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शΛ༻͍ͨۙࣅλΠϧΞʔτը૾ੜख๏ʹ͍ͭͯఏҊ͢Δɽ݁Ռͱͯ͠ɼฒྻख๏ͷ GPU࣮ͱػ
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Tile Art Image Generation Methods using Local Search and
Machine Learning

Naoki Matsumura1,a) Hiroki Tokura1 Yuki Kuroda1 Yasuaki Ito1 Koji Nakano1

Abstract: The main contribution of this paper is to show a non-photorealistic rendering for high quality tile
art image generation with squares by pasting square patterns on canvas. Our technique is a method using the
local search inspired by the characteristic of the human visual system to optimize generated images. Although
it can generate high quality tile art images, a lot of time is necessary. Hence, we have proposed a parallel
method using a graphics processing unit (GPU) to accelerate the computation. Also, for further speed-up,
we have proposed an approximate tile art image generation method using machine learning. As a result,
GPU implementation with the parallel method and GPU implementation with approximate method using
machine learning can achieve a speed-up factor of 160 and 370000 over the sequential CPU implementation
with parallel method, respectively.
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1. ͡Ίʹ

ඇ࣮ࣸతը૾ੜͱ༉ֆɼਫ࠼ըɼඳըɼλΠϧΞʔ

τɼϞβΠΫΞʔτͳͲͷܳज़දͨࣅʹݱΠϝʔδΛੜ

͢Δը૾ॲཧٕज़Ͱ͋ΔɽλΠϧΞʔτͱɼݩلલ͔Β

ΨϥثͰ͋ΔɽλΠϧΞʔτɼ࣓ܳʹଓ͘ඒज़ݱ

εͰ࡞ΒΕͨλΠϧΛɼೖྗը૾Λ͢ݱ࠶ΔΑ͏Ωϟϯό

εʹஔ͘͜ͱͰ࡞͞ΕΔ.
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ຊڀݚͰɼਓؒͷ֮ࢹಛੑʹ͍ͨͮجλΠϧΞʔτը

૾ੜख๏ΛఏҊ͢Δɽೖྗը૾͕༩͑ΒΕͨͱ͖ɼ৭

͖ͷਖ਼ํܗλΠϧΛΩϟϯόεʹ 1ຕ 1ຕஔ͍͍ͯ͘͜ͱ

ʹΑΓɼೖྗը૾Λ͢ݱ࠶ΔλΠϧΞʔτը૾Λੜ͢Δɽ

λΠϧͲ͏͕͠ॏͳΒͳ͍طଘख๏ [1]ͱҟͳΓɼຊڀݚ

ͰλΠϧͷॏͳΓΛڐ༰͢ΔɽఏҊλΠϧΞʔτը૾Λ

ਤ 1ʹࣔ͢.

ΑΓ࣭ͷ͍ߴλΠϧΞʔτը૾Λੜ͢ΔͨΊɼ[2]ͷΑ

͏ʹɼਓؒͷ֮ࢹಛੑʹ͍ͨͮجධՁΛ͏ߦɽਓؒͷʹ

Ө͞Εͨը૾ɼΦϦδφϧͷը૾ͱൺֱͯ͠গ͠΅

͚ͨը૾ͱͳΔɽ͜ͷӨ͞Εͨը૾ɼਓؒͷ֮ࢹಛੑ
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Fig. 1 Proposed tile art image
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ਤ 2 Խख๏ߴ

Fig. 2 Acceleration method

ͷಛʹྨͨ͠ࣅΨγΞϯϑΟϧλΛ༻͍ͯ͢ࢉܭΔɽ

ΑΓೖྗը૾ʹۙͨ͠ࣅλΠϧΞʔτը૾Λੜ͢ΔͨΊ

ʹɼೖྗը૾ͱӨ͞Εͨը૾ͷϐΫηϧͷًͷࠩͷ

૯ͱఆٛࠩ͢ޡΛܭ߹Λ༻͍ͯλΠϧΛஔ͘ɽ͜ͷܭ߹

Δɽ͜ͷࠩޡ૯Λখ͘͢͞ΔΑ͏ʹɼ1ຕ 1ຕλΠϧΛ

ஔ͍͍ͯ͘ɽҎԼͰɼ͜ͷૢ࡞Λہॴ୳ࡧ๏ͱݺͿ͜ͱ

ʹ͢ΔɽλΠϧΛஔ͍ͯࠩޡ૯͕খ͘͞ͳΒͳ͔ͬͨ

߹ɼૢ࡞Λऴྃ͠ɼλΠϧΞʔτը૾ͱͯ͠ग़ྗ͢Δɽ

͔͠͠ͳ͕Βɼ͜ͷλΠϧΞʔτը૾ੜख๏ྔࢉܭ

͕ലେʹͳΔͨΊɼߴԽख๏ʢ̍ʣGraphics Processing

UnitʢGPUʣΛ༻͍ͨฒྻख๏ɼʢ̎ʣػցֶशΛ༻͍ͨ

λΠϧΞʔτը૾ੜख๏ΛఏҊ͢Δɽࣅۙ

GPUΛ༻͍ͨฒྻख๏Ͱɼ1ຕ 1ຕஔ͍͍ͯͨλΠϧ

Λಉ࣌ʹஔ͘͜ͱΛ͑ߟΔɽ͜ͷΞϧΰϦζϜΛ GPUʹ

࣮͠ɼಉΞϧΰϦζϜͷ CPUஞ࣮࣍ͱൺֱͨ͠ͱ͜

Ζɼ 160ഒͷߴԽΛୡͨ͠ɽ

·ͨɼߋͳΔߴԽͷͨΊɼػցֶशΛ༻͍ͨۙࣅλ

ΠϧΞʔτը૾ੜख๏ʹ͍ͭͯ։ൃͨ͠ɽ͜ͷख๏Ͱ

ɼGenerative Adversarial Network[3]Λ֦ுͨ͠ Condi-

tional Generative Adversarial Network(cGAN)[4]ͱDeep

Convolutional GANʢDCGANʣ[5]ͷΞΠσΟΞΛ༻͠

͍ͯΔɽ͜ΕΒͷΞΠσΟΞɼࣸਅͷ৭͚ [6]ɼܽམ͠

ͨը૾ͷमਖ਼ [7]ͳͲʹΘΕ͍ͯΔɽֶशʹ༻͍Δσʔ

ληοτɼہॴ୳ࡧ๏ʹΑͬͯੜͨ͠λΠϧΞʔτը

૾Λ༻͍ͯ࡞͢Δɽ͜ͷΞΠσΟΞΛ GPUʹ࣮͠ɼ

ฒྻख๏ͷ CPUஞ࣮࣍ͱൺֱͨ͠ͱ͜Ζɼ 37ສഒͷ

ԽΛୡͨ͠ɽߴ

Խख๏ͷ֓ཁΛਤߴͰઆ໌ͨ͠ೋͭͷه্ 2ʹࣔ͢.

