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Staining-Translation and Cluster Analysis of
Pancreatic Pahological Image

using Deep Learning∗

Konosuke Asano

Abstract

The computer aided diagnosis based on deep learning are not only helpful for
classification, but also useful for feature extraction from given images, especially
encoding image data into discrete representation helps us obtain new knowledge.
Although most of the related studies are based on supervised learning that needs
curated pathological knowledge, it is useful to extract characteristic features in
the given images, using unsupervised machine learning in order to obtain new
pathological findings. We applied cluster analysis using deep learning which is
trained based on self-augmented training (SAT) and maximization of mutual
information. It showed that it can classify those pathological images into dis-
crete categories. Next, we applied our model for comparison of the two staining
method in order to evaluate the degree of malignancy according to fibrosis and
cell differentiation. The results showed that encoding of the histopathological
image into discrete representations helps us to interpret tumor images. In ad-
dition, we propose the stain-translation model that predicts MT staining image
from HE staining image using the same dataset. Our findings can be transalated
into practical use in clinical environments.
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ୈ 1ষ ং࿦

1.1 ᢄଁ؞

ᢄଁ؞͸ૣ͕ݟൃظ೉͘͠, ༧͕ޙඇৗʹѱ͍͕ΜͷҰͭͰ͋Δ. ᢄଁ͸, ңͷޙ
෦ʹଘ͢ࡏΔ௕͞ 20cm΄Ͳͷࠨӈʹࡉ௕͍ଁثͰ͋Γ, पғ͸ଟ͘ͷଁث΍Ϧϯ
ύ؅, ݂؅౳ʹ෴ΘΕ͍ͯΔ. ͦΕΏ͑, ੒ख़ͨ͠ᢄ؞Ͱ͋Ε͹ඇ৵ऻతͳํࠪݕ๏
Ͱ͋Δ CT ΍ MRI Ͱͷ଄Ө͕ՄೳͰ͋Δ͕, ະ੒ख़ͳᢄ؞Ͱ͸͜ΕΒͷํ๏Ͱ͸
଄ӨͰ͖ͳ͍৔߹͕ଟ͍. ·ͨ, ᢄଁ؞ͷ֮ࣗ঱ঢ়ͱͯ͠, ෲ௧΍৯ཉෆৼ,ૣظͷ
ෲຬײ, ԫᙬ, ਭ຾ো֐, ମॏݮগ౳͕͋Δ͕, ͜ΕΒ͸ଞͷ࣬ױʹ͓͍ͯ΋ݟΒΕ
Δ঱ঢ়Ͱ͋Γ, ᢄ؞ಛҟੑ͸௿͍. ͦͷ্, ᢄଁ͕਎ମͷਂ෦ʹଘ͢ࡏΔͨΊʹॳظ
঱ঢ়͕ݱΕʹ͘͘, ঱ঢ়͕ग़ͨࠒʹ͸ط͕؞ʹ੒ख़ஈ֊ʹ͋ΔͨΊ, ॲஔ͕஗ΕΔ
৔߹͕ଟ͍.
ᢄ؞ͷ਍அΨΠυϥΠϯ [1]ʹΑΕ͹, ,͸ʹࡍΛ਍அ͢Δ؞ͷᢄଁظૣ ݂ӷ਍அ

ʹΑΔ݂தᢄ߬ૉͷଌఆ΍जᙾϚʔΧʔͷଌఆ౳͕ߦΘΕΔ. ݂தᢄ߬ૉʹ͸, ᢄ
,Ξϛϥʔθܕ Ϧύʔθ, Τϥελʔθ, τϦϓγϯͳͲ͕͋Γ, ͍ͣΕ΋ᢄଁ࣬ױ
ͷ਍அʹ͸ॏཁͰ͋Δ͕, ᢄଁʹಛҟతͰ͸ͳ͍. ҰํͰ, ᢄݕ؞ग़ͷͨΊͷजᙾ
ϚʔΧʔ΋͍͔ͭ͘ൃ͞ݟΕ͓ͯΓ, ,ඪͱͯ͠༻͍ΒΕ͍ͯΔ͕ࢦ਍அʹࡍ࣮ ײ
౓͕͍ߴҰํͰಛҟ౓͸ͦΕ΄Ͳ͘ߴ͸ͳ͘, ِཅੑ཰͕ 20 ∼ 30 %ͱ͍ߴ. ͨ͠
͕ͬͯ֬ఆ਍அΛࡍ͏ߦʹ͸, ੒ख़ͨ͠ᢄ؞Ͱ͋Ε͹ੜԽֶతࠪݕͷΈͳΒͣ CT
΍ MRI ʹΑΔ଄Өࠪݕ, ·ͨՄೳͳݶΓࡉ๔਍΍૊৫਍ͳͲͷੜݕΛ͜͏ߦͱ͕
๬·͍͠ͱ͞Ε͍ͯΔ.

1.2 ੜݕ

,औͯ͠࠾ยΛثଁʹΒ֎Պత͔ऀױ පཧҩ͕ݦඍڸΛ༻͍ͯࠪ͢ݕΔ͜ͱΛੜ
.͹ΕΔݺ૊৫਍அͱݕ ੜݕ͸૊৫Λ௚઀͢࡯؍Δ͜ͱ͕Ͱ͖ΔͨΊ, ֬ఆ਍அʹ
༻͍ΒΕΔ. ,ޙऔͨ͠૊৫͸ബ͘੾Γग़ͨ͠࠾ ΔͨΊ͢࡯؍͍ͯ༺Λڸඍݦֶޫ
ʹ૊৫છ৭ॲཧ͕ߦΘΕΔ. ᢄ؞ʹ͸ൃͦͨ͠ݱͷ৔Ͱ૿৩͢Δඇਁ५ੑᢄ؞΍,
ଞଁث΁ͷసҠೳΛ࣋ͭਁ५ੑᢄ؞ͳͲੑ࣭ͷҟͳΔ༷ʑͳλΠϓ͕ଘ͢ࡏΔ. ྫ
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͑͹, ਁ५ೳ͕͘ߴ, ݂؅΍Ϧϯύ؅͔Β͕Μࡉ๔͕ྲྀग़͠, ݂ӷ΍Ϧϯύӷʹ৐ͬ
ͯԕ͘཭ΕͨଁثʹసҠ͢ΔλΠϓ΋͋Ε͹, ෼Խ౓͕௿͘, ૿৩ೳ͕͍ߴλΠϓ
΋͋Δ. ֤છ৭ํ๏ʹԠͯ͡࡯؍ର৅ͱ͢ΔλϯύΫ͕ҟͳΓ, ෳ਺છ৭ํ๏Λ༻
͍ͯ૯߹తʹ਍அ͢Δ৔߹͕ଟ͍. ૊৫છ৭ํ๏ʹ͸େ͖͘෼͚ͯ, ,ຊછ৭ج ಛघ
છ৭, ໔Ӹછ৭ͳͲ͕͋Δ͕, ͜͜Ͱ͸ຊڀݚͰ΋༻͍͍ͯΔೋछྨͷછ৭ํ๏ʹ
͍ͭͯऔΓ্͛Δ.

1.2.1 Hematoxylin - Eosin છ৭ (HEછ৭)

Hematoxylin - Eosin છ৭ (HE છ৭) ͸࠷΋جຊతͳછ৭ํ๏Ͱ͋Δ. จࣈ
௨Γ, Hematoxylin ͱ Eosin ͷೋछྨͷ৭ૉΛ༻͍ͯ૊৫ΛછΊΔํ๏Ͱ͋Δ.
Hematoxylin͸ࡉ๔֩΍ϦϘιʔϜͱ݁߹͢Δ͜ͱͰ͜ΕΒΛೱ੨ࢵ৭ ∼ ཟ৭ʹ
છ৭͠, Eosin͸ࡉ๔࣭΍੺݂ٿ, ֤छણҡ࣭Λ୶੺৭ ∼ ೱ੺৭ʹછ৭͢Δ͜ͱͰ
૊৫ͷߏ଄ΛՄࢹԽ͢Δ͜ͱ͕Ͱ͖Δ (ਤ 1.1 - 1.2). HEછ৭͸఻౷తʹ૊৫છ৭
ͷୈҰબ୒ࢶͱͯ͠༻͍ΒΕ͍ͯΔ. ͕Μͷ਍அʹ͓͍ͯ͸, ֩ҟܗ΍૊৫ूஂʹ
ண໨ͨ͠৔߹ͷߏ଄ҟܗ, ϦϯύઅసҠ, ࣭ؒྔ, ෼Խ౓ͳͲ͔Β͕ΜͷଘࡏΛ൑ఆ
͢Δ. ແ࿦, HEછ৭ͷΈͰ΋͕Μͷࣝผ͸ՄೳͰ͋Δ͕, ΑΓ࣮֬ͳ਍அΛԼͨ͢
Ίʹޙड़͢Δಛघછ৭Λ૊Έ߹ΘͤΔ৔߹͕͋Δ.

(a) ܕ౓௿෼Խີߴ (b) ࣭ؒੑ௿෼Խܕ (c) ࣭ؒੑத෼Խܕ

ਤ 1.1 ᢄ؞૊৫ (HE)
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(a) Ϧϯύٿ (b) થ๪૊৫ (c) ๱૊৫ࢷ

ਤ 1.2 ͦͷଞ૊৫ (HE)

1.2.2 Masson - Trichrome છ৭ (MTછ৭)

Masson - Trichrome છ৭ (MTછ৭)͸ಛघછ৭ͷҰछͰ͋Δ. MTછ৭͸ HE
છ৭Ͱ͸ෆ઱໌ͳ࣭ؒΛ੨͘ՄࢹԽ͢Δ͜ͱ͕Ͱ͖Δ. ͕Μ͕ਁ५͢Δࡍʹ͸, ݁
߹૊৫Λߏ੒͢Δઢҡժࡉ๔͕ίϥʔήϯ౳ͷ࣭ؒ੒෼Λ଄੒͢Δ. ྟচڀݚͰ͸,
࣭ؒ଄੒͕গͳ͍܈ऀױʹ͓͍ͯੜଘ͕ؒظ༏Ґʹ௕͍͜ͱ͕ใ͞ࠂΕ͓ͯΓ, ؒ
࣭ྔ͸༧ޙϚʔΧʔͷ 1 ͭͱͯ͑͠ߟΔ͜ͱ͕Ͱ͖Δ [2]. MT છ৭Ͱ͸છ৭ӷʹ
ؚ·ΕΔమ HematoxylinʹΑΓࡉ๔֩Λࢵࠇ৭ʹછ৭͠, MassonӷʹΑΓࡉ๔࣭
Λ੺͘, ᡼ݪણҡΛ੨͘છΊΔ͜ͱ͕Ͱ͖Δ (ਤ 1.3 - 1.4). ᡼ݪણҡΛಛҟతʹછ
৭Ͱ͖Δ͜ͱ͔Β, HEછ৭ΑΓ΋໌֬ʹਁ५ੑྖҬͷݕग़͕ՄೳͰ͋ΔͨΊ, ਐߦ
౓ͷࣝผʹ༻͍Δ͜ͱ͕Ͱ͖Δ.
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(a) ܕ౓௿෼Խີߴ (b) ࣭ؒੑ௿෼Խܕ (c) ࣭ؒੑத෼Խܕ

ਤ 1.3 ᢄ؞૊৫ (MT)

(a) Ϧϯύٿ (b) થ๪૊৫ (c) ๱૊৫ࢷ

ਤ 1.4 ͦͷଞ૊৫ (MT)

1.3 ਂ૚ֶश

ۙ೥, ਂ૚ֶशΛԠ༻ͨ͠ྟচ਍அԠ༻͕ڀݚ੝ΜʹߦͳΘΕ͍ͯΔ. ͜͜Ͱ͸
ਂ૚ֶशʹ͍ͭͯ؆୯ʹऔΓ্͛Δ. ਂ૚ֶश͸೴ͷਆܦճ࿏໢Λ໛฿ͯ͠ఏҊ͞
Εͨ࠷΋୯७ͳਆൃܦՐϞσϧͰ͋Δύʔηϓτϩϯʹ͍͍ͯͮجΔ. ऑֶशث
Ͱ͋Δύʔηϓτϩϯ͸ଟ૚ʹॏͶΔ͜ͱͰද͜͢૿͕ྗݱͱ͕͘޿஌ΒΕ͓ͯ

Γ, ΑΓਂ͘઀ଓ͞Εֶͨशث͸σΟʔϓχϡʔϥϧωοτϫʔΫͱݺ͹Ε, ೔ࠓ
ʹ͓͚Δਂ૚ֶशͷ୅දతͳϞσϧͰ͋Δ. ͦͷதͰ΋, ৞ΈࠐΈχϡʔϥϧωο
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τϫʔΫ [3] ͸৞ΈࠐΈʹΑΔըૉۙ๣Ͱͷಛ௃நग़Λ͜͏ߦͱͰ, ը૾ೝࣝʹ͓
.Ͱ͖Δख๏Ͱ͋ΔشೳΛൃੑ͍ߴ͍ͯ

2012೥ʹ։͞࠵Εͨେن໛ը૾ೝࣝͷίϯϖςΟγϣϯͰ͋Δ ILSVRC (Ima-
geNet Large Scale Visual Recognition Challenge)ʹ͓͍ͯ, ਂ૚ֶशͷҰख๏Ͱ
͋Δ AlexNet [4]͕ѹ౗తͳ੒੷Ͱ༏উͨ͠. ͜ͷग़དྷࣄ͸ͦΕ·ͰͷओྲྀͰ͋ͬ
ͨ SIFT΍ HOGΛ࢝Ίͱ͢Δہॴಛ௃ྔ [5, 6]ͱػցֶशख๏Λ༻͍ͨը૾ೝࣝ
ͷࠜఈΛ෴͖͔͚ͬ͢ͱͳͬͨ. ͦΕҎ߱ͷը૾ೝࣝʹ͓͚ΔڀݚͰ͸ਂ૚ֶश
͕࣠ʹͳ͍ͬͯΔ΋ͷ͕ଟ͍. ୯ʹը૾୯Ґͷ෼ྨʹཹ·Βͣ, ෺ମݕग़΍ηϚϯ
ςΟοΫηάϝϯςʔγϣϯ, ը૾ੜ੒౳, ༷ʑͳλεΫʹ͓͍ͯਂ૚ֶशͷԠ༻
ڀݚ .ͳΘΕ͍ͯΔߦ͕[9–7]

1.4 පཧ਍அ΁ͷਂ૚ֶशͷԠ༻

ਂ૚ֶश͸ը૾σʔλͷλεΫʹ͓͍ͯैདྷख๏ʹ͍ߴਫ਼౓Ͱͷࣝผ͕ՄೳͰ͋

Γ, ࣮ࣾձͰසൟʹݟΒΕΔΑ͏ͳ෩ܠըͷΈͳΒͣ, ҩ༻ը૾ʹରͯ͠΋͍ߴਫ਼
౓Ͱͷࣝผ͕ՄೳͰ͋Δ. ͸਺ଟ͘ڀݚͨ͠༺ҩ༻ը૾ʹରͯ͠ਂ૚ֶशΛԠʹط
ଘ͢ࡏΔ. ͕Μ͔൱͔Λࣝผ͢Δ͜ͱ͸໪࿦ՄೳͰ͋Δ͕, ͕ΜͷதͰ΋ͲͷΑ͏
ͳҨ఻ࢠαϒλΠϓ͕ൃ͍ͯ͠ݱΔͷ͔Λ, ૊৫පཧը૾͔Βࣝผ͢Δ͜ͱʹ΋ط
ʹ੒ޭͭͭ͋͠Δ [10, 11]. Ҩ఻ࢠαϒλΠϓͷࣝผ͕ՄೳʹͳΔͱ, ͕Μͷൃݱʹ
ؔΘΔλϯύΫ࣭ʹରͯ͠ಛҟతʹ݁߹͢Δ͜ͱͰੑ׆Λ્͢֐Δ෼ࢠඪత࣏ྍༀ

ͷ։ൃ΍, .଴Ͱ͖Δظ͕༺ҰਓҰਓʹదͨ͠ΦʔμʔϝΠυ࣏ྍ΁ͷԠऀױ
͞Βʹ࣮ࡍʹΞϓϦέʔγϣϯͱͯ͠, ඪຊ಺ͰΫΤϦը૾ͱྨ͢ࣅΔපཧը૾

,͍ߦͷ༧ଌΛݱൃࢠͱͦͷҨ఻ࡧݕ ͦͷը૾ؒͷྨࣅ౓ΛఆྔతʹՄࢹԽ͢Δ͜
ͱͰ਍அิॿΛ͏ߦγεςϜ΋ߏங͞Ε͍ͯΔ [12].
,ʹطஈ֊Ͱݱ ਂ૚ֶशͷ਍அԠ༻ͷ࣮͕ݱ੒ޭͭͭ͋͠ΔҰํͰ, ରԠͰ͖Δ࣬

.ΒΕ͍ͯΔݶͩ·ʹϥϕϧͷೖख͕೉͍ͨ͠Ίࢣڭ͸ױ ઌڀݚߦͷଟ͘͸͋ࢣڭ
Γֶशʹ͓͍ͯͮجΓ, ઐ໳ҩʹΑΔ೦ೖΓͳΞϊςʔγϣϯ͕ඞཁͱ͞ΕΔ. ػ
ցֶशʹؔ࿈͢Δڞʹڀݚ௨ͯ͜͠ىΓಘΔ໰୊Ͱ͋Δ͕, ղ͘΂͖λεΫʹΑͬ
ͯ͸ࢣڭϥϕϧͷೖख͕ࠔ೉ͳ৔߹͕ଟ͍. ҩ༻ը૾ʹ΋͜ͷ޲܏͸౰ͯ͸·Γ,
Ξϊςʔγϣϯʹߴ౓ͳઐ໳஌͕ࣝඞཁͱ͞ΕΔͨΊ, ϥϕϧͷೖख͸೉͠ࢣڭ
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͍ [13].
ҰํͰ, ,ΓֶशʹΑΔΞϓϩʔνͰ͋ࢣڭ ը૾͔ΒҨ఻ࢠαϒλΠϓ͕ࣝผͰ

͖ͨͱ͍͏͜ͱ͸, গͳ͘ͱ΋පཧը૾தʹજࡏతʹࣝผʹد༩͢Δ౷ܭతಛ௃͕
ଘ͢ࡏΔͱ͑ݴΔ. ͔͠͠, લड़ͷ໰୊ʹՃ͑, কདྷతʹ਍அࢧԉͷΈͳΒͣ, පཧ
ͷղ໌ͱ࣏ྍༀબ୒΁ͷد༩Λ͑ߟΔͱજࡏతʹ૊৫පཧը૾தͷ౷ܭతಛ௃Λந

ग़Ͱ͖Δࢣڭͳֶ͠शͰղੳͰ͖Δ͜ͱ͕๬·͍͠.
Ҏ্ͷཧ༝͔Β, ϥࢣڭͳ͠ΫϥελϦϯάʹΑΔΞϓϩʔνʹΑΓલड़ͷࢣڭ

ϕϧෆ଍໰୊Λղফͭͭ͠, ߦͼ͕Μਐٴ๔λΠϓΛ෼ྨࡉʹΓֶशͱಉ༷͋ࢣڭ
ͷఆྔతධՁΛࢼΈΔ.

