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1.͸͡Ίʹ
తɾҙ֮ࢹը૾ࣝผ͸ɼಉҰΧςΰϦ಺ʹ͓͍ͯɼࡉৄ

ຯతʹྨ͍ͯ͠ࣅΔ෺ମͷछྨΛࣝผ͢ΔλεΫͰ͋Δɽ
ࠔը૾ࣝผͷର৅Ϋϥε͸ɼਓ͕ؒೝࣝ͢Δ͜ͱ͑͞ࡉৄ
೉ͳ΄Ͳ֮ࢹతࠩҟ͕ͳ͍৔߹͕͋ΔɽͦͷͨΊɼৄࡉը
૾ࣝผͰ͸ɼର৅෺ମͷશମͰ͸ͳ͘ɼಛ௃తͳྖҬΛଊ
͑Δඞཁ͕͋Δɽͦ͜ͰɼຊڀݚͰ͸ɼࢹઢ৘ใΛ༻͍ͨ
Ξϯαϯϒϧਪ࿦๏ʹ͍ͭͯఏҊ͢Δɽ

2.Ξϯαϯϒϧਪ࿦
Ξϯαϯϒϧਪ࿦͸ෳ਺ͷग़ྗΛՃ͠ࢉฏ͢ۉΔ͜ͱʹ

ΑΓ൚ԽੑೳΛ্ͤ͞޲Δख๏Ͱ͋Δɽਪ࿦࣌ʹෳ਺ͷը
૾Λೖྗ͠ɼͦ ΕΒͷ݁ՌΛ౷߹ͯ͠࠷ऴ݁ՌΛग़ྗ͢Δख
๏͸ Test Time Augmentation(TTA)ͱݺ͹ΕΔɽTTA
ʹΑΔΞϯαϯϒϧਪ࿦͸ࣜ (1)ͷΑ͏ʹͳΔɽ

y =
1
M

M∑

m=1

pm(x) (1)

͜͜ͰɼM ͸σʔλ਺ɼpm͸ωοτϫʔΫͷ֬ޙࣄ཰ɼx
͸ೖྗσʔλΛද͢ɽҰൠ෺ମೝࣝͰ͸ɼϥϯμϜʹը૾
ΛΫϩοϓͨ͠ΓίϯτϥετΛม͑ͨΓͯ͠ɼTTAΛߦ
͏ɽ͔͠͠ɼৄࡉը૾ࣝผͷ৔߹ɼҟͳΔΫϥεؒͰಛ௃
Δ͜ͱ͕ଟ͘ɼϥϯμϜΫϩοϓʹΑΔTTA͍ͯ͠ࣅྨ͕
͸ޮՌ͕௿͍ͱ͍͏໰୊͕͋Δɽ

3.ఏҊख๏
ຊڀݚͰ͸ɼΞϯαϯϒϧਪ࿦࣌ʹਓؒͷࢹઢ৘ใΛར

༻ͨ͠ TTAΛಋೖͨ͠ৄࡉը૾ࣝผख๏ΛఏҊ͢Δɽ

3.1 ઢ৘ใʹΑΔαϯϓϦϯάࢹ
Λ༻͍ͯॏཁͱͳΔಛݟ෺ମࣝผʹ͓͍ͯɼਓͷ஌ࡉৄ

௃ྖҬΛ༩͑Δ͜ͱ͸༗ޮͰ͋Δͱ͑ߟΔɽͦ͜Ͱຊख๏
Ͱ͸ਓؒͷࢹઢ৘ใΛར༻͢Δɽ͋ Β͔͡ΊΞΠτϥοΧʔ
Λ༻͍ͯσʔληοτͷ֤ը૾ʹର͠ɼࢹઢ৘ใΛऔಘ͢
Δɽ࣍ʹɼಘΒΕͨࢹઢ৘ใ͔ΒαοέʔυΛআ֎͠ɼର
৅෺ମʹର͢Δը૾্ͷ஫໨࠲ඪσʔλΛٻΊΔɽֶश࣌
ඪσʔλʹର͠Mean࠲ɼ஫໨࣌ͼਪ࿦ٴ ShiftΫϥελ
ϦϯάΛ͍ߦ஫ࢹ఺ΫϥελΛٻΊɼΫϥελͷۃେҐஔ
ΛΫϩοϓͷத৺Ґஔͱ͢Δɽ͜ΕΒͷΫϩοϓը૾Λ༻
͍Δ͜ͱͰৄࡉ෺ମࣝผʹॏཁͱͳΔಛ௃ྖҬΛଊֶ͑ͨ
शٴͼਪ࿦ΛՄೳʹ͢Δɽը૾ͷΫϩοϓ࣌ʹೖྗը૾֎
ʹ͸Έग़͢৔߹ɼྖҬ֎Λ [0,255] ͷ஋ͰຒΊΔ erasingɼ
ͼྖҬ಺ΛʹϦαΠζ͢Δٴ resizeͷ 2छྨͷ͍ͣΕ͔Λ
ੜ͢ΔθϩύσΟൃʹ࣌ɽ͜ΕʹΑΓɼը૾Ϋϩοϓ͏ߦ
ϯάʹΑΔਫ਼౓௿ԼΛ཈͑Δɽࢹઢ৘ใΛ༻͍ͨࢹݻ఺ͷ
ີ౓ʹԠͨ͡ը૾ͷΫϩοϓΛਤ 1ʹࣔ͢ɽ