ਤ 2ͷ্ଆ͕ GPUΛ༻͍ͨฒྻख๏ʹΑΔλΠϧΞʔτ

ը૾ੜΛ͓ࣔͯ͠Γɼೖྗը૾ʹ͚ۙͮΔΑ͏Ωϟϯό

εʹλΠϧΛஔ͍͍ͯ͘͜ͱͰλΠϧΞʔτը૾Λੜ͢

Δɽਤ 2ͷԼଆ͕ػցֶशʹΑΔۙࣅλΠϧΞʔτը૾ੜ

Λ͓ࣔͯ͠Γɼೖྗը૾ΛλΠϧΞʔτը૾ੜثʹೖ

ྗ͢Δ͜ͱͰۙࣅλΠϧΞʔτը૾Λੜ͢Δ.

2. ਓؒͷ֮ࢹಛੑʹ͍ͨͮجλΠϧΞʔτը
૾ੜ

ຊઅͰɼਓؒͷ֮ࢹಛੑʹ͍ͨͮجλΠϧΞʔτը૾

ੜʹ͍ͭͯઆ໌͢Δɽ࠷ॳʹɼࠩޡ૯ͷํࢉܭ๏Λઆ

໌͢Δɽ࣍ʹɼ1ຕ 1ຕλΠϧΛஔ͘ख๏Ͱ͋Δہॴ୳ࡧ

๏Λઆ໌͢Δɽ͜ΕΒઆ໌্ɼάϨʔεέʔϧը૾ʹͭ

ʹ࣌ɼಉʹޙ࠷Χϥʔը૾ʹ֦ு͢Δɽޙɼͦͷ͑ߟ͍ͯ

λΠϧΛஔ͘ฒྻख๏ͱ GPU࣮ʹ͍ͭͯઆ໌͢Δ.

2.1 ࢉܭ૯ͷࠩޡ

ը૾αΠζ N ×N ͷਖ਼ํܗͷೖྗը૾ A = (ai,j)Λߟ

͑Δɽ͜͜Ͱɼai,j ࠲ඪ (i, j)(1 ≤ i, j ≤ N)ʹ͓͚Δൣ

ғ [0, 1]ͷ࣮Ͱ͋ΔɽຊઅͰઆ໌͢ΔλΠϧΞʔτը૾

ੜख๏ɼAΛ͢ݱ࠶ΔΑ͏λΠϧΛෳຕஔ͍ͯੜ

͞Εͨग़ྗը૾ B = (bi,j)ΛಘΔ͜ͱΛతͱ͢Δɽग़ྗ

ը૾Bͷ࣭ͷྑ͞ɼਓؒͷ֮ࢹಛੑͷಛͱྨͨ͠ࣅΨ

γΞϯϑΟϧλΛ༻͍ͯࢉܭͰ͖ΔɽΨγΞϯϑΟϧ

λΛ G = gp,q ͱ͢ΔɽΨγΞϯϑΟϧΞ Gͷେ͖͞

(2w + 1) × (2w + 1)Ͱ͋Γɼ֤ཁૉ gp,q(−w ≤ p, q ≤ w)

ͷɼશཁૉͷ૯͕ 1ʹͳΔೋݩ࣍ਖ਼نͷඇෛͷ

࣮Ͱ͋Δɽͭ·Γ֤ཁૉɼ
∑

−w≤p,q≤w qp,g = 1Λ

ຬͨ͢ gp,g = s · e−
p2+q2

2σ2 ͱͳΔɽ͜͜Ͱɼσਖ਼نͷ

ύϥϝʔλͰɼs૯Λ 1ʹ͢ΔΑ͏ͳ࣮Ͱ͋Δ.

ग़ྗը૾ B ʹΨγΞϯϑΟϧλΛద༻ͨ͠ը૾Λ

Өը૾ R = ri,j ͱ͢ΔɽR  B ͱ G ͷΈࠐΈɼ

ri,j =
∑

−w≤p,q≤w gp,qbi+p,j+q (1 ≤ i, j ≤ N) ͔Βٻ

ΊΒΕΔɽग़ྗը૾BͷධՁʹ༻͢Δࠩޡ૯ɼೖྗ

ը૾ AͱӨը૾ R͔Β͞ࢉܭΕΔɽ֤࠲ඪ (i, j)ʹ͓͚

Δࠩޡ
ei,j = ai,j − ri,j (1)

Ͱද͞Εɼࠩޡ૯

Error(A,B) =
∑

1≤i,j≤N

|ei,j | (2)

ͱఆٛ͞ΕΔɽΨγΞϯϑΟϧλͷ΅͔͠ਓؒͷ֮ࢹ

ಛੑͷಛͱ͍ͯࣅΔͨΊɼError(A,B)͕ेʹখ͍͞

߹ɼग़ྗը૾ B ΛਓؒͷͰͨݟͱ͖ʹೖྗը૾ AΛ
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ਤ 3 ͖ͷλΠϧ

Fig. 3 Edged tile

.Δ͑ݴͰ͖͍ͯΔͱݱ࠶

2.2 ๏ࡧॴ୳ہ

ຊখઅͰɼࠩޡ૯͔ΒλΠϧΛஔ͘աఔΛઆ໌͢Δɽ

ຊڀݚͰ༻͢ΔλΠϧ (2t+1)× (2t+1)ͷݻఆͷେ͖

͞Ͱ͋Δɽ·ͨɼΑΓλΠϧΞʔτΒ͠͞Λ͢ݱ࠶ΔͨΊ

ʹɼਤ 3ͷΑ͏ʹλΠϧͷͷ৭Λݻఆ͢Δʢͷ֎ଆɿ

ΔλΠϧͷू߹Λ͢༺ɼͷଆɿനʣɽࠇ PɼP ͷ֤ཁ

ૉΛ pu,v(1 ≤ u ≤ NL, 1 ≤ v ≤ NR)ͱఆٛ͢Δɽ͜͜Ͱɼ

NL λΠϧͷ৭ͷͰ͋ΓɼNR λΠϧͷճస֯Λ

ද͍ͯ͠ΔɽͲ͜ʹͲͷλΠϧύλʔϯ pΛஔ͚Α͍͔

Λ͢ࢉܭΔͨΊɼҎԼͷࣜͰද͞ΕΔվળ I Λఆٛ͢Δ.