1.5 ໨త

ຊڀݚͰ͸૊৫පཧը૾ʹର͢Δࢣڭͳ͠ΫϥελϦϯάΛ༻͍ͯ,පཧֶʹ͓
͚Δ৽ͨͳ஌ݟ૑ग़ͱ਍அิॿΛ໨తͱ͢Δ. Έχϡʔϥϧωοτࠐͳ͠৞Έࢣڭ
ϫʔΫΛ༻͍ͯ૊৫පཧը૾͔Β౷ܭతಛ௃ͷநग़ͱΫϥελϦϯάΛ͜͏ߦͱͰ

ѱੑ౓༧ଌʹد༩͢ΔΑ͏ͳ੒෼ͷநग़͠, පཧͷཧղ΁د༩͢ΔΑ͏ͳը૾ղੳ
ϑϨʔϜϫʔΫΛఏҊ͢Δ. ͦͯ͠, ஙͨ͠ΫϥελϦϯάϞσϧ͔ΒಘΒΕΔߏ
֤Ϋϥελʔͷॴଐ֬཰͔Β, ໨ࢹͰ͸ࣝผ͕೉͍࣭ؒ͠ͷਁ५΍ࡉ๔ີ౓౳ͷѱ
ੑ౓ධՁʹΑΔ਍அࢧԉ, ,ͼٴ පཧֶͷ؍఺Ͱ৽ͨͳ஌͕ݟಘΒΕΔͷ͔൱͔ʹ
͍ͭͯ΋ূݕΛ͏ߦ. ·ͨ, ͦΕʹՃ͑ͯज़தਝ଎਍அ౳ͷ৔໘Λ૝ఆ͠, ۚમతɾ
࣌ؒతίετدʹݮ࡟༩͢ΔΑ͏ͳ૊৫છ৭ը૾ͷมث׵΋ఏҊ͠, ͦͷ࣮༻Մೳ
ੑʹ͍ͭͯ΋ٞ࿦͍ͯ͘͠.
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ୈ 2ষ σʔληοτ

ຊڀݚͰ͸۝भେֶΑΓఏڙͷ KPC Ϛ΢εͷᢄ؞පཧը૾Λ༻͍ͨ. KPC Ϛ
΢ε͸͕ΜݪҨ఻ࢠͰ͋ΔKrasͱ p53ʹมҟΛ༩͑ͨϚ΢εͰ͋Δ. Ϛ΢ε͸Ҩ
఻ֶతʹώτͱ૬ಉੑ͕͋Γ, ੜཧֶతʹ΋ڞ௨఺͕ඇৗʹଟ͍ͨΊ, ҩֶڀݚʹ
.΋୅දతͳϞσϧੜ෺ͱ͞Ε͍ͯΔ࠷͍͓ͯ
ճ༻͍ͨපཧը૾͸ࠓ HE છ৭ͱ MT છ৭ͷ 2 छྨͷછ৭ը૾ؒͰ͍ޓʹϨδ

ετϨʔγϣϯ͞Εͨ΋ͷΛ༻͍ͨ. ·ͨ, ඪຊશମͷපཧը૾͸αΠζ͕ඇৗ
ʹେ͖͘, ϝϞϦͷ੍໿্͜ͷ··ͷঢ়ଶͰͷֶश͸೉͍͠. ͦ͜Ͱ, 256 × 256,
1024× 1024ͷ 2छྨͷαΠζͰϥϯμϜʹ੾Γग़ͨ͠ը૾Λσʔληοτͱͯ͠
༻͍ͨ (ਤ 2.1 – 2.4). ͨͩ͠, ա৒ͳಛ௃ྔͱྔࢉܭͷݮ࡟ͷͨΊ, 1024 × 1024
σʔληοτ͸ 256 × 256 ʹϦαΠζ͍ͯ͠Δ. ྆σʔληοτͷαΠζ͸ڞʹ
256 × 256 Ͱ͋Δ͕, ͜͜Ͱ͸σʔληοτΛ۠ผ͢ΔͨΊʹ, લऀΛ 256 × 256
σʔληοτ, Λऀޙ 1024 × 1024ͱݺͿ. ͓ʹͳ͠ΫϥελϦϯάࢣڭड़͢Δޙ
͚Δ࣮ݧͰ͸, ϚΫϩͳࢹ఺Ͱͷ૊৫ͷߏ଄ʹॏ͠ࢹ, 1024× 1024ͷσʔληοτ
Λ༻͍ͨ. Ұํ, છ৭ม׵ͷ࣮ݧʹ͓͍ͯ͸, ૊৫શମͰͷછ৭݁Ռͷ੔߹ੑΛอͭ
ͨΊʹΑΓ͍͔ࡉ 256 × 256ͷσʔληοτΛ༻͍ͨ. ·ͨ, ੾Γग़͢ࡍʹ͸૊৫
͕ଘ͠ࡏͳ͍ۭനྖҬΛըૉ஋ͷ෼͍ͯͮجʹࢄআ֎ͨ͠.
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ਤ 2.1 શମͷ૊৫පཧը૾ (HE)

ਤ 2.2 શମͷ૊৫පཧը૾ (MT)
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ਤ 2.3 256 × 256 σʔληοτ (ɿHEછ৭ը૾ɺӈɿMTછ৭ը૾ࠨ)

ਤ 2.4 1024 × 1024 σʔληοτ (ɿHEછ৭ը૾ɺӈɿMTછ৭ը૾ࠨ)
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ୈ 3ষ ͳ͠ΫϥελϦϯάࢣڭ

ຊষͰ͸ࢣڭͳ͠৞ΈࠐΈχϡʔϥϧωοτϫʔΫΛ༻͍ͨ૊৫පཧը૾ͷಛ௃

நग़ͱΫϥελϦϯάʹ͍ͭͯड़΂Δ.

3.1 ख๏

ຊڀݚͰ͸ Autoencoder (AE) [14]Λϕʔεͱͨ͠ಛ௃நग़ثͱ Deep Residual
Networks (ResNet) [15] Λϕʔεͱͨ͠ಛ௃நग़ثΛ༻͍ͯ૊৫පཧը૾ͷղੳ
Λͨͬߦ. ͜ΕΒͷωοτϫʔΫߏ଄͸ҟͳΔ͕, ର৅ʹ߹Θͤͯҟͳ͍ͨ͠࡯؍
Δֶशํ๏Λ࠾༻ͨ͠. ҎԼʹͦͷख๏ͷৄࡉΛड़΂Δ.

3.1.1 Autoencoder

3.1.1.1 ֓ཁ

Autoencode (AE) ͸ॱ఻೻ܕχϡʔϥϧωοτϫʔΫʹࢣڭ͍ͨͮجͳ࣍͠ݩ
.ͷҰख๏Ͱ͋Δݮ࡟ Δ͜ͱ͸զʑ͕σʔλ͢૾ࣸʹ্ۭؒݩσʔλΛ௿࣍ݩ࣍ߴ
ͷੑ࣭Λ၆ᛌ͠, ղऍ͢Δ্Ͱ໾ཱͭ৔߹͕ଟ͍. ୅දతͳઢܗͳ࣍ݮ࡟ݩख๏ͱ
ͯ͠ओ੒෼෼ੳ (PCA : Principal Component Analysis) ΍ಠཱ੒෼෼ੳ (ICA :
Independent Component Analysis)ͳͲ͕͋Δ͕, ը૾ͷΑ͏ͳݩ࣍ߴσʔλͰ͸
.ೳ͠ͳ͍৔߹͕ଟ͍ػ͘·͏ ͦ͜Ͱ, ը૾σʔλʹରͯ͠΋͍ߴਫ਼౓ͰࣝผͰ͖
ΔχϡʔϥϧωοτϫʔΫΛ࣍ݮ࡟ݩʹԠ༻ͨ͠ AutoencoderΛ༻͍Δ͜ͱͰ, ૊
৫පཧը૾தʹଘ͢ࡏΔ֩, ,๔ີ౓ࡉ ࣭ؒ౳ͷ֤ཁૉʹू໿Ͱ͖Δͱ͑ߟΒΕΔ.
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ਤ 3.1 Autoencoderͷߏ଄

ਤ 3.1ͷΑ͏ͳೖྗ૚ͱग़ྗ૚Ͱಉ਺ͷϢχοτΛ࣋ͭॱ఻೻ܕͷωοτϫʔΫ
Λ͑ߟΔ. ͜ͷͱ͖, ೖྗ૚ΑΓগ਺ͷϢχοτΛ࣋ͭӅΕ૚ͷग़ྗ y ͸, ೖྗ x,
ॏΈW , όΠΞε߲ b, Խؔ਺ੑ׆ f Λ༻͍ͯ,

y = f(Wx + b) (3.1.1)

ͱදݱͰ͖Δ. ग़ྗ yΛӅΕ૚ͰંΓฦ͠, ೖྗ xͱಉۭؒ͡ʹ໭͢ม׵ (Encode)
Λ͏ߦ. ม׵ͷ݁ՌΛ x̃ͱͨ͠ͱ͖, y ͔Β x̃΁ͷม׵ (Decode)͸,

x̃ = f̃(W̃y + b̃) (3.1.2)

ͱදݱͰ͖Δ. ͜ΕΒͷҰ࿈ͷࢉܭ͸ҎԼͷࣜ (3.1.3) Ͱࣔ͞ΕΔೖग़ྗؒͷฏۉ
ೋ৐ࠩޡΛ࠷খԽ͢Δ͜ͱͰֶश͕ߦΘΕΔ.

LAE =
1
N

N∑

i=1
∥xi − x̃(xi)∥2 (3.1.3)

y ͔Βݩͷೖྗ x̃Λߏ࠶੒Ͱ͖Δ͜ͱ͔Β, y ͸ೖྗ xͷ௿࣍ݩಛ௃ϕΫτϧͱΈ

ͳ͢͜ͱ͕Ͱ͖Δ.
ը૾ೝࣝʹ͓͍ͯ, ৞ΈࠐΈχϡʔϥϧωοτϫʔΫ͕͍ߴਫ਼౓ͰࣝผͰ͖Δͷ

ͱಉ༷ʹ, ৞ΈࠐΈΛద༻ͨ͠ Convolutional Autoencoder (CAE) ͸ೝࣝ͢Δ্
ͰΑΓॏཁͳදݱΛ֫ಘͰ͖Δ [16]. ͦ͜Ͱ, ຊڀݚͰ͸·ͣॳΊʹ CAE Λ༻͍
ͯಛ௃நग़Λͨͬߦͷͪʹ, ϘτϧωοΫ෦෼ͰಘΒΕΔ௿࣍ݩಛ௃ϕΫτϧ y ʹ

ରͯ͠ PCAΛద༻͢Δ͜ͱͰ .͏ߦ΁ू໿Λۭؒݩ2࣍
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3.1.1.2 ৚݅ݧ࣮

ຊڀݚͰ͸, Encoder 8૚, Decoder 8૚ͷ CAEΛ༻͍ͯද 3.1ͷ৚݅Ͱ܇࿅Λ
.ͨͬߦ ·ͨ, ಛ௃ϕΫτݩ࿅ͨ͠ϞσϧͷϘτϧωοΫ෦෼͔ΒಘΒΕΔ௿࣍܇
ϧʹରͯ͠ PCAΛద༻ͯ͠ .ͨͬߦ΁ू໿Λۭؒݩ2࣍

࿅σʔλ਺܇ 12000
ςετσʔλ਺ 3000
Epoch 100 (37500 iterations)
Batch size 32
Dropout rate 20 %
Optimizer Adam (λ = 0.0002, β = 0.5)

ද 3.1 CAE ৚݅ݧ࣮

3.1.2 Adversarial Autoencoder

3.1.2.1 ਂ૚ੜ੒Ϟσϧ

AutoencoderͷϘτϧωοΫ෦෼ʹ͓͚Δಛ௃ϕΫτϧ y ͸௚઀੍໿Λ༩͑ͣ,
ೖग़ྗؒͷࠩޡΛ࠷খԽ͢Δ͜ͱͰಘΒΕΔ΋ͷͩͬͨ.

Adversarial Autoencoder (AAE) [17]͸ఢରతੜ੒ωοτϫʔΫ (GAN : Gen-
erative Adversarial Networks) [18] ͷֶशߏػΛ༻͍ͯ y Λ೚ҙͷ෼෍΁ຒΊࠐ

ΉΑ͏ʹਖ਼ଇԽΛՃ͑ͨਂ૚ੜ੒ϞσϧͰ͋Δ. AAE ͷજࡏม਺ͷԾఆʹΑ͘༻
͍ΒΕΔ෼෍ͱͯ͠, ࿈ଓ෼෍Ͱ͸ଟมྔΨ΢ε෼෍, ཭ࢄ෼෍Ͱ͸Ұ༷ΧςΰϦ෼
෍ͳͲ͕͛ڍΒΕΔ. ୯ʹ࣍ݮ࡟ݩΛ͏ߦͷΈͳΒͣ, જࡏม਺ʹରͯ͠࿈ଓ෼෍
ͱ཭ࢄ෼෍ΛԾఆ͢Δ͜ͱͰ࿈ଓతͳߏ଄Λ࣋ͭපཧͷཧղʹ໾ཱͭͱ͑ߟΒΕΔ.
ैདྷͷਂ૚ੜ੒Ϟσϧͱͯ͠, MCMC Λ༻͍ͯ໬౓ؔ਺ͷ࠷େԽΛݶ੍͏ߦϘ

ϧπϚϯϚγϯ (RBM : Restricted Boltzmann Machines), Deep Belief Networks
(DBNs), ਂ૚ϘϧπϚϯϚγϯ (DBMs : Deep Boltzmann Machines) [19,20]ͳ
Ͳ͕ఏҊ͞Ε͍ͯΔ. MCMCʹֶ͍ͨͮجशΛ͏ߦϞσϧ͸, ର਺໬౓ͷޯ഑ࢉܭ
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ʹ͓͍ͯ, ෼഑ؔ਺ͷ૊Έ߹ΘͤരൃΛ͢͜ى఺ͱஞ࣍ਪ࿦͕ඞཁͳ఺Ͱ͕ྔࢉܭ
େ͖͍. ͦ͜Ͱ, ۙ೥ఏҊ͞Ε͍ͯΔख๏Ͱ͸ Back-propagation ͕༻͍ΒΕ͍ͯ
Δ. Variational Autoencoder (VAE) [21,22]͸, தؒ૚ͷಛ௃ϕΫτϧʹରͯ͠ਖ਼
෼෍ΛԾఆͨ͠ن AutoencoderͰ͋Δ. VAE͸ Back-propagationΛ༻͍ͯ໬౓
ؔ਺ͷม෼ԼݶΛ࠷େԽ͢Δ͜ͱͰ, σʔλͷޙࣄ෼෍Λਖ਼ن෼෍΁ຒΊࠐΜͩજ
.Δ͜ͱ͕Ͱ͖Δਂ૚ੜ੒ϞσϧͰ͋Δ͢ݱม਺ͱͯ͠දࡏ ͔͠͠, VAE͕ຒΊࠐ
ΊΔ෼෍͸ਖ਼ن෼෍౳ͷૉੑͷྑ͍෼෍ʹݶΒΕ͓ͯΓ, ൥ࡶͳ෼෍΍ଟ༷ମʹຒ
ΊࠐΉ͜ͱ͸೉͍͜͠ͱ͕஌ΒΕ͍ͯΔ.

Adversarial Autoencoder (AAE) ͸ GAN ม਺ࡏͳਖ਼ଇԽΛજྗڧ͍ͨͮجʹ
ʹରͯ͠༩͑Δ͜ͱͰ, ਖ਼ن෼෍Ҏ֎ͷ෼෍΁ͷຒΊࠐΈ͕ՄೳͳϞσϧͰ͋Δ.
AAE͸σʔλͷ෼෍ͦͷ΋ͷΛֶश͢ΔͨΊ, αϯϓϦϯά͕ՄೳͰ͋Δ͕, ճࠓ
͸αϯϓϦϯάͦͷ΋ͷΑΓ΋, ௿ۭ࣍ؒݩʹू໿͢Δ͜ͱʹΑΔපཧͷղऍΛ໨
తͱ͍ͯ͠Δ. Αͬͯຊ࣮ݧͰ͸, AAEΛ༻͍ͯજࡏม਺ʹରͯ͠཭ࢄ෼෍ΛԾఆ
͠, ΫϥελϦϯάΛ͜͏ߦͱͰ࿈ଓతͳߏ଄Λ࣋ͭපཧը૾தͷࡉ๔ີ౓΍࣭ؒ
౳ͷ૊৫ͷλΠϓʹؔ࿈͢Δ੒෼ͷநग़ΛࢼΈΔ.

3.1.2.2 Generative Adversarial Networks (GAN)

GAN ͸ਂ૚ੜ੒ϞσϧͷҰख๏Ͱ͋Δ͕, ैདྷख๏ͱൺ΂ͯଛࣦؔ਺தͰ໬౓
Λ௚઀ྀͣͤߟͱ΋σʔλͷੜ੒͕Ͱ͖ΔΑ͏ʹ࠷దԽՄೳͳ఺ͰҟͳΔ. GAN
͸ϊΠζ z ͔ΒਅͷσʔλΛِ଄ͨ͠σʔλ G(z) Λੜ੒͢Δ Generator (G) ͱ,
ِ଄σʔλ G(z)͔ਅͷσʔλ x͔Λࣝผ͢Δ Discriminator (D)ͷ 2ͭͷωοτ
ϫʔΫ͔Βߏ੒͞ΕΔ. Generator͸ Discriminatorʹ G(z)ِ͕଄σʔλͱࣝผ
͞Εͳ͍Α͏, ਅͷσʔλͷ෼෍ p(x)Λ໛฿͢ΔΑ͏ʹֶश͠, Discriminator͸
ِ଄σʔλͷ෼෍ p(G(z))ͱਅͷσʔλͷ෼෍ p(x)Λࣝผ͢Δ͜ͱͰڝ߹తʹֶ
शΛ͏ߦ. ྆ऀͷؔ܎͸ JS divergenceΛ༻͍ͯ, 2 players mini-maxήʔϜͱ͠
ͯࣜ (3.1.4)ͷΑ͏ʹଛࣦؔ਺Λఆٛ͢Δ͜ͱ͕Ͱ͖Δ.

Ladv = min
G

[
max

D
Ex∼pdata [log D(x)] + Ez∼p(z)[1− log D(G(z))]

]
(3.1.4)
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3.1.2.3 Adversarial Autoencoder (AAE)
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ਤ 3.2 AAE ωοτϫʔΫߏ଄

Adversarial AutoencoderͰ͸௨ৗͷ AutoencoderͱҟͳΓ, જࡏม਺ʹରͯ͠
೚ҙͷ෼෍ΛԾఆ͢Δ. ΫϥελϦϯάʹΑΔපཧը૾ͷղੳΛͨ͏ߦΊ, ਤ 3.2
ͷΑ͏ʹજࡏม਺ʹରͯ͠཭ࢄ෼෍Ͱ͋ΔҰ༷ΧςΰϦ෼෍ Cat(y)ͱ࿈ଓ෼෍Ͱ
͋ΔଟมྔΨ΢ε෼෍ N(0, I)΁ͷຒΊࠐΈΛ͏ߦ.

