Wind Chime Sounds to Washi Texture Latent Spaces
for Generating Dynamic Small Multiple Textures

MAKOTO SATOH!

Abstract: This paper presents a method for generating Washi Small Multiple Textures varying with wind
chime sounds. In the method, first, fine Washi textures are learned using a deep generative model. Next,
interpolated point sequences in the latent space of the learned model, which are used for generating a lot of
texture sequences with similar variations, are searched based on an interpolated texture sequence between two
pre-selected textures. Then, sound spectrograms are mapped to the searched interpolated point sequences,
to relate Washi textures, visual information, to wind chime sounds, audio information. In experiments, the
similarities between the generated texture sequences were evaluated with a visual similarity measure. The
method is suitable for creating artistic contents representing relaxing japanese traditional ambiente.
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Algorithm 1 Generating dynamic Small Multiple Tex-

tures
Step 1: Learning Washi textures

Prepare a Washi texture training set D.
Train a DCGAN model using D.

Step 2: Generating Small Multiple Textures
Generate randomly textures using the trained model.
Select favorite textures from the generated textures.
Generate texture sequences of Small Multiple Textures M
similar to the selected textures.

Step 3: Generating dynamic Small Multiple Textures
Prepare wind chime sounds W.
Generate dynamic Small Multiple Textures using W and M.
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Algorithm 2 Generating Small Multiple Textures

This algoritm is the portion of the algorithm 1 (Step 2).

Step 2-1: Generating Washi textures randomly
Generate Washi textures using the generator G of the DCGAN model trained in algorithm 1 (Step 1).

Step 2-2: Selecting favorite textures
Select favorite textures 77 and T from the generated textures.
Set p1 and p2 to the latent space point from which 77 and T2 are generated.

Step 2-3: Generating an interpolated texture sequence between the selected textures
Generate interpolated textures between the selected textures 77 and Ts using a texture interpolation method based on
visual similarity. The latent space points p1 and p2 are used as interpolation end points. (For detailed description see ref. [10].)

Step 2-4: Computing the visual similarity between the selected textures
Compute the SSIM Cs between Th and T, using T as a reference image.

Step 2-5: Generating similar texture sequences

Set the total number of generating texture sequences to Nr.

n<+1

while n < Nt
Search a latent space point pr randomly such that Cs > Cr, where CR is the SSIM between the texture generated from pr
and T7.
Set the total number of generating textures in one texture sequence to Ng.
Launch algorithm 3 using G, pi1 ,pr, Ns and Cs to generate a texture sequence similar to the one generated in Step 2-3.

Note; The first Ng — 1 of the generated texture sequence form a similar texture sequence.

G , p1 and pr coresspond to D, p; and p2 in algothtm 3 respectively.

end while

Algorithm 3 Washi Texture Interpolation with three SSIMs Launcher
Prepare a Washi texture model D trained with DCGAN.
Select latent space points which are interpolated: p; and p,.
Generate texture images from p; and p, using D: T and T% respectively, T is used as a reference texture image.
Compute the SSIMs between 77 and T4, and between 77 and T>: C) and Cy respectively.
Set the number of SSIM intervals: Ns.
Set the SSIM intervals S and interpolation ratios in latent space R:
S ={8i} = {5, S 1}, R={Ri}
such that S, < C1, Sy, + Cs, Sy, « C2, Ri < —1, S1;, > Sy, Sr; =51, (1<i<Ns,1<j<Ns).
Set current latent space searching interval (ratios): L.= [Li,, Ly ] < [0, 1].
Set current SSIM searching interval: S. =[S, 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 the iterations at each recursive level of function WashiTextureInterpolation: Nj.
Call function WashiTexturelInterpolation( D, L., Sc, Th, p1, p2, N1 ) (For detailed description of this function see ref. [10].)

Generate interpolated points pr, < (p2-p1) X Ri + p1 (1 <i < Ng).
Generate interpolated texture images from pr; using D.

T 2ERTE. 22T, Ty BEY Ty i2HI6d 2ELE Step 2-5-1 FLBUZ K D EEZEM LD K pr 2 EKT 5.
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WTC, SRMZBEBEICED L T2 AF v il FiE [10] 12 SSIM (CR) %#3tH T 5. Cs > Cr %i7=HIX Step 2-
0, Ty BLU T, 2l ObiR e U THEl T 2 2 F ¥ 41 5-2 1THED. SefE RN S IR NGAITIE, IROTLEE &
ZHT 5 (Step2-3). RiZ, Ty zsREHE LT, Ty RUBOSRMHEEZBZ725. BOELURIELTDOH
@ SSIM(Mean Stractural Simiarity) [15] (Cs) ZFHE 3 5 E UKD IR U ZBA 25561218, Step 2-5
(Step 2-4). Hf&IZ Step 2-5 Tl%, HKT 2HLRT 2 DIRDIEDIRLZB IS,

AF v FI OB DOETIREREDELB I . Step2-5-2 7V IV XL 3 EHAWVWT, Step2-3 THERK
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Fig. 1 Examples of Washi texture images used to train DCGAN.
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Fig. 2 Washi texture images generated from learned latent space.
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(a) Step 1: randomly generated Washi textures. The second and fourth
textures from the left were selected to be used in the next step.
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(b) Step 2: texture sequence which was generated so as to interpolate be-
tween the selected textures at step 1. The selected ones are at both ends.
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(c) Step 3: texture sequences generated so as to have the feature variations

similar to the sequence generated at step2.
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Fig. 3 Generating Washi texture sequences with similar feature variations. MSSIM

was used for a visual similarity measure.
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Fig. 4 Wind chime sound waveform and spectrogram. The spectrogram are composed

of 300 spectra.
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Fig. 5 Generating dynamic Washi textures using the wind chime sound spectrogram in

Figure 4: the generated texture sequence and the similarities (MSSIMs) between
the generated textures and a reference image. The textures was generated with
the 24th to the 61st FFT spectra.
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