I(A,B, p, i, j) = Error(A,B)− Erorr(A,B′) (3)

B′ ग़ྗը૾ͷ࠲ඪ (i, j)ʹରͯ͠ɼλΠϧύλʔϯ pΛ

ఆతʹஔ͍ͨը૾Ͱ͋Δɽग़ྗը૾Bʹରͯ͠Ұຕͣͭ

NL ×NR छྨͷλΠϧΛஔ͖ɼ֤࠲ඪ (i, j)(1 ≤ i, j ≤ N)

ͷվળ I Λ͢ࢉܭΔɽ͜ΕΒͷվળ͔Βɼ࠲ඪ (i, j)

ʹ͓͚Δ࠷େͷվળ qi,j = argmaxp∈P I(A,B, p, i, j)Λ

ಘΔ. શͯͷ qi,j ͷɼҰ൪େ͖͍ͷΛ qbestͱ͢Δɽग़

ྗը૾ B ͷ qbest ͱͳΔ࠲ඪʹλΠϧύλʔϯ pΛஔ͘͜

ͱͰɼग़ྗը૾ B Λೖྗը૾ Aʹ͍ۙͯ͘͠ࣅɽ্هͷ

ඪʹͲͷλΠϧύλʔϯΛஔ͍ͯ࠲Γฦ͠ɼͲͷ܁Λ࡞ૢ

վળ͞Εͳ͘ͳͬͨ߹ɼૢ࡞Λऴྃ͢Δ.

·ͨɼλΠϧΛը૾ͷڥքʹஔ͘߹ɼΨγΞϯϑΟ

ϧλΛద༻͢ΔͨΊը૾ͷڥք֎ͷϐΫηϧ͕ඞཁʹͳ

Δɽ͜ͷɼը૾ͷڥքͷًΛ֦ு͢Δ͜ͱͰղ

ܾ͢Δ [9]ɽ

ຊख๏Ͱɼന͔ࠇͷ৭Λഎܠ৭ͱͯͭ࣋͠Ωϟϯόε

Λग़ྗը૾ͷ։࢝ը૾ͱ͢Δ [8]ɽͦͷͨΊɼഎܠΛλΠϧ

ͰશʹຒΊΔ͜ͱ͕Ͱ͖ͳ͔ͬͨ߹ɼഎܠ৭͕ϊΠζ

ͷΑ͏ʹөͬͯ͠·͏ɽ͜ΕΛ͙ͨΊɼ࢝ΊʹഎܠΛ

શʹຒΊΔΑ͏ʹλΠϧΛஔ͍͍ͯ͘ɽग़ྗը૾ B ͷ࠲

ඪ (i, j)ʹλΠϧύλʔϯ pΛஔ͍ͨͱ͖ͷɼഎܠըૉΛ

෴͏ׂ߹ΛҎԼʹࣔ͢.

C(B, p, i, j) =
the number of covered background pixels

the number of pixels of p
(4)

λΠϧ͕എܠϐΫηϧΛશͯӅ͢߹ɼC(B, p, i, j) = 1ͱ

ͳΔɽҰํɼλΠϧ͕എܠϐΫηϧΛ̍ϐΫηϧӅ͞ͳ͍

߹ɼC(B, p, i, j) = 0ͱͳΔɽͭ·ΓɼഎܠΛͰ͖Δ͚ͩ

Ӆͨ͢ΊʹɼC(B, p, i, j) > 0ͱͳΔΑ͏ͳύλʔϯΛબ

͢Δඞཁ͕͋Δɽࣜ (3)Λ֦ு͠ɼׂ߹ C Λྀͨ͠ߟվ

ળΛ Icover(A,B, p, i, j) = (C(B, p, i, j), I(A,B, p, i, j))

ͱఆٛ͢Δ. Icover ͷେখؔɼׂ߹ C ͷେখؔࠨʹ

ӈ͞ΕΔɽೋͭͷҟͳΔλΠϧύλʔϯ pɼp′ ʹର͢Δվ

ળ Icover(A,B, p, i, j), Icover(A,B, p′, i, j)ͷେখ͕ؔɼ

Icover(A,B, p, i, j) > Icover(A,B, p′, i, j)ͱͳΔ݅ҎԼ

ͷΑ͏ʹͳΔ.

• C(B, p, i, j) > C(B, p′, i, j) or,

• C(B, p, i, j) = C(B, p′, i, j) and I(A,B, p, i, j) >

I(A,B, p′, i, j).

എ͕ܠશͯλΠϧͰӅΕΔ·Ͱɼվળ Icover Λ༻͢

Δɽ·ͨɼΨγΞϯϑΟϧλͷద༻ϐΫηϧʹഎܠը

ૉ͕ଘ͢ࡏΔͱɼࠩޡ૯ʹӨͯ͠͠ڹ·͏ɽ͜ΕΛආ͚

ΔͨΊɼIcoverͷࢉܭࠩޡࣜ (2)Ͱͳ͘ ei,j = ai,j −bi,j

ͱ͢Δɽഎ͕ܠશͯλΠϧͰӅΕͨޙɼվળΛ I ʹมߋ

͠ɼૢ࡞Λ࠶։͢Δ.