Encoder͕཭ࢄજࡏม਺ y ʹର͢Δ Generator (Gy), ࿈ଓજࡏม਺ z ʹର͢Δ

Generator (Gz)ͱͯ͠ػೳ͢Δ. Discriminator (Dy, Dz)͸ Encode͞Εͨજࡏ
ม਺ y, z ͕ͦΕͧΕਅͷ෼෍ Cat(y), N(0, I)͔൱͔Λࣝผ͢Δ໰୊Λղ͘. ऴ࠷
తʹ AAE ͸, Autoencoder ͱͯ͠ͷೖग़ྗؒͷฏۉೋ৐ࠩޡ (ࣜ 3.1.3) ͱ GAN
ͷଛࣦؔ਺ (ࣜ 3.1.4) ,దԽ͢Δ͜ͱͰ࠷͍ͯͮجʹ ໨తͱ͢Δજࡏม਺ΛಘΔ͜
ͱ͕Ͱ͖Δ.

3.1.2.4 ৚݅ݧ࣮

ग़ྗ૚ y ͷੑ׆Խؔ਺ͱͯࣜ͠ (3.1.5)Ͱࣔ͞ΕΔ softmaxؔ਺Λ༻͍ͨ. ૝ఆ
͢ΔΫϥελαΠζΛ k ͱͨ͠ͱ͖, Ϋϥε c ∈ Q ʹର͢ΔΫϥελॴଐ֬཰ pc
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͸,

pc =
exp (yc)

∑k
c=1 exp (yc)

(3.1.5)

ͱදݱͰ͖Δ. Ώ͑ʹ, ೖྗ xʹର͢Δ༧ଌΫϥε C ͸,

C = arg max
c∈Q

pc (3.1.6)

ͱͯ͠ಘΔ͜ͱ͕Ͱ͖Δ. ·ͨ, Ϋϥελ෼ׂͷͨΊʹ pc ͷ֤ཁૉؒϢʔΫϦο

υڑ཭Λᮢ஋ η ҎԼͷൣғ಺Ͱ࠷େԽ͢ΔΑ͏ʹ࠷దԽΛͨͬߦ. ͦͷଞ૚Ͱ
ͷੑ׆Խؔ਺͸, Generator ͷதؒ૚Ͱ leaky ReLU, ग़ྗ૚Ͱ tanh Λ༻͍ͯ,
Discriminator ͷதؒ૚Ͱ ReLU, ग़ྗ૚Ͱ Sigmoid ؔ਺Λ༻͍ͨ. ͦͷଞ࣮ݧ৚
݅ʹ͍ͭͯ͸ද 3.2ͷ௨ΓͰ͋Δ.

ΫϥελʔαΠζ 4, 8, 16
࿅σʔλ਺܇ 12000
ςετσʔλ਺ 3000
Epoch 500 (180000 iterations)
Batch size 32
Dropout rate 20 %
Optimizer Adam [23](λ = 0.0002, β = 0.5)

ද 3.2 AAE ৚݅ݧ࣮

3.1.3 Information Maximizing Self-Augmented Training (IMSAT)

AAE ͸ GAN Λ༻͍ͯજࡏม਺ʹରͯ͠௚઀తʹྗڧͳਖ਼ଇԽΛ༩͑Δ. ߴ
Λཧղ͢Δͷʹ໾ཱͭ܎Δ͜ͱ͸σʔλؒͷؔ͢ݱσʔλΛ೚ҙͷ෼෍Ͱදݩ࣍

͕, ຒΊࠐΉ෼෍ͷઃఆ͕ඞཁͰ͋Δ΄͔, GANʹ͍ͨͮجϞσϧͰ͸ޯ഑ফࣦ͕
,Γ΍͘͢͜ى ֶश͕೉͍͜͠ͱ͕ݧܦతʹ஌ΒΕ͍ͯΔ. ͦ͜Ͱ, Autoencoder
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ͱ͸ҟͳΔ࿮૊ΈͰ཭ࢄදݱʹ Encode Ͱ͖Δ Information Maximizing Self-
Augmented Training (IMSAT) [24]ʹΑΔΫϥελϦϯάϞσϧͷߏஙΛݕ౼͠
ͨ. IMSAT͸ࢣڭͳֶ͠शͰ͋Δʹ΋ؔΘΒͣ, खॻ͖จࣈσʔληοτMNIST
Ͱ 98.4%ͷਫ਼౓Ͱ෼ྨʹ੒ޭͨ͠ख๏Ͱ͋Δ. IMSAT͸Regularized Information
Maximization (RIM) [25]ͱ Self-Augmented Training (SAT)ʹֶ͍ͯͮجशΛ
.͏ߦ
·ͣॳΊʹ RIMʹ͍ͭͯड़΂Δ. RIM͸σʔλ xͱ༧ଌΫϥε y ؒͷ૬ޓ৘ใ

ྔΛ࠷େԽ͢Δ͜ͱͰΫϥελϦϯάΛ͏ߦख๏Ͱ͋Δ. ૬ޓ৘ใྔ͸ 2ͭͷ֬཰
෼෍͕ؒͲΕ΄Ͳґଘ͍ͯ͠Δ͔Λද͢৘ใྔͰ͋Γ, Τϯτϩϐʔ S, hΛ༻͍ͯ

ࣜ (3.1.7)ͷΑ͏ʹදͤΔ.

I(X; Y ) = S(Y )− S(Y |X)

= h

(
1
N

N∑

i=1
pθ(y|xi)

)
−

1
N

N∑

i=1
h (pθ(y|xi)) (3.1.7)

S(Y )͸σʔλશମʹ͓͚Δ y ͷ༧ଌ෼෍ͷΤϯτϩϐʔͰ͋Δ. σʔλશମͰ
͸Ϋϥεϥϕϧ͸Ұ༷ʹ෼෍͍ͯ͠Δͱ͑ߟ, S(Y )Λ࠷େԽͤ͞Δ. Ұํ, S(Y |X)
͸σʔλ x ʹ͓͚Δ y ͷ༧ଌ෼෍ͷΤϯτϩϐʔͰ͋Δ. σʔλ x ஌ͷͱ͖ط͕

Ϟσϧ͕ಘΔ৘ใྔ͸େ͖͘ͳΓ, ༧ଌ෼෍ pθ(y|x)͸ઑͬͨ෼෍Ͱ͋Δ͜ͱ͕๬
·͍ͨ͠Ί, S(Y |X)͸࠷খԽ͢Δ. RIMͰ͸͜ΕʹՃ͑ͯ, ղ͘໰୊ʹԠͨ͡ਖ਼
ଇԽ߲΋Ճ͑Δ. IMSAT͸ RIMʹ͓͚Δਖ਼ଇԽ߲ͱͯ͠ޙड़͢Δ SATΛՃ͑ͨ
ख๏Ͱ͋Γ, ࣜ (3.1.8) Ͱࣔ͞ΕΔଛࣦؔ਺Λ࠷খԽ͢Δ͜ͱͰΫϥελϦϯάΛ
.͏ߦ

RIMSAT = RSAT − I(Y ; X) (3.1.8)

3.1.4 Self-Augmented Training (SAT)

SAT͸ data augmentationΛར༻ͯ͠ϞσϧͷϩόετੑΛߴΊΔਖ਼ଇԽํ๏
Ͱ͋Δ. CNN ͸܇࿅σʔλ͕গͳ͍৔߹ʹ, ෺ମͷҐஔ΍ً౓౳ͷ͔ۇͳมܗʹ
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ରͯ͠੬ऑͰ͋Δ͜ͱ͕஌ΒΕ͍ͯΔ. ͜ͷ໰୊ʹରॲ͢ΔͨΊʹ, ैདྷͷํ๏͸
pooling૚ͷಋೖ΍, ೖྗσʔλΛϥϯμϜʹճస, ੾Γൈ͖ͳͲΛͯ͠σʔλ਺Λ
ਫ૿͢͠Δͱ͍͏Ξϓϩʔν͕औΒΕΔ. ผϞσϧͷ৔͍ࣝͨͮجʹΓֶश͋ࢣڭ
߹͸, ্͢޲࿅σʔλͷਫ૿͠ʹΑΓਫ਼౓͕܇ʹલ෼෍ͱͳΔͨΊ୯ࣄ͕߸৴ࢣڭ
Δ͕, ൒͋ࢣڭΓֶश΍ࢣڭͳֶ͠शʹ͍ͨͮجϞσϧͷ৔߹͸ਫ਼౓͸্͕޲೉͠
͍. ͜Ε͸, ೖྗ xʹର͢Δ༧ଌ෼෍ p(y|x)ͱ, xʹΑͨ͘ࣅσʔλ x̃ʹର͢Δ༧

ଌ෼෍ p(y|x̃)ؒͰΤϯτϩϐʔ͕େ͖͍ͨΊͰ͋Γ, ྆ऀͷ༧ଌ෼෍ʹରͯ͠௚઀
ਖ਼ଇԽΛՃ͑Δ͜ͱͰ൒͋ࢣڭΓɾࢣڭͳֶ͠शʹ͓͍ͯ΋ਫ਼౓্͕޲ՄೳͰ͋Δ.
,ࠓ σʔλ x (x ∈ D) ʹճస΍੾Γൈ͖ͳͲͷԿΒ͔ͷมܗΛ༩͑Δؔ਺Λ T

ͱஔ͖, શσʔλͷมܗલޙͰͷΫϥευϝΠϯ y (y ∈ Q)ͷ༧ଌ෼෍ؒͷۙ͞͸
KL divergence (DKL)Λ༻͍ͯ,

DKL[p(y|x, θ), p(y|T (x), θ)] = −
∑

y∈Q
p(y|x, θ) log

p(y|x, θ)
p(y|T (x), θ) (3.1.9)

ͱͯ͠දݱͰ͖Δ. ͜ͷͱ͖, ֬཰తޯ഑߱Լ๏Λ༻͍ͯ࠷খԽ͢΂͖ଛࣦؔ਺͸,

RSAT(θ; x, T (x)) =
1
N

∑

x∈D
DKL[p(y|x, θ), p(y|T (x), θ)] (3.1.10)

ͱදݱͰ͖Δ. RSAT Λ࠷খԽ͢Δ͜ͱͰ, ֤σʔλͷࣝผڥքपลʹ͓͚Δ༧ଌ
෼෍Λฏ׈Խ͢Δ͜ͱ͕Ͱ͖, ൚ԽੑೳΛ্޲Ͱ͖Δ. ຊڀݚͰ͸มؔܗ਺ T ͱ͠

ͯ, [24]ͰఏҊ͞Ε͍ͯΔํ๏Λ༻͍ͨ. ͦͷ֓ཁΛҎԼʹड़΂Δ.

3.1.4.1 Virtual Adversarial Training (VAT)

Virtual Adversarial Training (VAT) [26] ͸ Virtual adversarial example Λม
ͷσʔλޙܗ x̃ ͱͯ͠༻͍Δ SAT ͷҰͭͰ͋Δ. ଛࣦؔ਺ͷޯ഑ʹ͍ͯͮجੜ
੒͞ΕΔ, ਓ͕ؒ஌֮Ͱ͖ͳ͍େ͖͞ͷখ͞ͳઁಈΛೖྗσʔλʹՃ͢ࢉΔͱ, Ϟ
σϧͷࣝผ͕େ͖͘͜͏ڰͱ͕஌ΒΕ͍ͯΔ. ͜ͷΑ͏ͳσʔλΛ Adversarial
example [27]ͱݺͼ, Adversarial exampleΛσʔληοτʹࠞͥΔ͜ͱͰ൚Խੑ
ೳΛ্͛Δ܇࿅ํ๏Λ Adversarial training ͱݺͿ [28]. Adversarial training ͸
Ϟσϧͷ൚Խੑೳͷ্޲΍, ࣗಈӡస౳ͷػցֶशΛ׆༻ͨ͠γεςϜʹର͢Δ߈
ܸ΁ͷରॲ౳ [28–30], ෯͍޿Ԡ༻ൣғΛൿΊ͍ͯΔ͜ͱ͔Βۙ೥஫໨͞Ε͍ͯΔ.
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Adversarial exampleʹ͓͚Δઁಈ radv ͸, ަࠩΤϯτϩϐʔͳͲͷଛࣦؔ਺ D

ʹର͢Δޯ഑͔Βੜ੒͢Δ͜ͱ͕Ͱ͖Δ. ਅͷ༧ଌ෼෍Λ͍ͨͮجʹϥϕϧࢣڭ
q(y|x), Ϟσϧ͔Βਪఆ͞Εͨ༧ଌ෼෍Λ p(y|x, θ)ͱͨ͠ͱ͖, ઁಈ radv ͸,

radv = ϵsign (∇xD[q(y|x), p(y|x, θ)]) (3.1.11)

ͱͯ͠ੜ੒͢Δ͜ͱ͕Ͱ͖Δ. Adversarial trainingʹ͓͚Δଛࣦؔ਺ D̃ ͸, σʔ
λ xͱ Adversarial example x + radv ʹର͢Δଛࣦؔ਺ͷׂ߹ αΛ༻͍ͯ,

D̃ = αD[q(y|x), p(y|x, θ)] + (1− α)D[q(y|x), p(y|x + radv, θ)] (3.1.12)

ͷΑ͏ʹදͤΔ. Adversarial training ͕ద༻Ͱ͖Δͷ͸ਅͷ༧ଌ෼෍͕ط஌ͷڭ
,ΒΕ͍͕ͯͨݶʹΓֶश͋ࢣ ,Γֶशʹ΋ద༻Մೳͳ͋ࢣڭͳֶ͠शɾ൒ࢣڭʹط
Virtual Adversarial Training (VAT)͕ఏҊ͞Ε͍ͯΔ.

x

x + r

p(y|x, θ)
p(y|x+r, θ)

θ �5-�������

�5���-���

� �0��-5��
	5-��5���-� 
-��-�

�����-
	-5��5
�����

�����

���-5��5��0������0-

ਤ 3.3 VATʹ͓͚Δઁಈ r ͷߋ৽ͷ໛ࣜਤ

VATͰ͸, σʔλ xपลʹ͓͚Δ༧ଌ෼෍ؒͷ KL-divergenceͱͦͷޯ഑͔Β
Virtual adversarial exampleΛੜ੒͢Δ. ,ࠓ Ψ΢ε෼෍Λ༻͍ͯॳظԽͨ͠ઁಈ
Λ r ͱஔ͍ͨͱ͖, σʔλ x, x + r पΓͷ༧ଌ෼෍ؒͷۙ͞͸ࣜ (3.1.9)ͱಉ༷ʹ,

DKL[p(y|x, θ), p(y|x + r, θ)] = −
∑

y∈Q
p(y|x, θ) log

p(y|x, θ)
p(y|x + r, θ) (3.1.13)
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ͱදͤΔ. ͜ͷͱ͖, ϞσϧͷࣝผΛ࠷΋ڰΘͤΔઁಈ rvadv ͸ඍখྔ ϵͷԼͰ࠷େ

ͱͳΔ DKL ΛٻΊΕ͹͍͍ͷͰ,

rvadv = arg max
r;r≤ϵ

DKL[p(y|x, θ), p(y|x + r, θ)] (3.1.14)

ͱද͢͜ͱ͕Ͱ͖Δ. ࣜ (3.1.14) ΛઢࣅۙܗͰٻΊΔ͜ͱ͸೉͍ͨ͠Ί, r = 0 प
ΓͰͷςΠϥʔల։Λ͑ߟΔ. දهΛ؆୯ʹ͢ΔͨΊ,
DKL[p(y|x, θ), p(y|x + r, θ)] = DKL(r, x, θ)ͱஔ͖, ೋ֊ಋؔ਺·Ͱۙ͢ࣅΔͱ,

DKL(r, x, θ) ≈ DKL(0, x, θ) + rT∇DKL(0, x, θ) + 1
2rT H(x)r (3.1.15)

ͷΑ͏ʹల։Ͱ͖Δ. H ͸ϔογΞϯͰ͋Δ.
r = 0෇ۙͰ͸, p(y|x, θ) = p(y|x + r, θ)ͳͷͰ, DKL(0, x, θ) = 0ͱͳΔ.
·ͨ, DKL(0, x, θ) ≥ 0 ΑΓ, r = 0 ෇ۙͰ࠷খ஋ΛऔΔͱ͑ߟΒΕΔͨΊ,
∇DKL(0, x, θ) = 0Ͱ͋Δ. Ώ͑ʹ, ࣜ (3.1.15)͸,

DKL(r, x, θ) ≈ 1
2rT H(x)r (3.1.16)

ͱͯۙ͠ࣅͰ͖Δ. rT H(x)rΛ࠷େԽ͢Δ r͸H(x)ͷ࠷େݻ༗஋ʹର͢Δݻ༗ϕ
ΫτϧͰ͋ΔͨΊ, ΂͖৐๏ [31]Λ༻͍ͯٻΊΔ. ϥϯμϜʹॳظԽͨ͠୯ҐϕΫ
τϧ dΛॳظ஋ͱ͠, ҎԼͷΑ͏ʹͯ͠ dΛߋ৽͢Δ.

d← Hd (3.1.17)

HdΛ༻͍ͯ dΛ܁Γฦ͠ߋ৽͍ͯ͘͜͠ͱͰ Hdͷ࠷େݻ༗஋ʹର͢Δݻ༗ϕΫ

τϧΛಘΔ͜ͱ͕Ͱ͖Δ. H(x)Λ௚઀͢ࢉܭΔ͜ͱ͸ࠔ೉Ͱ͋ΔͨΊ, ࠩ෼๏Λ༻
͍ͯ H(x)dΛҎԼͷΑ͏ʹۙ͢ࣅΔ.

H(x) ≈
∇rD(r, x, θ)|r=ξd −∇rD(r, x, θ)|r=0

ξ

=
∇rD(r, x, θ)|r=ξd

ξ
(3.1.18)

ξ ͸ඇ 0ͷඍখͳ஋Ͱ͋Δ. Αͬͯ࠷ऴతͳ dͷߋ৽ࣜ͸ҎԼͷΑ͏ʹදͤΔ.

d← ∇rD(r, x, θ)|r=ξd (3.1.19)
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௨ৗ, ΂͖৐๏ͷ൓෮ճ਺͸े෼ͳճ਺ඞཁͰ͋Δ͕, [26] ʹ͓͍ͯ൓෮ճ਺͸Ұ
ճͰे෼ͳਫ਼౓Λୡ੒ͨ͠ͱใ͞ࠂΕ͍ͯͨͨΊ, ຊڀݚͰ΋ಉ৚݅Ͱ࣮ݧΛ͏ߦ.
൓෮ճ਺͕ 1ճͷͱ͖, ʹऴత࠷ rvadv ͸,

rvadv ≈ ϵ
g

∥g∥2
(3.1.20)

where g = ∇rD[p(y|x, θ), p(y|x + r, θ)]|r=ξd (3.1.21)

ͱͯ͠γϯϓϧͳ͢ࣅۙʹܗΔ͜ͱ͕Ͱ͖Δ. χϡʔϥϧωοτϫʔΫ಺Ͱ VAT
Λ܇࿅͢Δ৔߹͸, ֬཰తޯ഑߱Լ๏ʹ͍ͨͮجϛχόονֶशΛ͏ߦ. ֶश͕ਐ
ΉʹͭΕ֤ͯσʔλपΓͰͷ༧ଌ෼෍͕׈Β͔ʹͳΓ, ൚Խੑೳ্͕͢޲Δ͕, ઁಈ
ͷେ͖͞ʹΑͬͯ͸ਖ਼ଇԽ͕͘ڧಇ͖͗͢ΔͨΊʹޯ഑ফࣦΛҾ͖͢͜ى. ͦ͜Ͱ,
ޯ഑ফࣦΛ๷͙ͨΊʹઁಈͷେ͖͞Λௐઅ͢Δύϥϝʔλʔ ϵ(x)Λಋೖ͢Δ. [24]
Ͱ͸, શ܇࿅σʔλʹ͓͚Δີ౓ʹઁ͍ͯͮجಈͷେ͖͞Λௐઅ͍ͯ͠Δ͕, ຊݚ
,ྀͯ͠ߟͷϝϞϦͷ੍໿ΛࡍͰ͸େ͖ͳը૾σʔλΛѻ͏ڀ ϛχόονຖͷσʔ
λ఺ͷີ౓Λઁಈʹ৐͢ࢉΔ͜ͱͰௐઅͨ͠. ϛχόον಺Ͱͷॏ৺ µʹ͍ۙσʔ

λ఺ʹ͓͍ͯ͸ઁಈͷେ͖͕͞খ͘͞ͳΓ, ॏ৺ʹٯ µ͔Β཭ΕͨҐஔʹଘ͢ࡏΔ

σʔλ఺ʹରͯ͠͸ઁಈ͕େ͖͘ͳΔ (ਤ 3.4). Algorithm 1ʹϛχόονֶशʹ
͓͚Δ VATͷٖࣅίʔυΛࣔ͢.

�	�	������
�����	��
�
����
	����

�
�������
�������� 	���

��	-
�
�
����
	����

ਤ 3.4 σʔλͷૈີʹԠͨ͡ઁಈͷௐઅ. :ࠨ) ϵఆ਺࣌, ӈ: ϵม਺࣌)
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Algorithm 1 ൓෮ճ਺ 1ճͷ΂͖৐๏Λ༻͍ͨ VATͷϛχόονֶश
1: σʔληοτ D ͔ΒM αϯϓϧͷϛχόον x(i)(i = 1, ..., M)ΛϥϯμϜ
ʹநग़.

2: ϛχόον಺ͷσʔλ఺ͱॏ৺ µͷϢʔΫϦουڑ཭͔Β ϵ(i) Λࢉܭ.
ϵ(i) ← ∥x(i) − µ∥2

3: I Ψ΢ε෼෍Λ༻͍ͯ୯ҐϕΫτϧݩ࣍ d(i) ∈ RI ΛॳظԽ.
4: r = ξdͱͯ͠, ೖྗσʔλ఺ x(i) ʹ͓͚Δڑ཭ D ʹର͢Δޯ഑ g(i) Λࢉܭ.

g(i) ← ∇rD[p(y|x(i), θ), p(y|x(i) + r, θ)]|r=ξd

5: rvadv(i) Λޯ഑ g(i) Ͱߋ৽.
rvadv(i) ← ϵ(i)g(i)/∥g(i)∥2

6: Return

∇θ

(
1

M

M∑

i=1
D[p(y|x(i), θ), p(y|x(i) + rvadv

(i), θ)]
)
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3.1.4.2 Affine Distortion

΋͏Ұͭͷ SAT ͷํ๏ͱͯ͠, యܕతͳ data augmentation Ͱ͋Δ Affine
DistortionΛಋೖͨ͠. VATʹՃ͑ͯ Affine DistortionʹΑΔ SATΛ૊Έ߹Θͤ
Δ͜ͱͰ, ՄೳͰ͋Δ্͕޲ͳΔਫ਼౓ߋ [26]. ຊڀݚͰ͸σʔλຖͷϥϯμϜͳճ
స, εέʔϦϯά, ൓స, ίϯτϥετมߋ, ً౓มߋΛ༻͍ͯ data augmentation
Λߦͳͬͨ (ਤ 3.5). Affine Distortion ʹ͓͚Δ SAT ͷଛࣦؔ਺͸ࣜ (3.1.10) ͱ
ಉ༷Ͱ͋Δ. Αͬͯ, VATͱ Affine DistortionΛྀͨ͠ߟ SATͷଛࣦؔ਺ R̃SAT

͸,

R̃SAT =
1
2RSAT(θ; x, TVAT) +

1
2RSAT(θ; x, TAffine) (3.1.22)

ͱͯ͠ද͢͜ͱ͕Ͱ͖Δ. ֬཰తޯ഑߱Լ๏Λ༻͍ͯࣜ (3.1.22)Λ࠷খԽ͠, ύϥ
ϝʔλʔΛߋ৽͢Δ͜ͱͰ, Ϟσϧ͸σʔλͷมܗʹର͢ΔϩόετੑΛಘΔ͜ͱ
͕Ͱ͖Δ.

ਤ 3.5 :ࠨ ੜσʔλ, ӈ: Affine Distortionॲཧޙͷσʔλ

3.1.4.3 ৚݅ݧ࣮

IMSAT ΫϥελϦϯάϞσϧ͸ද͍ͨͮجʹ 3.3 ͷ࣮ݧ৚݅Ͱ܇࿅Λͨͬߦ.
ϝΠϯͷωοτϫʔΫͱͯ͠, େن໛ը૾σʔληοτͰ͋Δ ImageNetͰࣄલ܇
࿅͞Εͨ 50૚ͷ ResNetΛ༻͍ͨ. ImageNet͸, ͢׆΍ࣗಈंͳͲͷզʑ͕ੜݘ
Δͳ͔ͰΑ͘໨ʹ͢ΔΑ͏ͳը૾ͷେن໛σʔληοτͰ͋Δ͕, ImageNet Λ༻
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,࿅͞ΕͨϞσϧ͸Ұൠͷը૾ೝࣝͷΈͳΒͣ܇͍ͯ ૊৫පཧը૾ೝࣝʹ͓͍ͯ΋
ਫ਼౓Ͱͷࣝผ͕ՄೳͰ͋Δ͍ߴ [32]. લֶशͨ͠ࣄ ResNet ͷԼྲྀʹ 512 Ϣχο
τͷ leaky ReLU Ͱߏ੒͞ΕΔதؒ૚ͱ, ૝ఆ͢ΔΫϥελ਺ͷϢχοτΛ࣋ͭ
softmaxؔ਺ʹΑΔग़ྗ૚Λ઀ଓͯ͠ fine-tuningΛͨͬߦ.

ΫϥελʔαΠζ 4, 8, 16
࿅σʔλ਺܇ 12000
ςετσʔλ਺ 3000
Epoch 100 (37500 iterations)
Batch size 32
Dropout rate 20 %
Optimizer Adam (λ = 0.0002, β = 0.5)

ද 3.3 IMSAT ৚݅ݧ࣮
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3.2 ݁Ռɾ࡯ߟ

3.2.1 Convolutional Autoencoder + PCA

ਤ 3.6 ૊৫පཧը૾ͷ࣍ݮ࡟ݩʹΑΔՄࢹԽ .(ɿPCAɺӈɿAEࠨ) ԣ࣠: ୈҰ
ओ੒෼ (PC1), ॎ࣠: ୈೋओ੒෼ (PC2)

Convolutional Autoencoder (CAE)Λ༻͍ͯಛ௃நग़ͨ݁͠Ռʹ͍ͭͯड़΂Δ.
ਤ ͸(ࠨ3.6) CAEʹΑΔಛ௃நग़Λͣܦʹ, ୯ʹੜը૾ΛϕΫτϧԽͯ͠ PCAΛ
ద༻ͨ݁͠ՌͰ͋Δ. ݁Ռ͔Β, PC1ͷେ͖͍ྖҬͰ͸૊৫ͷۭനྖҬ͕ଟ͘ଘࡏ
͓ͯ͠Γ, PC1͕খ͘͞ͳΔʹͭΕًͯ౓ͷ௿͍ը૾͕ଘ͍ͯ͠ࡏΔ͜ͱ͔Β, ୯
ʹً౓஋ʹԠͯ͡ओ੒෼͕࣠બ୒͞Εͨͱ͑ߟΒΕΔ. Αͬͯපཧֶతʹҙຯͷ͋
Δಛ௃͸நग़Ͱ͖ͨͱ͸͍ݴ೉͍. Ұํ, PC2 ͷઈର஋͕େ͖͍ྖҬͰ͸, ૊৫ͱ
ۭനྖҬͷڥք෦෼ͷը૾͕ଟ͘ଘ͕ͨ͠ࡏ, PC2ͷେখͰපཧֶతʹେ͖ͳҙຯ
Λ࣋ͭΑ͏ͳಛ௃͸நग़Ͱ͖ͳ͔ͬͨ. PCA ͸҉໧ͷ͏ͪʹσʔλ͕ਖ਼ن෼෍ʹ
ै͏͜ͱΛԾఆ͢ΔͨΊ, ૊৫පཧը૾ͷΑ͏ʹଟ༷ͳߏ଄Λ࣋ͭݩ࣍ߴσʔλʹ
ରͯ͠͸͏·͘ػೳ͠ͳ͍ͱ͑ߟΒΕΔ.

CAEΛ༻͍ͯநग़ͨ͠ಛ௃ϕΫτϧʹରͯ͠ PCAʹΑΓ, ϓϩοʹۭؒݩ2࣍
τͨ݁͠ՌΛਤ (3.6 ӈ) ʹࣔ͢. CAE Λಛ௃நग़ثͱͯ͠༻͍ͨ৔߹ʹ͸, ୯ʹ
PCA Λద༻ͨ͠৔߹ͱ͸ҟͳΔ݁ՌΛಘΔ͜ͱ͕Ͱ͖ͨ. PC1 ͷେ͖͍ྖҬͰ
͸, ґવͱۭͯ͠നྖҬΛؚΉը૾͕ଟ͘ଘ͓ͯ͠ࡏΓ, খ͍͞ྖҬʹ͓͍ͯ΋ً
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౓஋ͷখ͍͞ྖҬ͕ଟ͘ଘ͍ͯ͠ࡏΔͨΊ, PC1͸΍͸Γً౓஋ʹΑͬͯओ੒෼࣠
͕ܾఆ͞Ε͍ͯΔ. Ұํ, PC2 ͷେ͖͍ྖҬͰ͸໌Β͔ʹࡉ๔͕֩ଟ͘, ௿෼Խܕ
͕Μ૊৫͕ଘ͍ͨͯ͠ࡏ. ·ͨ, PC2 ͷখ͍͞ྖҬʹ͓͍ͯ͸, ᡼ݪ૊৫Λओମͱ
͢Δ࣭ؒੑͷ͕Μ૊৫͕ଘ͍ͨͯ͠ࡏ. ͜ͷ͜ͱ͔Β, PC2͸ࡉ๔ີ౓ͱ࣭ؒྔʹ
Ԡͯ͡ओ੒෼͕࣠બ୒͞Εͨͱ͑ߟΒΕΔ. ୯ʹ PCA Λద༻ͨ͠৔߹ʹൺ΂ͯ,
convolution ʹΑΔಛ௃நग़͕ըૉ͝ͱͷً౓஋ͷΈͳΒͣ, ૊৫ͷൃݱύλʔϯ
΍ߏ଄ʹ͍ͨͮجಛ௃நग़ʹد༩ͨ͠ͱ͑ߟΒΕΔ. ͔͠͠, PC1ʹ͓͚Δد༩཰
͕ 0.308, PC2 ·Ͱͷد༩཰͕ 0.0524 ͱ௿͘, PC3 Ҏ߱͸ඍখͳ஋ͱͳ͓ͬͯΓ,
CAE ʹΑΔಛ௃நग़ΛҎͬͯͯ͠΋ PCA ʹΑΔපཧͷཧղ͸೉͍͠ͱ͑ߟΒΕ
Δ. ·ͨ, αϯϓϧ࡞੒࣌ʹڊେͳ૊৫පཧը૾͔ΒϥϯμϜαϯϓϦϯά͍ͯ͠
ΔͨΊ, ௿ۭ࣍ؒݩʹࣸ૾ͯ͠΋࿈ଓతͳߏ଄Λอ͍࣋ͯ͠Δ͜ͱ͕෼͔Δ. ͔͠
͠, ୯ʹ࣭ؒੑ૊৫͔ඇ࣭ؒੑ૊৫͔൱͔Λநग़͢ΔͷΈͳΒͣ, ͞Βʹ͜ΕΒΛࡉ
෼Խͯ͠ਓؒͷ໨Ͱ͸ࣝผ͕೉͍͠ൃݱύλʔϯΛ஌Δ͜ͱʹҙຯ͕͋Δ. Αͬͯ,
࿈ଓతͳߏ଄Λ࣋ͭσʔλʹର͢ΔཧղΛ༰қʹ͢ΔͨΊʹ, ཭ࢄදݱʹ Encode
ՄೳͳϞσϧΛ༻͍ͨΫϥελϦϯάʹΑΔղੳ͕ඞཁͰ͋Δͱ͑ߟΒΕΔ.

3.2.1.1 Convolutional Autoencoder + PCA ·ͱΊ

ຊ࣮͔ݧΒ, convolutionʹΑΔಛ௃நग़ً͕౓஋ͷΈͳΒͣࡉ෦ͷൃݱύλʔϯ
Λநग़ʹد༩͍ͯ͠ΔՄೳੑ͕ࣔࠦ͞Εͨ. ·ͨ, ͷ૊৫පཧ͸࿈ଓతͰ͋Δͨݩ
Ί, ୯ʹೖग़ྗؒͷࠩޡΛ࠷খԽͯ͠௿ۭ࣍ؒݩʹࣸ૾͢ΔͷΈͰ͸ࡉ෦ͷൃݱύ
λʔϯͷղऍ͢Δ͜ͱ͸೉͍͠. Αͬͯ, convolution ʹΑΔಛ௃நग़Λࡍ͏ߦʹ,
࿈ଓදݱͷΈͳΒͣ཭ࢄදݱ΁ͷ EncodeΛ͢Δ͜ͱͰզʑͷපཧ΁ͷཧղΛॿ͚
Δͱ͑ߟΒΕΔ. અ 3.1.2.3, 3.1.3 Ͱड़΂ͨ Adversarial Autoencoder ͱ IMSAT
͸ CNNͰநग़ͨ͠࿈ଓදݱΛ཭ࢄදݱ΁ EncodeͰ͖ΔΫϥελϦϯάख๏Ͱ͋
Δ. ࣍અͰͦͷ݁Ռͷৄࡉʹ͍ͭͯड़΂Δ.
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3.2.2 Adversarial Autoencoder (AAE)

Adversarial Autoencoder (AAE) ͸ Convolutional Autoencoder (CAE) Ͱந
ग़͞Εͨજࡏม਺ʹରͯ͠, Ψ΢ε෼෍ͱΧςΰϦ෼෍ΛԾఆͨ͠ΫϥελϦϯά
ϞσϧͰ͋Δ. ຊઅͰ͸ CAEͱͷ݁Ռͷҧ͍ʹ͍ͭͯड़΂ͳ͕Β, AAEʹΑΔ૝
ఆΫϥελ਺ k ʹԠͨ͡ΫϥελϦϯά݁Ռʹ͍ͭͯड़΂Δ. ͳ͓, k = 8ͷ৚݅
Ͱޯ഑ফࣦʹΑΓ, ૝ఆ͢ΔΫϥελ਺ΑΓ΋খ͍͞ΫϥελϦϯά݁Ռͱͳͬͨ.
ຊઅͰ͸ಛʹ, k = 4, 8ͷ৚݅ʹ͓͚Δ݁Ռͷৄࡉʹ͍ͭͯड़΂Δ.

3.2.2.1 AAE ΫϥελϦϯά݁Ռ (k = 4)

�

�

�

�

�

�

�

�

ਤ 3.7 AAE ΫϥελϦϯά݁Ռ (k = 4)

ΫϥελαΠζ k = 4Λ૝ఆͨ͠ΫϥελϦϯά݁ՌΛਤ 3.7ʹࣔ͢. ਤ 3.7ͷ
্ஈɾԼஈ͸ͦΕͧΕ͍ޓʹಉ͡࠲ඪͰϥϯμϜʹ੾Γग़ͨ͠ HEછ৭ը૾ͱMT
છ৭ը૾ͷΫϥελϦϯά݁ՌͰ͋Δ. ਤ͔Β, ໨ࢹʹΑΔࣝผ͕༰қͳ௿෼Խܕ
૊৫, ,૊৫ܕ෼Խߴ ۭനྖҬͷΈͳΒͣ, Ϋϥ͍ͨͮجʹ଄ߏ๔ີ౓౳ͷ૊৫ͷࡉ
ελ͕ܗ੒͞Ε͍ͯΔ͜ͱ͕෼͔Δ. ֤ΫϥελͰݟΒΕΔը૾ͷॴ͔ݟΒ, Ϋϥ
ελ 0 ͸ີߴ౓ͷ௿෼Խ͕ܕΜ૊৫, Ϋϥελ 1 ͸ࢷ๱૊৫ɾ݂؅น, Ϋϥελ 2
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͸᡼ݪ૊৫Λओମͱ͢Δ௿෼Խܕͷਁ५ੑ૊৫, Ϋϥελ 3͸Ϋϥελ 2ΑΓ͸௿
Ϩϕϧͷਁ५ੑ૊৫ͷಛ௃Λ࣋ͭΫϥελͰ͋Δͱղऍ͕Ͱ͖Δ. CAEͰ͸, ୯ʹ
௿෼Խߴ͔ܕ෼Խ͔ܕΛநग़͓ͯ͠Γ, ͞Βʹࡉ෼Խ͞Εͨ૊৫ͷλΠϓ͝ͱʹಛ
௃நग़Λ͜͏ߦͱ͕೉͔͕ͬͨ͠, જࡏม਺ʹ཭ࢄදݱΛԾఆ͢Δ͜ͱͰզʑ͕ප
ཧΛཧղ͢Δͷʹ໾ཱͭΑ͏ͳදݱΛֶश͍ͯ͠Δͱ͑ݴΔ. ͔͠͠, ͜ΕΒͷ݁
Ռ͸໨ࢹͰ΋ࣝผՄೳͳපཧͷಛ௃Ͱ͋Δ. কདྷతʹපཧֶڀݚ΍࣏ྍ๏ͷࣔࠦ౳
΁ͷԠ༻Λ͑ߟΔͱ, ΑΓࡉ෼Խ͞Εͨ૊৫্ʹݱΕΔҨ఻ࢠͷදܕݱ·Ͱࣝผ͢
Δͷ͕๬·͍͠. Αͬͯ, k = 4ͷ৚݅Ͱ͸, ໨ࢹͰΫϥελͷ޲܏͸ಡΈऔΕΔ΋
ͷͷ, কདྷతͳԠ༻ੑΛ͑ߟΕ͹ઃఆ͢ΔΫϥελ਺͕খ͗͢͞Δͱ͑ߟΒΕΔ.
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3.2.2.2 AAE ΫϥελϦϯά݁Ռ (k = 8)
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ਤ 3.8 AAE ΫϥελϦϯά݁Ռ (k = 8)