2.3 Χϥʔը૾ͷ֦ு

͔͜͜ΒɼάϨʔεέʔϧը૾ʹؔ͢Δࠩޡ૯ͷࢉܭ

ΛΧϥʔը૾ʹ֦ு͢ΔɽຊڀݚͰɼRGBʹ͍ͭͯߟ

͑ɼ֤ νϟωϧͷͷൣғ͕ͦΕͧΕ [0, 1]Ͱ͋Δͷͱ͢

ΔɽΧϥʔը૾ͰɼӨը૾ Rͱࣜ (1)ͷࠩޡ֤νϟ

ωϧʹ͓͍ͯผʑʹ͞ࢉܭΕΔɽͭ·Γɼ֤νϟωϧʹର

ͯ͠ΨγΞϯϑΟϧλΛద༻͠ɼࠩޡΛ͢ࢉܭΔɽ࠲ඪ

(i, j)ʹ͓͚Δɼɼɼ੨ͷࠩޡΛ eRi,jɼe
G
i,jɼe

B
i,j ͱ͢Δɽ

ࣜ (2) Error(A,B) =
∑

1≤i,j≤N (|eRi,j |+ |eGi,j |+ |eBi,j |)ʹ
֦ு͞ΕΔɽάϨʔεέʔϧը૾ͱΧϥʔը૾ͷҧ͍ɼ

෦ࢉܭͷΈͰ͋Δɽͦͷଞͷࢉܭ૯ͷࠩޡͱࠩޡͷه্

ʹؔͯ͠ɼ྆ํͱڞ௨ͷૢ࡞Ͱ͋Δ.

2.4 ฒྻख๏

ຊڀݚͰɼΨγΞϯϑΟϧλΛద༻ͨ͠ը૾͔Βࠩޡ

Λ͢ࢉܭΔͨΊɼλΠϧΛஔ͘͜ͱʹΑΓपғͷ͕ࠩޡมಈ

͢ΔɽW (i, j)Λ࠲ඪ (i, j)Λத৺ͱͨ͠ (2t+1)×(2t+1)ͷ

ͱ͢Δɽ͜ͷɼλΠϧͷճసΛྀͨ͠ߟλΠϧͷେ͖

͞Ͱ͋Δɽ(2w+1)×(2w+1)ͷΨγΞϯϑΟϧλΛ༻͍

ΔͨΊɼλΠϧΛஔ͘͜ͱʹΑΓ (2t+2w+1)×(2t+2w+1)

ͷྖҬͷࠩޡʹӨٴ͕ڹͿɽ͜ͷྖҬΛӨྖڹҬͱఆٛ͢

Δɽਤ 4ӨྖڹҬΛ͍ࣔͯ͠Δ.

͔͜͜Βɼಉ࣌ʹλΠϧΛஔ͘ख๏Λઆ໌͢Δɽ·ͣɼ

N ×N ͷೖྗը૾ AΛ h × hͷ෦ը૾ʹׂ͢Δɽ

ׂͨ͠෦ը૾Λ͞ΒʹҎԼͷ࢛ͭͷάϧʔϓʹ͚Δɿ

άϧʔϓ 1ʢحྻɼحߦʣɼάϧʔϓ 2ʢۮྻɼح

ʣɼάϧʔϓߦ 3ʢحྻɼۮߦʣɼάϧʔϓ 4ʢۮྻɼ

.ʣߦۮ ਤ 5෦ը૾ʹ͓͚Δ 4ͭͷάϧʔϓΛද͠

͍ͯΔɽh ≥ 2t + 2w + 1ͷͱ͖ɼ2ͭͷ෦ը૾ͷ֤ά

ϧʔϓʹ͓͚ΔΨγΞϯϑΟϧλ͍ޓʹӨڹΛٴ΅͞

ͳ͍ɽͦͷͨΊɼN
h × N

h ຕͷ෦ը૾ʹରͯ͠ಉ࣌ʹλ

ΠϧΛஔ͘͜ͱ͕Ͱ͖Δɽͭ·Γɼ1ͭͷάϧʔϓʹର͢
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Δฒྻ࣮ߦͰ N
h × N

h ຕλΠϧΛஔ͘͜ͱ͕Ͱ͖Δɽ͜Ε

Λάϧʔϓ 1͔Βάϧʔϓ 4·Ͱॱʹ͏ߦ.

2.5 GPUΛ༻͍ͨߴԽ

ຊখઅͰɼGPU࣮Λ༻͍ͨฒྻख๏ͷߴԽʹͭ

͍ͯड़Δɽฒྻख๏ɼೋͭͷΧʔωϧ͔Β࣮͞ߦΕΔɽ

Χʔωϧ 1ɼ֤άϧʔϓͷ࠷େͷվળ qbest ΛٻΊ

ΔΧʔωϧͰ͋Δɽ֤ϒϩοΫΛ֤෦ը૾ʹׂΓͯͨ

ΊΔɽٻඪͷվળΛ࠲ɼϒϩοΫͷ֤εϨου͕֤ޙ

ΈɼΧʔωϧࠐΊͨ݁ՌΛάϩʔόϧϝϞϦʹॻ͖ٻ 1ͷ

ॲཧΛऴྃ͢ΔɽΧʔωϧ 2ɼλΠϧΛஔ͘ΧʔωϧͰ

͋ΔɽάϩʔόϧϝϞϦʹॻ͖ࠐ·Εͨใ͔Βɼ෦ը

૾ͷ֤άϧʔϓʹରͯ͠λΠϧΛஔ͍͍ͯ͘ɽΧʔωϧ

1ɼΧʔωϧ 2ͷૢ࡞Λάϧʔϓ 1͔Βάϧʔϓ 4ʹର͠

Γ܁ɼͲͷ෦ը૾ʹରͯ͠վળ͠ͳ͘ͳΔ·Ͱ͍ߦͯ

ฦ࣮͢͠ߦΔ. ·ͨɼߋͳΔߴԽͷͨΊɼΧʔωϧ 1Ͱ

ҎԼͷ 3ͭͷޮతͳΞΠσΟΞΛ༻͍Δ.

γΣΞʔυϝϞϦΛ༻͍ͨσʔλΩϟογϯάɿೖྗը

૾ Aͱग़ྗը૾ B άϩʔόϧϝϞϦʹ֨ೲ͞Ε͍ͯΔ

͕ɼ͜ΕΒ্ࢉܭԿ༻͞ΕΔɽͦ͜Ͱɼσʔλ

ͷΞΫηεؒ࣌Λখ͘͢͞ΔͨΊʹɼγΣΞʔυϝϞϦΛ

Ωϟογϡͱͯ͠ར༻͢Δ.