ΫϥελαΠζ k = 8Λ૝ఆͨ͠ΫϥελϦϯά݁ՌΛਤ (3.8)ʹࣔ͢. ຊ৚݅
ʹ͓͍ͯ͸, Ϋϥελ 7 ͷϢχοτ͕ޯ഑ফࣦΛͯ͜͠͠ى·͍, ૝ఆ͢ΔΫϥε
λ਺ΑΓ΋ 1ͭগͳ͍ΫϥελϦϯά݁Ռͱͳͬͨ. ͔͠͠ͳ͕Β, ֤Ϋϥελʹ
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͓͍ͯ໨ࢹʹΑΔ޲܏ΛಡΈऔΔ͜ͱ͕Ͱ͖ͨ. Ϋϥελ 0ͷࠨ 5ͭͷαϯϓϧʹ
͓͍ͯ͸, Ϧϯύਁٿ५͕ݟΒΕ, ͕Μͷਁ५ͱࢷ๱Խ͕ྖ͖ͨىҬͰ͋Δͱ͑ߟ
ΒΕΔ. Ұํ, ӈ൒෼ͷαϯϓϧʹ͓͍ͯ͸, த෼Խ؞ܕ૊৫ͷ΍΍ີͳ෦෼͕ݟΒ
Εͨ. Ϋϥελ 0͸શମͱ࣭͕ͯؒ͠গͳ͍ྖҬͰ͋Δ. Ϋϥελ 1͸, த෼Խܕ
થ؞૊৫Ͱ͋Γ, ͦͷ͏ͪ൒෼΄Ͳʹ͸ಛ௃తʹ᡼ݪણҡ͕ώΞϦϯԽ࣭͕ͨؒ͠
.ΒΕͨݟ Ϋϥελ 2͸, ଞΫϥελʹൺ΂ͯૄͳಛ௃Λ࣋ͭαϯϓϧ͕ݟΒΕͨ.
ओʹࢷ๱૊৫΍૊৫ͷ୺͔Β੾Γग़͞Εͨαϯϓϧͩͱ͑ߟΒΕΔ. Ϋϥελ 3͸,
Ϋϥελ 1ͱಉ༷ʹώΞϦϯԽ࣭ͨؒ͠Λநग़ͨ͠ͱ͑ߟΒΕΔ. Ϋϥελ 4Ͱ͸,
ओʹ݂؅ͱओᢄ؅ͳͲͷนΛߏ੒͢Δ᡼ݪણҡΛݕग़͍ͯ͠Δ. Ϋϥελ 5͸, த
ఔ౓ͷີ౓ͷத෼Խܕથ؞ͱ࣭ؒͰ͋Γ, ͷಛ௃Λ༗͠؞΋ΦʔιυοΫεͳᢄ࠷
͍ͯΔΫϥελͰ͋Δ. Ϋϥελ 6͸ີ͕؞ʹೖ͍ͬͯΔ૊৫Ͱ͋Γ, ௿෼Խओମ
͔࣭ؒ૿ੜ͕গͳ͍ྖҬΛݕग़͍ͯ͠Δͱ͑ߟΒΕΔ.
͜ΕΒΛ·ͱΊΔͱ, Ϋϥελ 1, 3, 5͕͍ۙಛ௃Λ༗͓ͯ͠Γ, 1 > 3 > 5ͷॱ

ʹ࣭ؒͷώΞϦϯԽ͕͍ڧ. ·ͨ, Ϋϥελ 3, 5 ͕͍ۙಛ௃Λ༗͍ͯ͠Δ͕, Ϋϥ
ελ 5͸໌Β͔ʹนߏ੒ણҡ͕ϝΠϯͷΫϥελͰ͋Δ. Ϋϥελ 0, 6Ͱ΋͍ۙಛ
௃Λ༗͓ͯ͠Γ, ࣭͕ؒগͳ͍૊৫Ͱ͋Δ. ޯ഑ফࣦʹΑΓ, ૝ఆ͢ΔΫϥελ਺Α
Γ΋খ͍͞ΫϥελαΠζʹͳͬͨ΋ͷͷ, ຊ৚݅ʹ͓͍ͯ΋֤Ϋϥελͷ޲܏Λ
ಡΈऔΔ͜ͱ͕Ͱ͖ͨ.

3.2.2.3 AAE k = 8 ݮ࡟ݩ࣍

AAE͸཭ࢄද͕ݱҰ༷ΧςΰϦ෼෍ʹै͍, ࿈ଓදݱ͸ଟมྔΨ΢ε෼෍ʹै͏
Α͏ʹਖ਼ଇԽ͍ͯ͠Δ͕, ௿ۭ࣍ؒݩͰ͸֤αϯϓϧ͕ͲͷΑ͏ʹ෼෍͍ͯ͠Δͷ
͔ͱ͍͏ٙ໰͕ੜ·ΕΔ. Ճ͑ͯ, පཧॴ͔ݟΒ໨ࢹͰ൑ఆͰ͖ΔΫϥελʔؒͷ
͕ۙ͞, ಛ௃ۭؒ಺ͷۙ͞ͱҰக͢Δͷ͔Λௐ΂ΔͨΊ, ख๏ͷݮ࡟ݩ࣍ 1 ͭͰ͋
Δ Isomap [33]Λ༻͍ͯ, AAEͷજࡏม਺ͷՄࢹԽΛߦͳͬͨ. ͦͷ݁Ռ, පཧॴ
,Ϋϥελʔؒͷۙ͞͸͍ͨͮجʹݟ ಛ௃ۭؒ಺ʹ͓͚ΔΫϥελʔؒͷۙ͞ͱ֓
ͶҰகͨ͠ (ਤ 3.9).
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ਤ 3.9 AAE k = 8 IsomapʹΑΔ࣍݁ݮ࡟ݩՌ

ಛ௃ۭؒ಺ͰݟΔͱ, Ϋϥελ 0, 1, 3, 5ͱΫϥελ 2, Ϋϥελ 4, Ϋϥελ 6ͷ
4ͭͷΫϥελʹେผͰ͖Δ. Ϋϥελ 0, 1, 3, 5͸ओʹਁ५ੑ૊৫͕ೖΓࠞͬͨ͡
ྖҬͰ͋Γ, ૊৫ͷܗଶతಛ௃͕࿈ଓతͰ͋Δ͜ͱΛ൓ө͍ͯ͠Δ. ͜ΕΒ͸ CAE
ͷ݁Ռ (ਤ 3.6ӈ)ͱಉ༷, શମͷ૊৫ඪຊΛϥϯμϜαϯϓϦϯάͨ͜͠ͱʹىҼ
͢Δ. ·ͨ, Ϋϥελ 2͸ૄͳಛ௃Λۭ࣋ͭനྖҬ΍ࢷ๱૊৫Λத৺ͱ͢ΔΫϥε
λͰ͋Γ, ໨ࢹͰ΋໌Β͔ʹ૊৫ͱ͸ҟͳΔಛ௃Λ͍࣋ͬͯΔͨΊ, ಛ௃ۭؒ಺Ͱ΋
ଞ૊৫ͷΫϥελ͔Β཭Εͯଘ͍ͯ͠ࡏΔ. Ϋϥελ 4͸, ۭനྖҬͱਁ५ੑ૊৫
͕ೖΓࠞͬͨ͡Α͏ͳಛ௃Λ͍࣋ͬͯΔͨΊ, Ϋϥελ 0, 1, 3, 5ͱΫϥελ 2ͷ
ؒʹҐஔ͓ͯ͠Γ, ͜Ε΋໨ࢹʹΑΓ֬ೝ͞Ε֮ͨࢹతͳۙ͞ͱ΄΅Ұக͍ͯ͠Δ.
ҰํͰҰࡍಠཱͨ͠ΫϥελΛܗ੒͍ͯ͠ΔΫϥελ 6͸, ࣭ؒΛ΄ͱΜͲؚ·ͳ
͍௿෼Խີߴܕ౓ͷ͕Μ૊৫Ͱ͋Δ͕, ͜ͷΫϥελʹ͸ਖ਼ৗથ๪૊৫΋ؚ·Εͯ
͍Δ (ਤ 3.10). ·ͨ, Ϋϥελ 0, 6͸ྨ͢ࣅΔܗଶతಛ௃Λ༗͍͕ͯͨ͠, ಛ௃ۭ
ؒ಺Ͱ͸཭Εͯଘ͍ͯ͠ࡏΔ. ͜ΕΒͷ݁Ռ͸. ޯ഑ফࣦ͕͖ͨ͜ىͱʹΑΓ, ප
ཧͷಛ௃Λઆ໌͢ΔͨΊʹे෼ͳΫϥελ਺ʹຬͨͳ͔ͬͨՄೳੑ͕ࣔࠦ͞Ε, ֶ
शʹ͞ΒͳΔ޻෉͕ඞཁͰ͋Δͱ͑ߟΒΕΔ. ຊ৚݅ʹ͓͍ͯ, ๔ີ౓ࡉ (Ϋϥελ
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6)΍࣭ؒ (Ϋϥελ 1, 3, 5)ͳͲͷᢄ؞ͷධՁʹ༻͍ΒΕΔΑ͏ͳΫϥελΛಘΔ
͜ͱ͕Ͱ͖ͨͱ͑ݴΔ͕, ϚΫϩͳ૊৫ߏ଄ͷݕग़ʹཹ·͍ͬͯΔ. ·ͨ, Ϋϥελ
αΠζͷ੍໿͔Β, কདྷతʹ໨ඪͱ͢ΔҨ఻ݱൃࢠͷදܕݱ·Ͱͷࣝผ͸ࠔ೉Ͱ͋
Δͱ͑ߟΒΕΔ.

ਤ 3.10 ਖ਼ৗથ๪૊৫ ౓͕Μ૊৫ີߴܕͱ௿෼Խ(ࠨ) (ӈ)

3.2.2.4 Adversarial Autoencoder ·ͱΊ

ຊ࣮͔ݧΒ CAE ͷજࡏม਺ʹରͯ͠཭ࢄදݱΛԾఆ͢Δ AAE Λ༻͍Δ͜ͱ
Ͱ, ͷධՁʹ༻͍ΒΕΔΑ͏ͳΫϥελΛಘΔ͜ͱ͕Ͱ؞๔ີ౓΍࣭ؒͳͲͷᢄࡉ
͖ͨ. පཧඪຊશମͰ࿈ଓతͳߏ଄Λ࣋ͭපཧը૾ʹରͯ͠, ཭ࢄදݱΛԾఆ͢Δ
͜ͱ͸ෳࡶͳߏ଄Λఄ͢ΔපཧΛզʑ͕ཧղ͢Δ͜ͱʹ໾ཱͭͱ͑ݴΔ. ͔͠͠,
AAE ͸ GAN ,ม਺ʹ෼෍ΛԾఆ͢ΔͨΊࡏજ͍ͯͮجʹ ֶश͕҆ఆͤͣʹޯ഑
ফࣦ͕͖ىΔ఺͕໰୊ͱͳΔ. k = 8͔Βޯ഑ফࣦ͕͖ͯ͠ى·͍, k = 16Ҏ߱Ͱ
͸Ϋϥελ͕அยԽ͞Εա͗ͨͨΊʹපཧֶతͳ޲܏ΛಡΈऔΔ͜ͱ͕ࠔ೉ͱͳͬ

ͨ (ਤ 3.11, 3.12). AAEʹ͓͍ͯ, જࡏม਺ʹΨ΢ε෼෍ͱΧςΰϦ෼෍Λ໛฿͞
ͤΔ Generator ͱ, ͦͷજࡏม਺͕ਅͷ෼෍༝དྷ͔ Generator ༝དྷ͔Λࣝผ͢Δ
Discriminator ͷڝ߹తͳֶश͕ߦΘΕΔ. Generator ͷޯ഑͕େ͖͘ͳΓ͗ͨ͢
৔߹͸, Discriminator ͕ࣝผͰ͖ͳ͍Α͏ͳҙຯͷͳ͍σʔλΛੜ੒͠ଓ͚ͯ͠
·͍ҙਤͨ݁͠ՌΛಘΒΕֶͣश͕ࣦഊ͢Δ. ҰํͰ, Discriminatorͷޯ഑͕େ͖
͘ͳΓ͗͢Δͱ, Generator͸ਅͷ෼෍Λ໛฿͢Δ͜ͱ͕Ͱ͖ͣޯ഑ফࣦΛ͜͠ى
ͯ͠·ֶ͍शʹࣦഊ͢Δ. GANͷֶशΛ҆ఆԽͤ͞ΔςΫχοΫ [34]͸ݧܦతʹ
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஌ΒΕ͍ͯΔ͕, ཧ࿦తͳղੳ͸ະͩෆ໌ͳ఺͕ଟ͍.
ຊ࣮ݧͰ͸ղऍՄೳͳΫϥελαΠζ͸ k = ,దͰ͕͋ͬͨ࠷8͕ ً౓஋͕͍ۙ

ਖ਼ৗથ๪૊৫ͱ௿෼Խ͕ܕΜ૊৫͕ಉ͡Ϋϥελʹଐ͍ͯ͠Δ఺͔Β, ͞ΒͳΔΫ
ϥελͷ෼ׂ͕ඞཁͰ͋Δͱ͑ߟΒΕΔ. ຊڀݚͰ͸ GANͱ͸ҟͳΔํ๏Ͱը૾
ͷ཭ࢄදݱΛಘΔ IMSAT΋༻͍ͨ. ࣍અͰͦͷ݁ՌͷৄࡉΛड़΂Δ.
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ਤ 3.11 AAE ΫϥελϦϯά݁Ռ (k = 16) (HE)
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ਤ 3.12 AAE ΫϥελϦϯά݁Ռ (k = 16) (MT)
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3.2.3 IMSAT ΫϥελϦϯά݁Ռ

IMSATͰ͸ ImageNetʹΑΔ܇࿅ࡁΈͷ ResNetΛಛ௃நग़ثͱͯ͠༻͍ͨͨ
Ί, ֶशͷऩଋ͕ૣ͘, AAEͰ໰୊ʹͳ͍ͬͯͨޯ഑ফࣦ໰୊Λճආ͢Δ͜ͱ͕Ͱ
͖ͨ. ֤Ϋϥελ৚݅͝ͱʹ݁Ռͷৄࡉʹ͍ͭͯड़΂Δ.

3.2.3.1 IMSAT ΫϥελϦϯά݁Ռ (k = 4)
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ਤ 3.13 IMSAT ΫϥελϦϯά݁Ռ (k = 4)

k = 4ʹ͓͚Δ݁ՌΛਤ 3.13ʹࣔͨ͠. Ϋϥελ 0Ͱ͸, ௿෼Խີߴܕ౓͕Μ૊
৫͕ݟΒΕͨ. Ϋϥελ 1Ͱ͸, ۭനྖҬ͕ݕग़͞Ε, ͜ͷΫϥελ͸පཧֶతʹେ
͖ͳҙຯ͸ͳ͍. Ϋϥελ 2Ͱ͸, ࣭ؒੑ͕Μ૊৫ʹՃ͑, .ΒΕͨݟ๱૊৫΋ࢷ Ϋ
ϥελ 3Ͱ͸, ਖ਼ৗથ๪૊৫΍݂؅, Ϧϯύٿ, ๱૊৫౳ͷੑ࣭͕ҟͳΔ༷ʑͳ૊ࢷ
৫͕͍ࠞͨͯ͠ࡏ. Αͬͯຊ৚݅Ͱ͸, AAEʹ͓͚Δ k = 4ͱಉ༷, ઃఆΫϥελ
αΠζ͕খ͗͢͞Δͱ͑ߟΒΕΔ.
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3.2.3.2 IMSAT ΫϥελϦϯά݁Ռ (k = 8)
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ਤ 3.14 IMSAT ΫϥελϦϯά݁Ռ (k = 8)

ຊ৚݅ʹ͓͍ͯ AAEͷಉ৚݅ͱҟͳΔΫϥελϦϯά݁ՌΛಘͨ (ਤ 3.14). ·
ͣಥච͢΂͖͸ޯ഑ফࣦΛճආ͠, ૝ఆ͢ΔΫϥελ਺ͷΫϥελϦϯά݁ՌΛಘ
Δ͜ͱ͕Ͱ͖ͨ఺Ͱ͋Δ. ֤Ϋϥελͷ޲܏Λॱʹड़΂Δ.
Ϋϥελ 0 ͸, .૊৫Ͱ͸ͳ͘ਖ਼ৗͳᢄଁથ๪૊৫͕ϝΠϯͷΫϥελͰ͋Δ؞

Ϋϥελ 1, 6͸, ᢄ؞ಛ༗ͷ࣭͕ؒࠞ͟Γ߹ͬͨ௿෼Խܕᢄ؞૊৫Ͱ͋Δ. Ϋϥε
λ 1, 6 ؒͰਤ 3.14 ͔Β͸පཧҩʹΑΔ໨ࢹͰ໌֬ͳҧ͍͕֬ೝͰ͖ͳ͔͕ͬͨ,
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૊৫શମͰ၆ᛌ͢Δ͜ͱͰͦͷผͷҧ͍Λ֬ೝͰ͖ͨͷͰޙड़͢Δ. Ϋϥελ 2͸
ൺֱతີͳᢄ؞૊৫Ͱ, ᢄ؞ʹಛ௃తͰ͋Δ࣭ؒԽ͕๡͍͠෦෼Ͱ͋Δ. Ϋϥελ
3͸, ૊৫ͷ୺ʹ͍ۙ෦෼Ͱ͋Γ, ,๔ͳͲࡉ๱૊৫΍Ԍ঱ࢷ খ͞ͳࡉ๔͕ͯ͠ࡏࢄ
͍ΔྖҬͰ͋Δ. Ϋϥελ 4͸, ൺֱతେ͖ͳ݂؅น͕ϝΠϯͰ͋Δ. Ϋϥελ 5,
7͸, ۭനྖҬ͋Δ͍͸૊৫ͷ୺ͷྖҬͰ͋Γ, පཧֶతʹେ͖ͳҙຯ͸ͳ͍. AAE
Ͱ͸ 8ΫϥελΛ૝ఆͯ͠܇࿅Λͨͬߦͱͯ͠΋, ޯ഑ফࣦʹΑΓ 1ͭগͳ͍ 7Ϋ
ϥελͱͳ͕ͬͨ, IMSATͰ͸૝ఆ͢ΔΫϥελ਺ͷ݁ՌΛಘΔ͜ͱ͕Ͱ͖ͨ. ͜
Ε͸, σʔλͷૈີʹԠͨ͡ SAT ਖ਼ଇԽʹΑΔޯ഑ফࣦͷճආ΍ ImageNet ʹΑ
ΔࣄલֶशϞσϧΛಛ௃நग़ثͱͯ͠༻͍ͨ͜ͱ͕د༩ͨ͠ͱ͑ߟΒΕΔ. Ώ͑ʹ
େ͖͍ΫϥελαΠζʹઃఆͯ͠΋ޯ഑ফࣦΛ๷͙͜ͱ͕Ͱ͖, Ҩ఻ݱൃࢠͷදݱ
.Ͱ෼ྨͰ͖ΔՄೳੑ͕ࣔࠦ͞ΕΔ·ܕ

3.2.3.3 IMSAT ΫϥελϦϯά݁Ռ (k = 16)

k = 16ͷ IMSATʹΑΔΫϥελϦϯά݁Ռ͸ਤ 3.16ͷ௨ΓͰ͋Δ. ΂͖͘ڻ
͜ͱʹ, k = 16ʹઃఆͯ͠΋ޯ഑ফࣦΛͣ͜͞ىʹΫϥελϦϯάΛ͜͏ߦͱ͕Ͱ
͖ͨ. ֤ΫϥελͰ֓Ͷͨࣅ͕޲܏૊৫Λݕग़Ͱ͖͍ͯΔ͕, Ϋϥελ 1, 10ͳͲͰ
͸࣭ؒੑͷ૊৫΍ີߴ౓͕Μ૊৫ͷࠞݟ͕ࡏΒΕͨ. ·ͨ, Ϋϥελ 13, 15ʹ͓͍
ͯ͸΄΅ಉ͡޲܏Λ࣋ͭ૊৫͕ݕग़͞Ε͓ͯΓ, k = 16Ͱ͸Ϋϥελ͕ࡉ෼Խ͞Ε
͗ͯ͢͠·͍, .͏·͹Β͚͕ͯ͠޲܏ Αͬͯ, ΫϥελαΠζ k ͸ 16ະຬͰܾఆ
͢΂͖Ͱ͋Δͱ͑ߟΒΕΔ.
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ਤ 3.15 IMSAT ΫϥελϦϯά݁Ռ (k = 16) (HE)
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ਤ 3.16 IMSAT ΫϥελϦϯά݁Ռ (k = 16) (MT)

3.2.3.4 IMSAT ݮ࡟ݩ࣍ (k = 8)

ຊ࣮ݧʹ͓͍ͯಥච͢΂͖݁Ռ͸, AAEͰࣝผࠔ೉ͩͬͨີͳ؞૊৫ͱਖ਼ৗથ๪
૊৫ͷΫϥελΛͦΕͧΕಘΔ͜ͱ͕Ͱ͖ͨ఺Ͱ͋Δ. ͦ͜Ͱ, ಛ௃ۭؒ಺Ͱ֤૊
৫͕Ͳ͏෼෍͍ͯ͠Δͷ͔Λ֬ೝ͢ΔͨΊʹ, Isomap ʹΑΔಛ௃ۭؒͷՄࢹԽΛ
ͨͬߦ (ਤ 3.17).
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ਤ 3.17 IsomapʹΑΔ࣍݁ݮ࡟ݩՌ (k = 8)

શମͱͯ͠໨ࢹͰ֬ೝͰ͖Δපཧॴݟͷ͕ۙ͞ಛ௃ۭؒ಺Ͱ΋Ұக͍ͯ͠Δ͕,
ਖ਼ৗથ๪૊৫͕Ұࡍಠཱͨ͠ΫϥελΛܗ੒͍ͯ͠Δ͜ͱ͕֬ೝͰ͖Δ. ৭ͷΈ͔
Βࣝผ͞Εͨͱ͢Ε͹, Ϋϥελ 2 ͷີߴ౓͕ΜΫϥελʹଐ͢Δͱ͑ߟΒΕΔ.
͔͠͠, ࿈ଓతͳߏ଄Λ࣋ͭᢄଁ૊৫ͷͲͷΫϥελͱ΋ԕ͍Ґஔʹଘ͠ࡏ, ࡍ࣮
ʹશମͷපཧը૾ʹ͓͍ͯ΋ଞ૊৫ͱൺ΂ͯಠཱ͍ͯ͠Δ (ਤ 2.2). Ұൠతʹը૾
σʔλ͸ྡ઀͢ΔըૉؒͰ૬͕ؔ͘ڧ, େͳ૊৫පཧ্ʹ͓͍ͯ΋ͦΕ͕൓ө͠ڊ
͍ͯΔͨΊͩͱ͑ߟΒΕΔ.

3.2.3.5 IMSAT ݮ࡟ݩ࣍ (k = 16)

k = 16 ͷ৚݅ʹ͓͍ͯ΋ Isomap ʹΑΔಛ௃ۭؒͷՄࢹԽΛͨͬߦ (ਤ 3.18).
k = 8 ͷ৚݅ʹൺ΂Δͱ, ֤Ϋϥελ͕ΑΓ͍ͯ͠ࡏࢄΔ͜ͱ͕෼͔Δ. Ϋϥελ
13, 15 ΍Ϋϥελ(౓͕Μ૊৫ີߴ) 8 (ਖ਼ৗથ๪૊৫)ͳͲ, ࣭ؒΛ͋·Γؚ·ͳ͍
૊৫Ͱ͸ଞΫϥελʹൺ΂͍ͯߴ͕ੑूڽ. ͔͠͠, Ұຕͷը૾தʹෳ਺Ϋϥελ
ͷ૊৫ͷಛ௃͕͍ࠞͯ͠ࡏΔΫϥελ 1, 10 ౳Ͱ͸·͹Βʹ഑ஔ͞Ε͓ͯΓ, ࣝผ
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,ΒΕ͑ߟք෇ۙͰࣝผ͕ᐆດͳαϯϓϧͰ͋Δͱڥ SATʹΑΔਖ਼ଇԽ͕ऑ͍Մೳ
ੑ͕ࣔࠦ͞ΕΔ. ·ͨ, Ϋϥελͷ͕ੑूڽখ͍͞఺͔ΒͯݟΫϥελαΠζ͸ 16
ҎԼ͕๬·͍͠ͱ͑ߟΒΕΔ.

ਤ 3.18 IsomapʹΑΔ࣍݁ݮ࡟ݩՌ (k = 16)

3.2.3.6 ॴଐ֬཰ώʔτϚοϓ Ϋϥελ 1, 6 (k = 8)

ਤ 3.14ʹ͓͍ͯ, Ϋϥελʔ 1, 6ʹ͸໌֬ͳҧ͍͕ݟΒΕͳ͔ͬͨ. IMSATʹ
͓͚Δग़ྗ૚Ͱ͸ softmaxؔ਺Λ༻͍͍ͯΔͨΊ, ֤Ϋϥελͷॴଐ֬཰ΛಘΔ͜
ͱ͕ՄೳͰ͋Δ. ͦ͜Ͱ, ֤஫໨Ϋϥελ͝ͱͷॴଐ֬཰Λ૊৫શମͰՄࢹԽ͢Δ
͜ͱͰ, αϯϓϧ୯ମͰ͸ෆ໌ͩͬͨΫϥελͷ޲܏ͷղऍΛࢼΈΔ.
֤ΫϥελͷΧϥʔϚοϓ, Ϋϥελ͍ͨͯࣅ͕޲܏ 1, 6 ͷॴଐ֬཰ͷώʔτ

ϚοϓΛͦΕͧΕਤ 3.19 – 3.21ʹࣔͨ͠. ਤ 3.19͔Β֤Ϋϥελ͕, ࣭ؒ, થ๪૊
৫, .Δ͜ͱ͕෼͔Δ͍ͯ͠ूڽ๱૊৫ͳͲ૊৫ଐੑ͝ͱʹΫϥελ͕ࢷ
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ਤ 3.19 IMSAT (k = 8) ΫϥελͷΧϥʔϚοϓ

ಛʹ͍ͨͯࣅ͕޲܏Ϋϥελ 1, .͏ߦΛ࡯ߟ͍ͯͭʹ6 Ϋϥελ 1 (ਤ 3.22)ʹ
͓͍ͯ͸, શମతʹ࣭ؒΛؚΉྖҬ͕ݕग़͞Ε͓ͯΓ, ಛʹ෼Խ౓͕؅͍ߴঢ়ߏ଄
ͷ͕ΜΛݦஶʹݕग़͍ͯͨ͠. ෼Խ౓͕͕͍ߴΜ͸૊৫ͱͯ͠੒ख़͓ͯ͠Γ, ૿৩
ೳ͕௿͘, ѱੑ౓͸௿͍. Ϋϥελ 6ʹ͓͍ͯ͸, શମͱ࣭ͯؒ͠ੑ͕ΜྖҬΛݕग़
͍͕ͯͨ͠, Ұ෦ྖҬͰີߴ౓͕Μ૊৫͕͍ࠞͨͯ͠ࡏ (ਤ 3.23). ͜ͷ݁Ռ͔Β૝
ఆ͢ΔΫϥελ਺ k = 8Ͱ͸খ͗͢͞ΔՄೳੑ͕ࣔࠦ͞ΕΔ. ద੾ͳΫϥελαΠ
ζΛઃఆ͢Δ͜ͱͰ, ࣭ؒྔ΍෼Խ౓ͳͲ, ΑΓࡉ෦ͷܗଶతಛ௃ʹͮ͘جΫϥε
λϦϯά͕ՄೳͰ͋Δͱ͑ߟΒΕΔ.
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ਤ 3.20 IMSAT (k = 8) Ϋϥελ 1 ॴଐ֬཰ώʔτϚοϓ
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ਤ 3.21 IMSAT (k = 8) Ϋϥελ 6 ॴଐ֬཰ώʔτϚοϓ

ਤ 3.22 IMSAT (k = 8) Ϋϥελ 1 நग़͞Εͨߴ෼Խܕ૊৫
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ਤ 3.23 IMSAT (k = 8) Ϋϥελ 6 ੑ࣭ͷҟͳΔ૊৫ͷࠞࡏ :ࠨ) ౓௿෼ີߴ
Խ͕ܕΜ૊৫, ӈ: ࣭ؒੑ͕Μ૊৫)

3.2.3.7 ॴଐ֬཰ώʔτϚοϓ Ϋϥελ 13, 15 (k = 16)

અ 3.2.3.6 ͱಉ༷, k = 16 ʹ͓͍ͯ΋֤ΫϥελͷΧϥʔϚοϓͱ, Α͕͘޲܏
Ϋϥελ͍ͨͯࣅ 13, 15ͷώʔτϚοϓΛ࡞੒ͨ͠ (ਤ 3.24 - 3.26). k = 8ͷ݁Ռ
(ਤ 3.19) ͱൺ΂ͯશମతʹΫϥελͷࡉ෦ͷ޲܏Λݕग़͍ͯͨ͠ (ਤ 3.24). ͔͠
͠, Ϋϥελ 13, 15Ͱ͸, ΄΅ಉ͡૊৫Λݕग़͓ͯ͠Γ, ΋Ϋϥεͯݟ෦ͷಛ௃Λࡉ
λؒͰେ͖ͳҧ͍͸ݟΒΕͳ͔ͬͨ (ਤ 3.25, 3.26). ͜ͷ͜ͱ͔Β, Ϋϥελ਺Λେ
͖͘͢Δ͜ͱͰΑΓࡉ෦ͷܗଶతಛ௃Λݕग़͢Δ͜ͱ͕ࣔࠦ͞ΕΔ͕, Ϋϥελͷ
ແҙຯͳ෼ׂΛҾ͖ͨ͢͜ىΊ, k = 16ະຬͰͷద੾ͳΫϥελαΠζͷઃఆ͕ඞ
ཁͰ͋Δͱ͑ߟΒΕΔ.
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ਤ 3.24 IMSAT (k = 16) ΫϥελͷΧϥʔϚοϓ

���

���

ਤ 3.25 IMSAT (k = 16) Ϋϥελ 13 ॴଐ֬཰ώʔτϚοϓ
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ਤ 3.26 IMSAT (k = 16) Ϋϥελ 15 ॴଐ֬཰ώʔτϚοϓ

3.2.3.8 ධՁํ๏ͷݕ౼

පཧը૾ͷಛ௃நग़ͱΫϥελϦϯάʹ͓͍ͯॏཁͳ఺ͷҰͭͱͯ͠࠷దΫϥε

λ਺͕͍ͭ͘ͳͷ͔ͱ͍͏͜ͱ͕͛ڍΒΕΔ. ʹஈ֊ͰχϡʔϥϧωοτϫʔΫݱ
,͍͓ͯʹΫϥελϦϯάख๏͍ͨͮج Ϋϥελ਺ΛࣗಈͰܾఆ͢ΔͨΊͷධՁج
४͸ݱஈ֊͸·ͩݶΒΕ͍ͯΔ. ΋୅දతͳΫϥελϦϯάख๏ͱͯ͠࠷ k-means
,ΒΕΔ͕͛ڍ͕ Ϋϥελ਺͸࢖༻͢Δσʔλʹؔ͢ΔԿΒ͔ͷ஌ࢦ͍ͯͮجʹݟ
ఆ͠ͳ͚Ε͹ͳΒͳ͍. Ϋϥελ਺Λࢦఆͤͣͱ΋ΫϥελϦϯά͕Մೳͳख๏ͱ
ͯ͠ x-means [35] .ΒΕΔ͛ڍ͕ x-means ͸, ϕΠζ৘ใྔج४ (BIC: Bayesian
Information Criterion)ΛΫϥελ෼ׂͷج४ͱͯ͠༻͍ͯ, ʹతؼ࠶ 2-meansΛ
.దͳΫϥελ਺Λܾఆ͢Δ͜ͱ͕Ͱ͖Δ࠷Γฦ͢͜ͱͰ܁ x-means Ͱ͸ϢʔΫ
Ϧουڑ཭ʹ͍ͯͮجΫϥελϦϯάΛͨ͏ߦΊ, ֤Ϋϥελ͕ਖ਼ن෼෍ʹै͏ͱ
Ծఆ͢Δ͜ͱͰ໬౓Λ͢ࢉܭΔ͜ͱ͕Ͱ͖Δ. χϡʔϥϧωοτϫʔΫͷதؒ૚Ϣ
χοτ਺ͷܾఆج४ʹ͓͍ͯ΋ BICΛ༻͍Δํ๏͕ఏҊ͞Ε͍ͯΔ [36]. χϡʔϥ
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ϧωοτϫʔΫΛ༻͍ͨࣝผϞσϧʹ͓͍ͯ, ग़ྗ૚Ͱ Sigmoidؔ਺΍ Softmaxؔ
਺Λ༻͍Δͷ͕ҰൠతͰ͋Δ. χϡʔϥϧωοτϫʔΫʹ͍ࣝͨͮجผϞσϧͷ܇
࿅࣌ʹ͸ަࠩΤϯτϩϐʔͷ࠷খԽΛ͕͏ߦ, ֬཰తޯ഑ޮՌ๏ʹ͍ͨͮجෛͷର
਺໬౓ͷ࠷খԽʹΑΓύϥϝʔλͷਪఆΛͨ͏ߦΊ, Ұछͷ࠷໬ਪఆͱݟͳ͢͜ͱ
͕Ͱ͖Δ. Ώ͑ʹग़ྗ૚ʹ͓͚Δ Sigmoidؔ਺΍ Softmaxؔ਺͸֬཰ͱͯ͠ѻ͏
͜ͱ͕Ͱ͖, Δ͜ͱͰ͢ࢉܭେ໬౓Λ࠷ BICͷ͕ࢉܭՄೳͰ͋Δ. ຊڀݚͰ༻͍ͨ
ϞσϧͰ͸ଛࣦؔ਺ͱͯ͠ަࠩΤϯτϩϐʔ͸༻͍ͯ͸͍ͳ͍͕, පཧֶతʹ͍ۙ
ಛ௃Λ࣋ͭσʔλؒͷۙ͞͸࣍ޙݮ࡟ݩͷಛ௃ۭؒ಺Ͱͷۙ͞ͱҰக͠, Softmax
ؔ਺ͷग़ྗ͕Ϋϥελͷॴଐ֬཰ͱͯ͠ৼ෣͍ͬͯΔͱ͑ߟΒΕ, ಉ༷ͷํ๏Ͱ
BIC ͷࢉܭΛࢼΈͨ. ͔͠͠, ૝ఆΫϥελ਺͕૿େ͢ΔʹͭΕͯ BIC ΋୯ௐ૿
Ճ͠, ໨ࢹͰ൑ఆͨ͠࠷దΫϥελ਺ͱ BICʹ૬͕ؔݟΒΕͳ͔ͬͨͨΊ, ຊڀݚ
Ͱ༻͍ͨϞσϧʹ͓͍ͯ͸ BIC ʹΑΔධՁ͸ෆదͰ͋Δͱ͑ߟΒΕΔ. ·ͨ, த
ؒ૚ಛ௃ϕΫτϧʹରͯ͠ϢʔΫϦουڑ཭ʹ͍ͨͮجධՁج४Ͱ͋Δ Pseudo-F
(Calinki index) [37]ʹΑΔධՁΛࢼΈ͕ͨ, BICͱಉ༷ʹ૝ఆΫϥελ਺͕૿Ճ͢
ΔʹͭΕͯ Pseudo-F΋୯ௐݱ৅͠, ΍͸Γ໨ࢹʹΑΔ൑ఆ݁Ռͱͷ૬ؔ͸ݟΒΕ
ͳ͔ͬͨ. Αͬͯ, ΫϥελϦϯά͍ͨͮجʹஈ֊ͰͷχϡʔϥϧωοτϫʔΫݱ
Ϟσϧͷ࠷దͳΫϥελ਺͸, පཧҩʹΑΔ໨͔ࢹΒͷ൑ఆ͕࠷΋৴པͰ͖Δͱߟ
͑ΒΕ, ධՁࢦඪͷ։ൃͷͨΊʹਂ૚ֶशͷߋͳΔཧ࿦తͳղੳ͕ඞཁͰ͋Δ.