ՃࢉΛ༻͍ͨΨγΞϯϑΟϧλͷద༻ɿ͜ͷΞΠσΟ

ΞɼʮӨը૾RΛٻΊΔΈࠐΈԋࢉʯΛʮΨγΞϯ

ϑΟϧλΛద༻ͨ͠λΠϧύλʔϯͷՃࢉʯʹม͢Δ͜

ͱͰ͋Δɽ·ͣɼ֤λΠϧύλʔϯʹΨγΞϯϑΟϧλ

Λద༻ͨ͠ը૾ʢը૾ 1ʣΛάϩʔόϧϝϞϦʹॻ͖ࠐΉɽ

ͦͷޙɼಉ֯͡ͷύλʔϯ͝ͱʹҎԼͷಈ࡞Λ͏ߦɽ

͕ 0ͷλΠϧɼ͢ͳΘͪࠇ৭ͷλΠϧΛஔ͍ͨ෦ը૾ʹ

ΨγΞϯϑΟϧλΛద༻ͨ͠ը૾ʢը૾ 2ʣΛγΣΞʔ

υϝϞϦʹอଘ͢Δɽ͋ΒΏΔλΠϧύλʔϯΛஔ͍ͯΨ

γΞϯϑΟϧλΛద༻͢ΔΘΓʹɼը૾ 1Λը૾ 2ʹ

Ճ͢ࢉΔɽ͜͏͢Δ͜ͱͰɼಉ֯͡ͷλΠϧύλʔϯ͕

Έ͔ΒࠐͷύλʔϯΛআ͍ͯɼΈࠇॳͷ࠷ɼࢉܭ͏ߦ

Ճࢉʹஔ͖͔͑ΒΕΔ.

ϫʔϓγϟοϑϧ໋ྩʹΑΔ૯ࢉܭͷฒྻԽɿࠩޡ૯

ΛٻΊΔͨΊʹɼ૯ࢉܭΛ͢Δඞཁ͕͋Δɽຊ࣮Ͱ

ɼϫʔϓγϟοϑϧ໋ྩΛ༻͍ͨ૯ࢉܭͷฒྻԽςΫ

χοΫΛ༻͢Δ [10]ɽϫʔϓγϟοϑϧ໋ྩ 32εϨο

υͷू߹Ͱ͋Δϫʔϓͷ֤εϨουʹ͓͚ΔɼγΣΞʔ

υϝϞϦΛհͣ͞ʹσʔλΛૹड৴͢Δ໋ྩͰ͋Δ [11]ɽ

͜ͷςΫχοΫΛ༻͍ͯɼ૯ࢉܭͷฒྻΛߴΊΔ.

3. ցֶशΛ༻͍ͨλΠϧΞʔτੜػ

ຊઅͰɼػցֶशΛ༻͍ͨۙࣅλΠϧΞʔτը૾ੜ

ख๏ʹ͍ͭͯઆ໌͢Δɽ͜ͷख๏ͷجຊతͳΞΠσΟΞ

ɼ্هख๏ͷΑ͏ʹλΠϧΛషΓ͚ͯը૾Λੜ͢Δ

ͷͰͳ͘ɼೖྗը૾ΛֶशࡁΈͷۙࣅλΠϧΞʔτը૾

ੜثʹೖྗ͢Δ͜ͱͰۙࣅλΠϧΞʔτը૾Λੜ͢Δ.

ҎԼͰɼ͜ͷख๏Λػցֶश๏ͱݺͿ͜ͱʹ͢Δɽ

3.1 తؔ

Generative Adversarial Networks(GAN)[3] ɼજࡏม

 z͔Β܇࿅σʔλ xͷࣸ૾Λֶश͢ΔੜϞσϧͰ͋

ΔɽGAN࣍ͷೋͭͷϞσϧ͔Βߏ͞ΕΔɿσʔλͷ

Λֶश͢ΔੜϞσϧͷ Generator(G)ɼೖྗը૾͕

τϨʔχϯάσʔλ͔G͕ੜͨ͠σʔλ͔ͷ֬Λ༧ଌ

͢ΔؑผϞσϧͷDiscriminator(D)ɽ͜ΕΒͷϞσϧ͕ఢ

ରతʹֶशΛ͜͏ߦͱͰɼ͍ޓʹੑΛߴΊ͍ͯ͘ɽG͕

જࡏม z ʹରͯ͠ੜͨ͠σʔλΛ G(z)ͱఆٛ͢Δɽ

·ͨɼD ࿅σʔλ܇͕ xΛؑผͨ͠ͱ͖ʹग़ྗ͢ΔΛ

D(x)ɼD ͕ GʹΑͬͯੜ͞Εͨσʔλ G(z)Λؑผ͠

ͨͱ͖ʹग़ྗ͢ΔΛD(G(z))ͱ͢ΔɽD(x)ͱD(G(z))