3.2.3.9 පཧҩʹΑΔ൑ఆ

௥ՃͰಉ܇࿅৚݅Ͱ k = 9, 10, 11, 12, 13, 14, 15 ͷΫϥελαΠζͰ࣮ݧΛߦͳ
͍, පཧҩʹΑΔ໨ࢹͰͷධՁΛߦͳͬͨ. පཧҩʹΑΔ໨ࢹͷ൑ఆͷ݁Ռ, దΫ࠷
ϥελ਺͸ k = 8ͱͳͬͨ. ΫϥελαΠζΛେ͖͘ઃఆ͢Δ͜ͱͰ, ΑΓࡉ෦ͷ
,Δ͕͋ʹ޲܏ग़͢Δݕଶతಛ௃Λܗ ຊڀݚͰ༻͍ͨσʔληοτ͸, ૊৫ͷߏ଄
ҟܗʹண໨ͨ͠௿ഒ཰ͷσʔληοτͰ͋Γ, ΫϥελαΠζΛେ͖͘ઃఆͯ͠΋
ແҙຯͳ෼ׂΛҾ͖͢͜ى. ྟচݱ৔Ͱ͸ߏ଄ҟܗͷΈͳΒͣ, ֩ͷҟܗ౓ ๔ҟࡉ)
(ܗ ΋ྀͯ͠ߟ਍அ͕ߦΘΕΔͨΊ, ݕͳΔߋ͍ͨ༺ഒ཰ͷσʔληοτ΋ߴޙࠓ
ূ͕ඞཁͰ͋Δ.
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3.2.3.10 IMSAT ·ͱΊ

IMSATʹͮ͘جΫϥελϦϯάϞσϧͰ͸, ΫϥελαΠζ k = 16ʹઃఆͯ͠
΋ޯ഑ফࣦΛͣ͜͞ىʹΫϥελϦϯά͕ՄೳͰ͋ͬͨ. ຊ࣮ݧͷ݁Ռ͔Β, පཧ
ֶతࢹ఺ͰΫϥελͷ޲܏ΛಡΈऔΔ͜ͱ͕Ͱ͖, ͔ͭΫϥελ࠷͍ߴ͕ੑूڽద
ͳΫϥελαΠζͷൣғ͸ 8 ≤ k < 16ͩͬͨ. පཧҩͷ໨ࢹʹΑΔ൑ఆͰͷ࠷ద
Ϋϥελ਺͸ k = 8Ͱ͋Δ͕, 1ͭͷΫϥελʹੑ࣭ͷҟͳΔ૊৫ؚ͕·Ε͍ͯΔ
αϯϓϧ΋ଘͨ͠ࡏ. ҰํͰ, k = 16Ͱ͸, ಉ͡૊৫Λநग़͢ΔΫϥελ͕ॏෳ͠
ͯ͠·͍, σʔλͷແҙຯͳ෼ׂΛҾ͖͢͜ى. ͔͠͠, ΫϥελαΠζΛେ͖͘ઃ
ఆ͢Δ͜ͱͰ, ΑΓࡉ෦ͷܗଶతಛ௃Λݕग़͢Δݟ͕޲܏ΒΕͨ. ຊڀݚͰ͸, ૊৫
ͷߏ଄ҟܗʹண໨ͯ͠௿ഒ཰ͷσʔληοτΛ༻͍͕ͨ, ߴ΋ண໨ͨ͠ʹܗ๔ҟࡉ
ഒ཰ͷσʔληοτ΋༻͍ͨߋͳΔ͕ূݕඞཁͰ͋Δ. ·ͨ, ैདྷͷΫϥελϦϯ
άͷධՁࢦඪͰ͋Δ, BICͱ Pseudo-FΛݕ౼͕ͨ͠ຊख๏ʹ͓͍ͯ͸ධՁ͕೉͠
͘, .ΑΔ൑ఆ͕ඞཁͰ͋Δʹࢹஈ֊Ͱ͸පཧҩͷ໨ݱ

3.3 ͳ͠ΫϥελϦϯάࢣڭ ·ͱΊ

ຊڀݚͰ͸, CAE, AAE, IMSAT Λ༻͍ͯᢄ؞පཧը૾ͷղੳΛߦͳͬͨ. ڭ
͸͜Ε·Ͱྫ͕ڀݚΛಘΔݟͳֶ͠शΛ༻͍ͯපཧը૾͔Β৽ͨͳපཧֶత஌ࢣ

ແ͍. CAE Λ༻͍ͯநग़ͨ͠ಛ௃ʹରͯ͠ PCA Λ༻͍Δ͜ͱͰ, ً౓஋ʹՃ͑
ͯͷ૊৫ͷܗଶతಛ௃ʹͮ͘جಛ௃நग़͕ՄೳͰ͋Δ͜ͱΛࣔͨ͠. ࣭ؒͱࡉ๔ີ
౓ʹؔ͢Δ੒෼Λநग़Ͱ͖͕ͨ, ࿈ଓతͳߏ଄Λ࣋ͭපཧը૾ʹରͯ͠͸཭ࢄදݱ
ʹ Encode͢Δํ͕ղऍੑ͕͍ߴ. ͦ͜Ͱ, AAEͱ IMSATΛ༻͍ͨΫϥελϦϯ
άΛߦͳͬͨ݁Ռ, ,࣭ؒʹڞऀ྆ ,๔ີ౓ࡉ ๔෼Խ౳ʹؔΘΔΫϥελΛಘΔࡉ
͜ͱ͕Ͱ͖͕ͨ, AAE Ͱ͸ޯ഑ফࣦ͕͖ͨىͷʹରͯ͠, IMSAT Ͱ͸ઁಈ rvadv

ʹର͢Δ܎਺ ϵ(x) ͷد༩ʹΑΓޯ഑ফࣦΛճආͰ͖ͨ. ຊڀݚͰ༻͍ͨख๏ͷத
Ͱ͸ IMSAT͕࠷΋පཧը૾ղੳʹదͨ͠ϞσϧͰ͋Δͱ͑ߟΒΕΔ. ஈ֊Ͱ͸ݱ
IMSATҎ্ʹ͍ߴਫ਼౓Λୡ੒͍ͯ͠Δࢣڭͳ͠ΫϥελϦϯάϞσϧ [38]͕ఏҊ
͞Ε͍ͯΔ. ͜ΕΛ༻͍ͯղੳ͢Δ͜ͱͰ, ΑΓੑूڽͷ͍ߴΫϥελϦϯά͕Մ
ೳͰ͋Δͱ͑ߟΒΕΔ. ҰํͰ, χϡʔϥϧωοτϫʔΫʹͮ͘جΫϥελϦϯά
Ϟσϧʹద༻Մೳͳ, ,ඪ͸·ͩ։ൃ͞Ε͓ͯΒͣࢦదΫϥελ਺ͷධՁ࠷ ਂ૚ֶ
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शͷߋͳΔཧ࿦తͳղੳ͕ඞཁͰ͋Δ.
·ͨ, ճ༻͍ͨσʔληοτ͸ࠓ HEછ৭ը૾ͱMTછ৭ը૾Ͱ͕͋ͬͨ, පཧ

,͠߹݁ʹ࿈λϯύΫʹରͯ͠ಛҟతؔࢠͰ͸ಛఆͷҨ఻ڀݚֶ ՄࢹԽͰ͖Δ໔Ӹ
છ৭΋൚༻͞Ε͍ͯΔ. ͜Ε͸, ѱੑ౓΍ਐߦ౓ʹؔΘΔόΠΦϚʔΧʔͷଟ͕͘
໔Ӹછ৭ʹΑΓݕग़͕ՄೳͳͨΊͰ͋Γ, ,͍͓ͯʹڀݚচྟʹط ಛఆͷλϯύΫ
΍సࣸҼࢠͷൃྟ͕ྔݱচපظͷ෼ྨ΍ϦϯύઅసҠ, ૊৫෼Խ౓ͱ༏Ґʹ૬ؔ͠
͓ͯΓ, ༧ޙͷ༧ଌʹؔΘΔ͜ͱ͕໌Β͔ʹͳ͍ͬͯΔ [39]. ճ༻͍ͨΑ͏ͳΫࠓ
ϥελϦϯάख๏Λ໔Ӹછ৭ը૾ʹରͯ͠΋ద༻ͯ͠ղੳ͢Δ͜ͱͰ, ໔Ӹછ৭ͷ
໨తλϯύΫʹର͢ΔҨ఻ݱൃࢠͱ૊৫ͷܗଶతಛ௃Λඥ͚ͮΔ͜ͱ͕ՄೳͰ͋Δ

ͱ͑ߟΒΕ, ͞ΒͳΔපཧֶͷൃల΍਍அิॿ΁ͷد༩͕ظ଴Ͱ͖Δ
·ͨ, ,ճ༻͍ͨσʔληοτͷ΋͏Ұͭͷಛੑͱͯ͠ࠓ ͕Μࡉ๔ूஂ͕ߏ੒͢

Δ؀ঢ়ߏ଄౳ͷߏ଄ҟܗʹண໨͓ͯ͠Γ, ͛ڍͳ͍఺ྀ͕͍ͯ͠ߟ౓͸ܗ෦ͷҟࡉ
ΒΕΔ. ͔͠͠, ,Ճ͑ͯʹܗ଄ҟߏͷ਍அͰ͸؞ͷᢄࡍ࣮ ֩ͷࡉ๔ҟܗ΋ධՁ͢Δ
͜ͱͰධՁ͕ߦΘΕΔ. কདྷతʹ, පཧҩʹ͍ۙϨϕϧͰͷ༧ଌΛ͏ߦͷͰ͋Ε͹,
.ΒΕΔ͑ߟඞཁ͕͋Δͱ͏ߦशΛֶͮ͘جʹܗ๔ҟࡉ͍ͯ༺ഒ཰ը૾Λڧ ,ʹط
40∼400 ഒͷഒ཰ผͷපཧը૾σʔληοτʹରͯ͠, Γ͋ࢣڭ CNN Λ༻͍Δ͜
ͱͰ͍ߴਫ਼౓Ͱ͕Μͷ෼ྨʹࣝผʹ੒ޭͨ͠ྫ΋ଘ͢ࡏΔ [40]. ༷ʑͳഒ཰Ͱ੾Γ
ग़ͨ͠σʔληοτΛ༻͍ͯ, ຊڀݚͰ༻͍ͨΑ͏ͳපཧը૾தͷજࡏతͳಛ௃ʹ
,ͱͰ͜͏ߦΫϥελϦϯάΛͮ͘ج Ξϊςʔγϣϯ͕೉͍࣬͠ױʹରͯ͠΋ߏ଄
ҟܗͱࡉ๔ҟܗΛྀͨ͠ߟපཧը૾ղੳΛ͜͏ߦͱͰ͖, কདྷతʹ਍அࢧԉʹݙߩ
͢ΔΑ͏ͳ, ͕Μͷѱੑ౓΍ਐߦ౓౳ͷ༧ଌϞσϧ͕ߏஙͰ͖Δͱ͑ߟΒΕΔ.
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ୈ 4ষ છ৭ม׵

ຊষͰ͸, ૊৫පཧ਍அʹ͓͚Δجຊછ৭Ͱ͋Δ HEછ৭͔Β࣭ؒͷධՁʹ༻͍
ΒΕΔMTછ৭Λ༧ଌ͢Δછ৭ม׵Ϟσϧʹ͍ͭͯड़΂Δ.

4.1 ֓ཁ

૊৫છ৭͸පཧֶڀݚͷΈͳΒͣ, खज़தʹපม෦͕ѱੑ౓ͷ൑ఆ΍, औΓ͠࢒
͕ͳ͍͔ͳͲΛ൑ఆ͢Δज़தਝ଎਍அʹ͓͍ͯॏཁͳධՁࢦඪͱͳΔ. ௨ৗ, පཧ
਍அʹ͓͍ͯ͸ HEછ৭͕ୈҰબ୒ࢶͱͯ͠༻͍ΒΕΔ͕, ಛघછ৭΍໔Ӹછ৭ͳ
Ͳͷછ৭ํ๏Λ૊Έ߹Θͤͯଟ֯తͳࢹ఺Ͱ൑ఆ͢Δ͜ͱͰ, ΑΓ࣮֬਍அΛԼ͢
͜ͱ͕Ͱ͖Δ. ͔͠͠, ෳ਺ͷછ৭ํ๏Λ༻͍Δͱ͍͏͜ͱ͸, છ৭ͷछྨͷ਺͚ͩ
αϯϓϧ͕ඞཁʹͳΔ. Խֶతʹ୤છ৭Λ͜͏ߦͱͰ, ಉ͡ඪຊʹରͯ͠࠶౓છ৭
ॲཧΛ͜͢ࢪͱ΋ՄೳͰ͋Δ͕, ૊৫ʹରͯ͠Խֶతͳम০ɾ୤म০Λ܁Γฦ͢͜
ͱ͸ඪຊͷྼԽΛҾ͖͢͜ى. ·ͨ, છ৭ͷࡍ, ͷϓϩτίϧڥ؀ݧͷٕྔ΍࣮ࢣٕ
ͷࠩҟΑͬͯੜ͡Δછ৭݁ՌͷΞʔςΟϑΝΫτ΋࣮֬ͳ਍அΛԼ͢ʹ͠ݮܰʹࡍ

͍ͨ՝୊Ͱ͋Δ. ͦ͜Ͱࠓ೔·Ͱʹ, ,଄ߏΛ༻͍ͯඪຊ಺ͷ৭΍ػࢉܭ ෼ޫεϖΫ
τϧͳͲʹ͍ͨͮج౷ܭతಛ௃͔Β͜ΕΒͷ՝୊Λղܾ͢Δ, σδλϧછ৭ͱݺ͹
ΕΔߦ͕ڀݚΘΕ͖ͯͨ [41]. σδλϧછ৭Λ׆༻ͨ͠਍அࢧԉγεςϜ͸, 10 ʙ
15 ෼Ͱਝ଎͔ͭਖ਼֬ͳ൑ఆ͕ٻΊΒΕΔज़தਝ଎਍அʹ͓͍ͯେ͍ʹ׆༂͢ΔՄ
ೳੑ͕ࠐݟ·ΕΔ. HEછ৭ʹର͢ΔΞʔςΟϑΝΫτิਖ਼ͷͨΊͷਖ਼نԽख๏ͱ
ͯ͠ stain normalizaion͕ఏҊ͞Ε͍ͯΔ [42–44]. Stain normalizaionͰਖ਼نԽ
ͨ͠ඪຊ͸, ୯ʹපཧҩ͕໨ࢹʹΑΔ਍அΛ༰қʹ͢ΔͷΈͳΒͣ, CNN౳ͷػց
ֶशϞσϧʹ͓͍ͯ΋ࣝผੑೳ্͕͢޲Δ͜ͱ͕஌ΒΕ͍ͯΔ [34]. ·ͨ, છ৭ॲ
ཧΛ͍ͯ͠ࢪͳ͍൒ಁ໌ͳඪຊʹର͠, CNN Λ༻͍ͯ HE છ৭݁Ռͷ༧ଌͱͦͷ
୤છ৭Λ͜͏ߦͱ΋ՄೳʹͳΓͭͭ͋Δ [40, 45]. છ৭༧ଌ͸ͨ͠༺׆Λػࢉܭ HE
છ৭ͷΈͳΒͣ, MTછ৭ͳͲͷಛघછ৭΁ͷద༻΋ՄೳͰ͋Δ. ෼ޫεϖΫτϧ
ղੳΛ༻͍ͯجຊછ৭Ͱ͋Δ HE છ৭͔Βಛघછ৭Ͱ͋Δ MT છ৭΁ͷมط͕׵
,ΘΕ͍ͯΔ͕ߦʹ εϖΫτϧܭଌʹ͸෼ޫ͕ثඞཁͰ͋Γ, පཧ਍அ΍ڭҭݱ৔
ʹ͓͍ͯखܰʹ׆༻Ͱ͖ΔΞϓϦέʔγϣϯ΁ͷԠ༻Λ͑ߟΕ͹, ਂ૚ֶशʹΑΔ
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༧ଌϞσϧ͕ӡ༻ੑ͕͍ߴͱ͑ߟΒΕΔ. ۙ೥, ෼෍ͷେ͖͘ҟͳΔ 1ର 1ରԠ͠
ͨը૾σʔλʹରͯ͠, ըૉ୯ҐͰߴਫ਼౓ͷճ͕ؼՄೳͳ GANͳͲͷਂ૚ੜ੒Ϟ
σϧ͕ఏҊ͞Ε͍ͯΔ. ͦ͜Ͱ, ຊ࣮ݧͰ͸ GAN ͷதͰ΋੍໿෇͖ͷ GAN Ͱ͋
Δ Conditional GAN (cGAN) [46] Λ༻͍ͯ HE છ৭͔Β MT છ৭Λ༧ଌ͢ΔϞ
σϧͷߏஙΛࢼΈΔ.

4.2 ख๏

ຊষͰ͸ҰରҰରԠͨ͠ϖΞը૾ʹରͯ͠ελΠϧม׵Λ͏ߦ GANͷख๏ͷҰ
ͭͰ͋Δ, Conditional GAN (cGAN)ʹ͍ͨͮج pix2pix [47]Λ༻͍Δ. ͦͷख๏
ͷৄࡉʹ͍ͭͯड़΂Δ.

4.2.1 Conditional GAN

Conditional GAN ͸֤σʔλʹରͯ͠υϝΠϯ৘ใΛ༩͑Δ͜ͱͰ೚ҙͷΫϥ
εͷσʔλΛੜ੒͢Δख๏Ͱ͋Δ. ௨ৗͷ GANͷ৔߹͸, JS-divergenceʹ͍ͮج
,ͱͰ͜͏ߦͳֶ͠शΛࢣڭͨ ϊΠζ z ͷ෼෍ p(z)ͱσʔλ xͷ෼෍ p(x)ʹۙͮ
͚Δ͜ͱͰ, ໬౓ؔ਺Λ௚઀ઃͣͤܭʹσʔλͷ෼෍Λਪఆ͢Δ. ·ͨ, खݩʹσʔ
λ xʹඥ͍ͮͨࢣڭϥϕϧ y ͕͋Δ৔߹ʹ͸, ϥϕϧࢣڭ y ஌ͷԼͰͷσʔλط͕

x ͷ෼෍ p(x|y) Λਪఆ͢Δ͜ͱ͕Ͱ͖Δ. ϥϕϧࢣڭ y ͕༩͑ΒΕͨͱ͖, GAN
ʹ͓͚Δࣝผث Discriminator͸ਅͷσʔλ x͕ਅͰ͋Δ֬཰ D(x|y)ͱ, ϊΠζ
z ͔Βੜ੒͞Εِͨ଄σʔλ G(z|y)ِ͕Ͱ͋Δ֬཰ 1 −D(G(z|y))Λ࠷େԽ͢Δ
໰୊Λղ͘. Ұํ, ੜ੒ثͰ͋Δ Generator͸ Discriminatorͷࣝผ཰ΛԼ͛ΔΑ
͏ʹֶश͕ߦΘΕΔͨΊ, ଛࣦؔ਺͸ࣜ (3.1.4) ͱಉ༷, ࣜ (4.2.1) ͷΑ͏ʹද͢͜
ͱ͕Ͱ͖Δ.

Lcadv = min
G

[
max

D
Ex∼pdata [log D(x|y)] + Ez∼p(z)[1− log D(G(z|y))]

]
(4.2.1)
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4.2.2 pix2pix

cGAN ͷҰͭͰ͋Δ pix2pix ͸σʔλ x ʹର͢ΔυϝΠϯ৘ใͱͯ͠ΧςΰϦ

ΧϧͳࢣڭϥϕϧͰ͸ͳ͘, σʔλ xʹߏ଄͕ 1ର 1ରԠͨ͠໨ඪը૾ y Λ༩͑Δ

͜ͱͰελΠϧม׵Λ͏ߦख๏Ͱ͋Δ. ࣜ (4.2.1)ͱಉ༷, ϊΠζ z ͷ෼෍ p(z)͔
Βσʔλ x, y ͷ෼෍ p(x, y)Λਪఆ͢ΔͷͰ, ͜ͷ࣌ͷଛࣦؔ਺͸ࣜ (4.2.2)ͷΑ͏
ʹදͤΔ.

LcGAN = Ex,y∼pdata(x,y)[log D(x, y)]
+ Ex∼pdata(x),z∼pz(z)[log(1−D(x, G(x, z)))] (4.2.2)

,ʹߋ L1 ϊϧϜΛ༻͍ͯ, ೖྗσʔλ x ͱ໨ඪը૾ y ؒͷࠩޡΛ࠷খԽΛ͏ߦ

(ࣜ (4.2.3)).

LL1(G) = Ex,y∼pdata(x,y)[∥y −G(x, z)∥1] (4.2.3)

Αͬͯ࠷ऴతͳଛࣦؔ਺͸ϋΠύʔύϥϝʔλ λ Λ༻͍ͯ, ࣜ (4.2.4) ͷΑ͏ʹ
දͤΔ.