ͷ [0, 1]ͷ࣮Ͱɼ͕ 1ʹ͍ۙ΄Ͳؑผ݁Ռ͕܇

࿅σʔλ xͰ͋Δ͜ͱΛ͍ࣔͯ͠ΔɽGANͷతؔ

LGAN = E[logD(x)] + E[log(1−D(G(z)))]ͱද͞ΕΔɽ

͔͠͠ͳ͕ΒɼGANજࡏม z ͔ΒσʔλΛੜ͢

ΔͨΊʹɼग़ྗσʔλͷ੍͕ޚͰ͖ͳ͍ͱ͍͏͕ੜ

͡Δɽͦ͜ͰຊڀݚͰɼGANΛ֦ுͨ͠ϞσϧͰ͋Δ

Conditional Generative Adversarial Network(cGAN)[4]Λ

ΔɽcGANɼGANͰఆٛͨ͢͠༺ Gͱ D ͷͦΕͧ

Εͷೖྗʹϥϕϧ yΛՃͨ͠ϞσϧͰ͋ΔɽϥϕϧΛ

Ճ͢Δ͜ͱͰɼGϥϕϧ yΛ૾ྀࣸͨ͠ߟΛֶश͢ΔΑ

͏ʹͳΔɽજࡏม z ͱϥϕϧ y ʹରͯ͠ G͕ੜͨ͠

σʔλΛ G(z,y)ͱ͢ΔɽcGANͷωοτϫʔΫΛਤ 6ʹ

ࣔ͢. ਤதͷ real pairϥϕϧ y ͱͦΕʹରԠ͢Δ܇࿅

σʔλ xͷΈ߹Θͤɼfake pairϥϕϧ yͱGʹΑͬͯ

ੜ͞Εͨσʔλ G(z,y)ͷΈ߹ΘͤΛද͍ͯ͠ΔɽD

͕ real pairΛؑผͨ͠ͱ͖ʹग़ྗ͢ΔΛ D(x,y)ɼfake

pairΛΛؑผͨ͠ͱ͖ʹग़ྗ͢ΔΛ D(G(z,y),y)ͱ͢

Δɽ͜ΕΒͷ [0, 1]ͷ࣮Ͱɼ͕ 1ʹ͍ۙ΄Ͳؑ

ผ݁Ռ͕܇࿅σʔλ xͰ͋Δ͜ͱΛ͍ࣔͯ͠ΔɽcGANͷ

తؔ LcGAN (G,D)ҎԼͷΑ͏ʹͳΔ.

LcGAN (G,D) = E[logD(x,y)]+E[log(1−D(G(z,y),y))]

(5)

·ͨɼG͕ੜͨ͠σʔλ G(z,y)ΛΑΓ܇࿅σʔλ x

͚ۙͮΔͨΊɼతؔʹผͷίετؔΛՃ͢Δɽ

͜ͷίετؔʹɼҰൠతʹฏۉೋ͕ࠩޡ༻͍ΒΕΔɽ

͔͠͠ɼฏۉೋࠩޡΛ༻ֶ͍ͯशΛͨͬߦ߹ɼੜը

૾͕΅͚ͯ͠·͏ [6], [7]ɽͦ͜ͰຊڀݚͰɼL1ϊϧ

ϜΛ༻͍ͨίετؔΛઃఆ͢ΔɽL1ϊϧϜΛ༻͍ͨί

ετؔ LL1(G)ΛҎԼʹࣔ͢.

LL1(G) = E[||x−G(z,y)||1] (6)

Αͬͯɼ࠷ऴతʹ༻͢ΔతؔɼL(G,D) =

LcGAN (G,D)+λLL1(G)ͱͳΔɽ͜͜Ͱɼλ LL1ʹΑΔ

ӨڹΛͲΕ͚ͩେ͖͘͢Δ͔ͱ͍͏ϋΠύʔύϥϝʔλͰ
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Fig. 5 Groups of subimages and parallel exectuion without race condition
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Fig. 6 Network of cGAN

͋Δɽλͷ͕େ͖͚Εେ͖͍΄Ͳ܇࿅σʔλxͷɼখ

͚͞Εখ͍͞΄ͲDͷग़ྗΛେ͖͘͢Δσʔλͷࣸ૾

Λֶश͢ΔΑ͏ʹͳΔ. GL(G,D)Λখ͘͢͞ΔΑ͏ʹɼ

D  L(G,D)େ͖͘͢ΔΑ͏ֶशΛ͏ߦɽ͢ͳΘͪɼຊ

∗ͰɼGڀݚ = minG(maxD(LcGAN (G,D) + λLL1(G)))

Ͱද͞ΕΔ࠷దԽΛղ͘͜ͱΛඪͱ͢ΔɽG∗ ɼ

L(G,D)ͷ Gʹؔ͢Δ࠷దͰ͋Δɽ

ཹҙͱͯ͠ɼજࡏม z ʹ͍ͭͯɼ୯७ʹΨγΞϯ

ϊΠζͱͯ͠ Gͷೖྗʹ༩͑ͯ͠·͏ͱɼϥϕϧ y ͷӨ

Β͔ڹ G͕જࡏม z Λແ͢ࢹΔΑ͏ʹֶशΛͯ͠͠·

͏ [12]ɽͦ͜Ͱɼ୯७ͳೖྗͱ͢ΔͷͰͳ͘ɼυϩοϓ

Ξτͱ͍͏ࣜܗͰજࡏม z Λ༩͑Δ [13]ɽ͜ͷυϩο

ϓΞτɼֶश࣌ͱਪ࣌ͷ྆ํʹద༻͢Δɽ

3.2 Ϟσϧͷߏ

ຊڀݚͰ༻͢ΔੜϞσϧ GͱؑผϞσϧ D ͷߏ

ʹ͍ͭͯઆ໌͢ΔɽೋͭͷϞσϧͷ྆ํͰɼDCGAN[5]Λ

Δɽ͢༺

3.2.1 ੜثG

ը૾มͷղ๏ͱͯ͠Ұൠతʹ༻͞Ε͍ͯΔϞ

σϧʹɼAutoencoder͕͛ڍΒΕΔɽAutoencoderͱɼ

σʔλΛѹॖ͢Δ Encoderͱѹॖͨ͠σʔλΛ෮͢ݩΔ

Decoder͔Βߏ͞ΕΔϞσϧͰ͋Δɽ͔͠͠ɼ͜ͷϞσ

ϧͰͯ͢ͷใ͕Ϟσϧͷ࠷ԼΛ௨Βͳ͚ΕͳΒ

ͳ͍ɽͭ·Γɼݩ࣍ͷใݮݩ࣍ʹΑΓࣦΘΕͯ͠

·͏ɽͦ͜Ͱɼ͜ͷΛճආ͢ΔͨΊʹɼAutoencoder

ʹ Skip Connection[14]ΛՃͨ͠ U-Net[15]Λಋೖ͢Δ.

จݙ [15]Ͱɼ2 × 2ͷ࠷େϓʔϦϯάΛ༻͍ͯը૾

αΠζΛॖখ͍ͯ͠Δɽ͔͠͠ɼDCGANͰɼετϥΠ

υɿ2ͷΈࠐΈΛ༻͍ͯը૾αΠζΛॖখͨ͠ํ͕ޮՌ

తͰ͋ΔͨΊ [5]ɼͦͪΒΛ༻͍ͯσʔλѹॖΛ͏ߦ.

Skip ConnectionͱɼEncoderͷ iͷग़ྗΛ De-

coderͷ n − iͷೖྗʹՃ͢ΔͷͰ͋Δ (͜͜Ͱɼ

nͷΛද͢)ɽSkip ConnectionΛՃ͢Δ͜ͱͰɼ

ݩ࣍ͷใ͕ࣦΘΕΔͷΛ͙͜ͱ͕Ͱ͖Δɽ

Gͷ۩ମతͳߏʹ͍ͭͯɼ[5], [13]Λࢀর͢Δɽจ

ݙ [13]Ͱ͋ΒΏΔλεΫʹରͯ͠ੑΛൃشͰ͖ΔΑ

ͰλΠϧΞʔτڀݚΛ͍ͯ͠Δɽ͔͠͠ɼຊߏ͍ਂ͏

ը૾ͷੜΛతͱ͓ͯ͠ΓɼۙࣅλΠϧΞʔτը૾ੜ

ΛྃͰ͖Δ͚ͩͷΑΓઙ͍ߏΛઃ͢ܭΔɽͦ͏͢Δ

͜ͱͰɼΈࠐΈͷԋࢉճ͕ݮΓɼߋͳΔߴԽΛࠐݟ

Ή͜ͱ͕Ͱ͖Δɽ͜ͷઙ͍ߏɼ࣮ݧతʹٻΊͨ݁Ռ͔

Β Encoder5ͱ Decoder5ͱ͢ΔɽGͷߏΛਤ 7ʹ

ࣔ͢.

3.2.2 ؑผثD

ຊڀݚͰɼೖྗը૾Λύονʹ͚ɼͦͷύονΛ

ͦΕͧΕؑผ͢ΔϞσϧͰ͋ΔɼMarkovian Discrimina-

tor[13], [16]ͷํ͑ߟΛಋೖ͢ΔɽຊڀݚͰɼͨ͠ݱ࠶

͍ಛλΠϧΞʔτͷλΠϧײͰ͋ΔͨΊɼը૾શମʹ

ରͯؑ͠ผΛ͏ߦΑΓը૾Λύονʹ͚ͯؑผͨ͠ํ

͕ޮՌతͰ͋ΔɽLcGAN ʹΑΓλΠϧײΛੜ͢ΔΑ͏

GeneratorʹϖφϧςΟΛ՝͢.

D ͷ۩ମతͳߏʹ͍ͭͯɼ[5], [13]Λࢀরͨ͠ɽD

ͷߏΛਤ 8ʹࣔ͢ɽਤதͷഁઢͷҹνϟωϧํͰ

ͷ݁߹Λද͍ͯ͠Δ.

3.3 ωοτϫʔΫͷ࠷దԽ

ຊখઅͰɼωοτϫʔΫͷ܇࿅ํ๏Λهड़͢Δɽجຊ

తͳ܇࿅ํ [3]Λࢀরͨ͠ɽGͱ D ͷύϥϝʔλɼ

֬తޯ߱Լ๏Λ༻͍ͯߋ৽͢ΔɽGͷύϥϝʔλߋ৽

ʹ༻͍Δࠩޡɼࣜ (5)ͷୈ 2߲ͱࣜ (6)Ͱ͋Δɽλͷ
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ਤ 7 Generator ͷߏ

Fig. 7 Architecture of generator
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ਤ 8 Discriminator ͷߏ

Fig. 8 Architecture of discriminator

͕େ͖͍΄Ͳ L1ϊϧϜͷ੍Λ՝͢͜ͱͱͳΓɼΑΓ܇

࿅σʔλͷ৭ܗΛ෮͢ݩΔΑ͏܇࿅͞ΕΔɽٯʹɼλͷ

͕খ͍͞΄Ͳ cGANʹΑΔ੍Λ՝͢͜ͱʹͳΓɼ܇࿅

σʔλͷಛͰ͋ΔλΠϧΞʔτײΛ෮͢ݩΔΑ͏܇࿅͞

ΕΔɽDͷύϥϝʔλߋ৽ʹ༻͍Δࠩޡɼࣜ (5)Ͱ͋Δɽ

GͱDͷύϥϝʔλߋ৽ɼ྆ํͱ܇࿅ 1ճʹରͯ͠ 1

ճߋ৽Λ͏ߦɽ

4. ݧ࣮

ຊઅͰɼہॴ୳ࡧ๏ʹΑΔλΠϧΞʔτը૾ੜͱػ

ցֶश๏ʹΑΔۙࣅλΠϧΞʔτը૾ੜʹ͍ͭͯධՁ͢

Δɽ·ͣɼ࣮ڥݧʹ͍ͭͯड़ɼλΠϧΞʔτը૾ͷ࣭

ͷධՁɼλΠϧΞʔτը૾ͷੜؒ࣌ͷධՁΛ͏ߦ.

4.1 ڥݧ࣮

ຊڀݚͰɼCPU Intel Xeon E7-8870V4ʢ80ίΞʣΛ

༻͠ɼہॴ୳ࡧ๏ͷ 1εϨουͷ࣮ؒ࣌ߦͱOpenMP3.1[19]

ʹΑΔ 160 εϨουͷ࣮ؒ࣌ߦΛܭଌ͢ΔɽGPU 

NVIDIA TITAN V Λ༻͢ΔɽCUDA ͷόʔδϣϯ

9.1ɼnvccͷόʔδϣϯ 9.1.85Ͱ͋ΔɽίϯύΠϧΦϓ

γϣϯ-O2ͱ-arch sm=70Λ༻͍ͯ͠Δɽػցֶश๏

ɼpython3.5.2ͱ Tensorflow1.8.0[20]Λ༻͍࣮ͯͨ͠ɽ

σΟʔϓϥʔχϯά༻ͷ CUDAϥΠϒϥϦͰ͋Δ cuDNN

ͷόʔδϣϯ 7.1.4Ͱ͋Δ.