G∗ = arg min
G

[
max

D
(LcGAN (G, D)) + λLL1(G)

]
(4.2.4)

�	�(x)

(��������


�������( G(x, z) )

-��5������y )

���1��6������

-��5
��


������
�������� ���
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ਤ 4.1 pix2pixͷߏ଄
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શମͷωοτϫʔΫߏ଄ͷ໛ࣜਤΛਤ 4.1 ʹࣔ͢. ຊછ৭Ͱ͋Δج HE છ৭Λ
ೖྗͱ͠, ಛघછ৭Ͱ͋Δ MT છ৭ͷ༧ଌΛ͏ߦ. Generator ͷωοτϫʔΫͷ
,଄ͱͯ͠ߏ ηϚϯςΟοΫηάϝϯςʔγϣϯʹ͓͚ΔσϑΝΫτελϯμʔυ
ͱͳ͍ͬͯΔ U-Net [48] Λ༻͍ͨ. U-Net ͷൃදҎલ͸ηϚϯςΟοΫηάϝϯ
ςʔγϣϯʹ͓͍ͯ Encoder-DecoderϞσϧΛϕʔεͱ͢ΔϞσϧ͕༻͍ΒΕͯ
͖ͨ. ͔͠͠, Encoder-Decoder Ϟσϧ͸தؒ૚ͷϘτϧωοΫ෦෼ʹ͓͚Δ௿
,Ίͨ͏ߦஙΛߏ࠶৘ใ͔Βͷೖྗ৘ใͷݩ࣍ ૚͕ਂ͘ͳΔ΄ͲֶशͷਐΈ͕ѱ
͘ͳΔͱ͍͏໰୊͕͋Δ. U-Net ͸ Encoder ͱ Decoder ؒͰରԠ͢Δதؒ૚ग़
ྗΛ skip connection ʹΑΓڞ༗͢Δ͜ͱͰ, ηάϝϯςʔγϣϯ΍ըૉ୯ҐͰͷ
ճؼ໰୊ʹ͓͍͍ͯߴਫ਼౓ΛൃشͰ͖Δߏ଄Ͱ͋Δ. ຊ࣮ݧͰ͸, Encoder 8 ૚,
Decoder 8૚ͷ 16૚ͷ U-NetΛ༻͍ͯ܇࿅Λͨͬߦ. Ұํ Discriminator͸ 5૚
ͷ convolution ૚Ͱߏ੒͞ΕΔ CNN Λ༻͍ͨ. ͳ͓, ग़ྗ૚Λ 2 ͷಛ௃ϕΫݩ࣍
τϧʹͯ͠ਅِͷ 2 ஋෼ྨΛ͏ߦͱ, ੜ੒ը૾ G(x, z) ͷߴप೾੒෼ʹରͯ͠ L1
ਖ਼ଇԽ͕ޮ͔ͣʹ΅΍͚ͨը૾͕ੜ੒͞Εͯ͠·͏. ͦ͜Ͱ, ग़ྗ૚Ͱ͸ 2 ݩ࣍
ͷϕΫτϧʹશ݁߹ͤ͞ΔͷͰ͸ͳ͘, ಛ௃Ϛοϓͷ··ߏ଄Λอ࣋͠, ֤ཁૉ͝
ͱʹࣝผΛ͏ߦ Patch GAN Λ࠾༻ͨ͠. ,Խؔ਺͸ੑ׆ Generator ͷதؒ૚Ͱ
leaky ReLU, ग़ྗ૚Ͱ tanh Λ༻͍ͯ, Discriminator ͷதؒ૚Ͱ ReLU, ग़ྗ૚Ͱ
Sigmoid ؔ਺Λ༻͍ͨ. ͦͷଞ࣮ݧ৚݅ʹ͍ͭͯ͸ද 4.1ͷ௨ΓͰ͋Δ.

࿅σʔλ਺܇ 12000
ςετσʔλ਺ 3000
Epoch 100 (37500 iterations)
Batch size 32
Dropout rate 50 %
Optimizer Adam (λ = 0.0002, β = 0.5)

ද 4.1 pix2pix ৚݅ݧ࣮
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4.2.3 ධՁ

ຊ࣮ݧͰ͸ੜ੒ը૾ͱ໨ඪը૾ؒͷը࣭ධՁࢦඪͰ͋Δ Stractural Similarity
(SSIM) [49]Λ༻͍ͨ. ը૾ x, y ʹ͓͚Δըૉฏۉ µx, µy, ෼ࢄ σx, σy, ࢄ෼ڞ σxy

Λ༻͍ͯ SSIM͸ࣜ (4.2.5)ͰදͤΔ.

SSIM(x, y) = (2µxµy + C1) (2σxy + C2)(
µ2

x + µ2
y + C1

) (
σ2

x + σ2
y + C2

) (4.2.5)

C1, C2 ͸ 0আࢉΛ๷͙ͨΊͷఆ਺Ͱ͋Γ, C1 = (0.01× 255)2, C2 = (0.03× 255)2

Λ༻͍ͨ. SSIM Ҏ֎ͷը࣭ධՁࢦඪͱͯ͠ฏۉೋ৐ࠩޡ΍ PSNR ͳͲ͕൚༻͞
ΕΔ͕, ਓ͕ؒ஌֮Ͱ͖ͳ͍΄ͲͷඍখͳϊΠζʹରͯ͠΋හݕʹײग़ͯ͠͠·
͏. ·ͨ, ͜ΕΒ͕औΓಘΔ஋ͷൣғ͸ແݶͰ͋ΔͨΊ, ௚ײతʹཧղ͕͠ʹ͍͘
ͱ͍͏໰୊͕͋Δ. SSIM ͸ըૉ୯ҐͰࠩޡΛ͢ࢉܭΔͷͰ͸ͳ͘, খྖҬ಺Ͱ 2
ͭͷը૾ؒͷ૬ؔΛऔΔͨΊਓؒͷۙ͘ʹ͍ۙධՁ͕ՄೳͰ͋Δ (ਤ 4.2). ·ͨ,
0 ≤ SSIM ≤ 1 ͰධՁ͕ՄೳͰ͋ΔͨΊ௚ײతʹͲΕ΄Ͳ͍ͯࣅΔͷ͔Λཧղ͠
΍͍͢ͱ͍͏ར఺͕͋Δ.

x y
�	��	�
G(x, z)

������
y

ਤ 4.2 SSIM ໛ࣜਤ

4.3 ݁Ռ

100 epoch܇࿅ͨ͠Ϟσϧʹରͯ͠ςετ༻ͷ HEછ৭ը૾ 3000αϯϓϧΛೖ
ྗ͠, MTછ৭ը૾ͷ༧ଌΛͨͬߦ. ֤αϯϓϧʹ͓͚Δ݁ՌΛਤ 4.3ʹࣔ͢. ฏۉ
SSIM͸ 0.260, தԝ஋͸ 0.234ͱͳͬͨ. ͍ߴ SSIMͰ༧ଌͰ͖ͨαϯϓϧ͸ۭന

54



ྖҬ͕ଟ͍, ͋Δ͍͸૊৫ؒͰͷڥք͕໌֬ͱ͍ͬͨݟ͕޲܏ΒΕ, ௿͍ SSIM ͷ
αϯϓϧʹ͓͍ͯ͸ٯʹ૊৫ؒͷڥք͕ᐆດͰ͋ͬͨΓ, ෳࡶͳ࣭ؒͷύλʔϯΛ
༗ͯ͠ΔͳͲͷݟ͕޲܏ΒΕͨ.

�0143


43143
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ਤ 4.3 pix2pix છ৭ม׵ ݁Ռ (খྖҬ)

খྖҬϨϕϧͰ͸ࡉ෦ͷม͏͕׵·͍͍ͬͯ͘ͳ͍αϯϓϧ͕ݟΒΕ͕ͨ, ๔ࡉ
ີ౓΍࣭ؒͳͲେҬతͳಛ௃͸֓Ͷ͕ݱ࠶Ͱ͖ͨ. ͦ͜Ͱ, ͜ΕΒͷαϯϓϧΛܨ
͗߹ΘͤΔ͜ͱͰ૊৫શମͰͷછ৭ม׵ը૾Λߏ࠶ஙͨ͠ (ਤ 4.4). ૊৫શମͰ΋
֓Ͷ੔߹ੑ͸औΕ͍ͯΔ͕, ࣭ؒͷࡉ෦ͷ͕ੑݱ࠶௿͍ͨΊ, ࣭͕ؒશମతʹബ͘
ม͞׵Ε͍ͯΔΑ͏ʹ͑ݟΔ. ਍அࢧԉͱͯ͠ͷΞϓϦέʔγϣϯԠ༻Λ͑ߟΕ
͹, େҬతͳੑݱ࠶ͷΈͳΒͣࡉ෦ͷੑݱ࠶΋ॏཁͰ͋ΔͨΊ, ͳΔվળ͕ඞཁߋ
Ͱ͋Δ.
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ਤ 4.4 pix2pix છ৭ม׵ ݁Ռ (શମ)

4.4 ͱ·ͱΊ࡯ߟ

େҬతͳੑݱ࠶͸ୡ੒ͨ͠΋ͷͷࡉ෦ͷੑݱ࠶͸·ͩվળͷ༨஍͕͋Δ. ༺ճࠓ
͍ͨ pix2pix͸, ը૾ͷελΠϧม׵ͷ GANͱͯ͠͸࠷΋جຊతͳϞσϧͷ 1ͭ
Ͱ͋Δ. GAN͸σʔλͷ෼෍Λֶश͢ΔͨΊ, ΑͨࣅΒΕͯͤدසͷಛ௃ʹҾ͖࠷
͏ͳը૾Λੜ੒͠ଓ͚Δ mode collapse͕͜ىΓಘΔ. ճͷ݁Ռ͔Β͸ͦͷΑ͏ࠓ
ͳ໰୊͕͍͖ͯىΔ͜ͱΛཪ෇͚Δ݁Ռ͸ಘΒΕͳ͔͕ͬͨ, ֶश҆ఆੑͷ্޲ͷ
ͨΊʹ JS-divergenceͰ͸ͳ͘Wassersteinڑ཭Λ༻͍Δ͜ͱͰࡉ෦ͷੑݱ࠶Λ޲
্ͤ͞ΒΕΔͱ͑ߟΒΕΔ [50]. ͔͠͠, ͦΕͰ΋ଛࣦؔ਺தʹࡉ๔΍૊৫ʹؔ͢
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ΔΑ͏ͳਖ਼ଇԽ߲͸ؚ·Ε͍ͯͳ͍ͨΊ, ຊ࣭తͳΞϓϩʔνͱ͸͍ݴ೉͍. ͜Ε
·Ͱʹ, ,͔΄ग़ख๏͕ఏҊ͞Ε͍ͯΔݕ๔֩΍૊৫ͷྖҬࡉ ը૾಺ͷΦϒδΣΫ
τʹରͯ͠ڥք৘ใΛ༩͑Δ͜ͱͰ, HDαΠζͰ͋ͬͯ΋ࡉ෦ͷ͍ߴ͕ੑݱ࠶ը
૾ม͕׵ՄೳͳϞσϧ΋طʹఏҊ͞Ε͍ͯΔ [51, 52]. ͜ΕΒΛ૊Έ߹Θͤͨછ৭
ม׵ϞσϧΛ༻͍Δ͜ͱͰ, ΑΓࡉ๔֩΍࣭ؒͳͲͷࡉ෦ͷ͕ੑݱ࠶Ұ૚ߴ·Δͱ
.ΒΕΔ͑ߟ
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ୈ 5ষ ૯ׅ

ຊڀݚͰ͸, ਂ૚ֶशΛ׆༻ͨ͠පཧֶ෼໺΁ͷ਍அࢧԉٴͼิڀݚॿΛ໨తͱ
ͨ͠ϑϨʔϜϫʔΫͷఏҊΛͨͬߦ. ैདྷͷࢣڭͳ͠ਂ૚ֶशΛ༻͍ͨը૾ղੳͷ
ํ๏ͱͯ͠ΦʔτΤϯίʔμΛ༻͍ΔΞϓϩʔν͕ఏҊ͞Ε͍ͯΔ. ͜ΕΛᢄ؞ප
ཧը૾ʹରͯ͠ద༻͢Δ͜ͱͰ, ࣭ؒ΍ࡉ๔ີ౓ͳͲਐߦ౓ʹؔΘΔ੒෼͕நग़Ͱ
͖͕ͨ, ࿈ଓతͳߏ଄Λ࣋ͭ͜ͱʹىҼ͠, ੒෼͸ந͍ͨͮجʹଶతಛ௃ܗ෦ͷࡉ
ग़Ͱ͖ͳ͔ͬͨ. ͦ͜Ͱ, ը૾ͷ཭ࢄදݱΛಘΒΕΔख๏Ͱ͋Δ IMSAT ʹΑΔΫ
ϥελϦϯάϞσϧΛ༻͍Δ͜ͱͰ, ࣭ؒɾࡉ๔ີ౓ͷΈͳΒͣ, ෼Խ౓౳ͷΑΓࡉ
෦ͷܗଶతಛ௃ʹؔ͢܎Δ੒෼ʹ෼཭͢Δ͜ͱ͕Ͱ͖ͨ. ͜Ε·Ͱͷපཧֶ෼໺΁
ͷਂ૚ֶशͷԠ༻ڀݚ͸͋ࢣڭΓֶशʹΑΔ΋ͷ͕ଟ͘, ϥϕϧͷೖखͷ೉͠ࢣڭ
͔͞Βద༻࣬ݶ͕ױΒΕ͍ͯͨ΄͔, පཧҩͷ໨ࢹʹΑΔࣝผ͕೉͍࣬͠ױʹର͢
ΔޮՌతͳը૾ղੳख๏ཱ͕͍֬ͯ͠ͳ͔ͬͨ. ຊڀݚͰ͸, લ஌ࣝΛඞཁͱͤࣄ
ͣʹ, පཧը૾͕࣋ͭજࡏతͳಛ௃͔Β૊৫ͷλΠϓʹؔ͢܎ΔΫϥελΛநग़͠
͕ͨ, ,ޙࠓ ഒ཰ผͷපཧը૾Λ༻͍ͨղੳ΍, ᢄؔ؞࿈λϯύΫͷ࢈ੜྔͱը૾ಛ
௃ྔͱͷ૬ؔΛऔΔ͜ͱͰ, ͜Ε·Ͱ໨ࢹʹΑΔ൒ఆྔతͳ਍அ͕ߦΘΕ͖ͯͨը
૾਍அʹ͓͚Δ֬৴౓ΛҰ૚্ͤ͞޲Δ͜ͱ͕Ͱ͖Δͱ͑ߟΒΕΔ.
·ͨ, ज़தਝ଎਍அ౳ͷૉૣ͍૊৫ඪຊ࡞੒͕ٻΊΒΕΔ৔໘Λ૝ఆͨ͠છ৭ม

.ͳͬͨߦͷఏҊ΋ث׵ છ৭ॲཧ͸ٕࢣ΍ڥ؀ʹΑͬͯඪຊʹΞʔςΟϑΝΫτ͕
ೖΔ৔߹͕͋Δ͕, ਂ૚ֶशΛ༻͍ͨછ৭༧ଌΛ͜͏ߦͱͰ͜ͷ໰୊ΛղফͰ͖Δ.
,ʹط છ৭ॲཧΛ͍ͯ͠ͳ͍൒ಁ໌ͳඪຊʹର͢Δ HEછ৭݁ՌΛ༧ଌ͢ΔϞσϧ
͸ఏҊ͞Ε͖͕ͯͨ, ಛघછ৭Ͱ͋Δ MT છ৭Λ༧ଌͨ͠ྫ͸͜Ε·Ͱແ͔ͬͨ.
ຊڀݚͰ༻͍ͨ࠷΋جຊతͳ GANʹ͍ͨͮجછ৭ม׵Ϟσϧʹ͓͍ͯ, ͓͓·͔
ͳ૊৫ͷ৭ͷੑݱ࠶͍ߴΛୡ੒ͨ͠. ҰํͰ, ͸௿͍ͱ͍͏໰ੑݱ࠶଄ͷߏ෦ͷࡉ
୊͕͋ΔͨΊ, ,ޙࠓ ैདྷ͔ΒఏҊ͞Ε͍ͯΔྖҬݕग़ख๏ͱࠓճ༻͍ͨख๏Λ૊
Έ߹ΘͤΔ͜ͱͰࡉ෦ͷߏ଄ͷߴ͕ੑݱ࠶·Δͱ͑ߟΒΕΔ.
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ँࣙ

ຊڀݚ͸ଟ͘ͷํʑ͔Βͷࢦޚಋ, .ͨ͠·Λ௖͖ਐΊΔ͜ͱ͕Ͱ͖ྗڠޚ ຊݚ
,ΛਐΊΔʹ͋ͨΓڀ େมܙ·Εͨڥ؀ڀݚΛ༩͑ͯͩ͘͞Γ·ͨ͠, ಸྑઌ୺Պ
ֶٕज़େֶӃେֶ ৘ใՊֶڀݚՊ ۚ୩ ॏ඙ڭतʹਂ͘ँײக͠·͢. ໘ͷΈڀݚ
ͳΒͣ, ͦͷਓੜ؍΍͔ߟࢥΒଟ͘ͷ͜ͱΛֶ͹ͤͯ௖͖·ͨ͠.
,Δʹ͋ͨΓ͢ߦ੒Λ਱࡞ͼम࢜࿦จٴදൃڀݚ ෭ࢦಋڭһͱͯ͠େม༗ӹͳޚ

ॿݴΛ௖͖·ͨ͠, ಸྑઌ୺Պֶٕज़େֶӃେֶ ৘ใՊֶڀݚՊ দຊ ݈Ұڭतʹ
.͢·க͠ँײ͘ਂ
·ͨɺࣨڀݚθϛͰ͸త֬ͳޚҙݟΛ௖͖·ͨ͠ಸྑઌ୺Պֶٕज़େֶӃେֶ ৘

ใՊֶڀݚՊ Md. Altaf-Ul-Amin ।ڭत, ৘ใՊֶڀݚՊ ԫ ໏ ॿँײ͘ਂʹڭ
க͠·͢.
ຊڀݚΛਐΊΔʹ͋ͨΓ, ༷ʑͳ໘͔Βޚॿݴ, ೤৺ͳࢦޚಋ௖͖·ͨ͠, ಸྑઌ

୺Պֶٕज़େֶӃେֶ ৘ใՊֶڀݚՊ খ໺௚྄।ڭतʹਂ͘ँײக͠·͢. ੜ໋
Պֶग़਎ͩͬͨࢲʹରͯ͠, ϕΠζ౷ܭ΍ػցֶश౳͜ͷ৔Ͱ͸ॻ͖ਚͤ͘ͳ͍΄
Ͳଟ͘ͷ஌ݟͷ͝ڭतࣀΓ·ͨ͠.
ฒͼʹ, ᢄ؞පཧը૾ͷఏڙ΍, පཧֶతࢹ఺͔ΒوॏͳޚॿݴΛ௖͖·ͨ͠, ۝

भେֶ ྟচɾजᙾ֎Պ େ಺ా ,ࢣߨ஦ݚ ਐ౻ ,ڭॿ࣏޾ ۝भେֶ ઌ୺ҩྍΠϊ
ϕʔγϣϯηϯλʔ ຊؠ ઍՂಛ೚ॿँײ͘ਂʹڭக͠·͢.
·ͨ, ,໘ͷΈͳΒͣڀݚ ೔ৗੜ׆౳༷ʑͳ໘Ͱͯ͑ࢧ௖͖·ͨ͠, ಸྑઌ୺Պֶ

ٕज़େֶӃେֶ ,੶͢Δօ༷ࡏʹࣨڀݚγεςϜζੜ෺ֶࢉܭ ͳΒͼʹमྃੜͷ
ํʑʹਂ͘ँײக͠·͢. ಛʹڀݚ೤৺ͳಉظͷօ༷ʹ͸೔ʑଟ͘ͷܹࢗΛड͚·
ͨ͠.
,͠·Ͱ೔ʑྭ֎ڀݚ ,ߴ௖͖·ͨ͠தͯ͑ࢧ େֶ࣌୅ͷ਌༑ʹँײக͠·͢.
,ʹޙ࠷ େֶӃमྃ·ͰଟେͳΔࢧԉΛ௖͍ͨՈ଒ʹਂ͘͠ँײɼ͜͜ʹँࣙͱ

ͤͯ͞௖͖·͢.
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