ΔλΠϧɼ4096৭ͷ֯͢༺ 0ɼ30ɼ60ͷ

ܭ 12288ύλʔϯͰ͋ΔɽλΠϧαΠζ 23× 23Ͱݻఆ

͢ΔɽΨγΞϯϑΟϧλͷύϥϝʔλ σ = 1.3ɼw = 3

ʹઃఆ͢Δɽ෦ը૾ͷେ͖͞ 23× 23Ͱ͋Δɽ

ϥϕϧ yʹɼ[22]ͷσʔληοτͷɼϥϯμϜʹબ

Μͩ 400 ຕͷը૾Λ༻͢Δɽ֤ϥϕϧ y ʹରͯ͠ɼہ

ॴ୳ࡧ๏Λ༻͍ͯλΠϧΞʔτը૾Λੜ͠ɼ܇࿅ʹ

༻͢Δσʔληοτͱ͢ΔɽGͱ D ͷ֤ͰɼΈࠐ

Έɼόονਖ਼نԽ [17]ɼReLUؔ·ͨ LeakyReLUؔ

ʹΑΔੑ׆ԽΛ࣮͍ͯ͠ߦΔɽΈࠐΈͷϑΟϧλαΠ

ζશͯ 4× 4Ͱ͋ΓɼετϥΠυ 2Ͱ͋ΔɽReLUؔ

Gͷ EncoderͰ༻͍ͯ͠ΔɽLeakyReLUؔ

Gͷ DecoderɼDͰ༻͓ͯ͠Γɼ͖ 0.2Ͱ͋Δɽ

υϩοϓΞτͷׂ߹ 50%ʹઃఆ͍ͯ͠Δɽతؔ

ͷ λ 100ʹઃఆ͠ɼֶशʹ Adam[18]Λ༻͍Δɽ͜

͜Ͱɼα = 0.0001ɼβ1 = 0.5ɼβ2 = 0.99ɼϵ = 10−12 Ͱ͋

ΔɽॏΈฏۉ 0ɼඪ४ภࠩ 0.02ͷਖ਼نΛ༻͍ͯॳظ

Խ͍ͯ͠Δɽ܇࿅ճ 200ճɼbatchαΠζ 4Ͱ͋Δ.

4.2 ੜͨ͠λΠϧΞʔτը૾ͷධՁ

ցֶश๏Λ༻͍ͯɼ̎ͭͷը૾ػ๏ͱࡧॴ୳ہ

Lena[21](512 × 512) ͱ෩ࣸܠਅ (1920 × 1080) ʹର͢Δ

λΠϧΞʔτը૾Λੜͨ͠ɽੜ݁ՌΛਤ 9, ਤ 10ʹ

ࣔ͢.

ޡ๏ʹΑͬͯੜ͞ΕͨλΠϧΞʔτը૾ɼࡧॴ୳ہ

ࠩ૯Λ༻͍ͯλΠϧΛஔ͍͍ͯΔͨΊɼೖྗը૾Λ࣮

ցֶश๏ʹΑͬͯੜػͰ͖͍ͯΔ͜ͱ͕͔Δɽݱ࠶ʹ

͞ΕͨۙࣅλΠϧΞʔτը૾ɼλΠϧ͕͚͍ܽͯΔՕॴ

͕ෳݟΒΕΔɽ͔͠͠ͳ͕ΒɼҰͰͨݟ߹ɼہॴ୳

๏ʹΑͬͯੜ͞ΕͨλΠϧΞʔτը૾ͱൺͯଝ৭ͳࡧ

λΠϧΞʔτը૾͕ੜͰ͖͍ͯΔ͜ͱ͕Θ͔Δɽࣅ͍ۙ

4.3 λΠϧΞʔτੜؒ࣌

ցֶश๏Λ༻͍ͨλΠϧΞʔτը૾ͷੜػ๏ͱࡧॴ୳ہ

ؒ࣌Λൺֱ͢ΔɽλΠϧΞʔτը૾ͷੜؒ࣌Λද 1ʹ

ࣔ͢. ๏ͷฒྻख๏ͷࡧॴ୳ہ GPU࣮Ͱɼಉख๏ͷ

CPU࣮ (1εϨου)ͱൺֱͯ͠࠷େͰ 167ഒɼCPU

࣮ (160εϨου)ͱൺֱͯ͠࠷େͰ 4.8ഒͷߴԽΛ

ୡͨ͠ɽػցֶश๏ͷ GPU࣮Ͱɼہॴ୳ࡧ๏ͷฒ

ྻख๏ͷ CPU࣮ (1εϨου)ͱൺֱͯ͠࠷େͰ 37ສ

ഒɼCPU࣮ (160εϨου)ͱൺֱͯ͠࠷େͰ 1ສഒɼ

GPU࣮ͱൺֱͯ͠࠷େͰ 2231ഒͷߴԽΛୡͨ͠.

5. Conclusion

ຊڀݚͰɼඇ࣮ࣸతը૾ੜٕज़ͷҰͭͰ͋ΔλΠϧ

Ξʔτը૾ੜʹ͍ͭͯɼਓؒͷ֮ࢹಛੑʹ͍ͨͮجख๏

ΛఏҊͨ͠ɽ·ͨɼߴԽख๏ͱͯ͠ɼGPUΛ༻͍ͨฒ

ྻख๏ͱػցֶशΛ༻͍ͨۙࣅλΠϧΞʔτը૾ੜख๏

ΛఏҊͨ͠ɽλΠϧΞʔτը૾ͷੜؒ࣌ʹ͍ͭͯɼGPU

Λ༻͍ͨฒྻख๏ͰɼಉΞϧΰϦζϜͷ CPUஞ࣮࣍

ͱൺֱͯ͠ 160ഒͷߴԽΛୡͨ͠ɽػցֶशΛ༻͍

ͨख๏Ͱɼฒྻख๏ͷ CPUஞ࣮࣍ͱൺֱͯ͠ 37ສ

ഒҎ্ͷߴԽΛୡͨ͠.
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ೖྗը૾ (512× 512) ๏ࡧॴ୳ہ ցֶश๏ػ

ਤ 9 ੜλΠϧΞʔτը૾ (512× 512)

Fig. 9 Generated tile art image (512× 512)

ද 1 λΠϧΞʔτը૾ੜؒ࣌

Table 1 Tile art image generation time

๏ࡧॴ୳ہ ցֶश๏ػ

ը૾αΠζ CPU ࣮ (1 εϨου)[s] CPU ࣮ (160 εϨου)[s] GPU ࣮ [s] GPU ࣮ [s]

256× 256 1385.450 45.937 10.824 0.014

512× 512 2865.268 103.903 21.602 0.021

1024× 1024 13833.348 449.219 98.503 0.054

1920× 1080 21305.854 607.742 130.822 0.116

2048× 1536 37655.506 1040.065 253.318 0.158

4096× 3072 220476.812 6322.173 1322.871 0.593
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ਤ 10 ੜλΠϧΞʔτը૾ (1920× 1080)

Fig. 10 Generated tile art image (1920× 1080)
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