クロップMean Shiftアイトラッキング

erasing resize

ਤ 1: ఺ͷີ౓ʹԠͨ͡ը૾ͷΫϩοϓࢹݻ

3.2 Mean ShiftΫϥελϦϯά
Mean Shift ͱ͸ɼۙ๣ͷ఺܈ͷฏۉҐஔʹҠಈΛ܁Γ

ฦ͠ɼू߹ͷۃେ఺ΛٻΊΔํ๏Ͱ͋Δɽ܁Γฦ͠εςο
ϓʹ͓͚Δۃେ఺୳ࡧΛࣜ (2)ʹࣔ͢ɽ

s(x) = m(x)− x =

∑n
i=1 K(xi;x, h)xi∑n
i=1 K(xi;x, h)

− x (2)

͜͜ͰɼK ͸Χʔωϧؔ਺ɼxi ͸఺ͷू߹ɼh͸όϯυ෯
Λද͠ɽs(x)͸ۃେ఺ʹۙͮ͘΄Ͳ஋͕খ͘͞ͳΔɽ֤఺
xi Λऩଋઌͷۃେ఺͝ͱʹϥϕϧ෇͚͢Δ͜ͱͰΫϥελ

ʹ෼ׂ͠ɼͦΕΒͷΫϥελͷۃେҐஔΛऔಘ͢Δɽ

3.3 ઢ৘ใΛ༻ֶ͍ͨशͱࢹ TTA
ຊख๏Ͱ͸ɼࢹઢ৘ใΛ༻͍ͯΫϩοϓͨ͠ը૾Λֶश

σʔλͱ͢Δɽͦͯ͠ɼਪ࿦Ͱ͸ਤ 2ʹࣔ͢Α͏ʹɼࢹઢ
৘ใΛ༻͍ͯ TTA Λ͏ߦɽຊख๏ͰͷΫϩοϓຕ਺͸ 4
ຕͱ͢ΔɽΞϯαϯϒϧਪ࿦͸ɼࣜ (1)ʹै͍ CNNͷग़
ྗ͔ΒฏۉΫϥε֬཰ΛٻΊΔɽ
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ਤ 2: ͍ͨ༺ઢ৘ใΛࢹ TTAͷ֓ཁ

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛ͢ূݕΔͨΊʹධՁ࣮ݧΛ͏ߦɽ

4.1 ৚݅ݧ࣮
ຊ࣮ݧͰ͸ɼCaltech-UCSD Birds(CUB-200-2011)[1]

σʔληοτʹɼࢹઢ৘ใΛ෇༩͠ɼ50Ϋϥεɼ2,880ຕ
Λ༻͍࣮ͯݧΛ͏ߦɽֶश༻ʹ 2,015ຕɼධՁ༻ʹ 865ຕ
Λ༻͍Δɽը૾αΠζ͸ 256×256ըૉʹϦαΠζͨ͠ޙɼ
ʹઢ৘ใΛ΋ͱࢹ 112×112 ըૉʹΫϩοϓ͢ΔɽֶशϞ
σϧʹ͸ ResNet18Λ࢖༻͢Δɽ

4.2 Ռ݁ݧ࣮
ද ઢ৘ใͱϥϯμϜͳࢹʹ1 TTAΛൺֱର৅ͱͨ݁͠

ՌΛࣔ͢ɽTTAͷ֤݁Ռ͸ 5 ճͨ͠ߦࢼͱ͖ͷਖ਼ղ཰ͷ
ฏۉ஋ͱඪ४ภࠩͰ͋Δɽද 1ΑΓఏҊख๏͸ɼϥϯμϜ
ͳ TTAͱൺֱͯ͠ɼ1.71ϙΠϯτਫ਼౓্͕ͨ͠޲ɽ

ද 1: ΫϩοϓαΠζมߋʹΑΔೝࣝਫ਼౓ [%]

TTA ͳ͠
TTA ͋Γ

ϥϯμϜ
ઢ৘ใࢹ

erasing resize

71.52 72.85± 0.93 74.56± 0.73 73.86± 0.71

·ͨɼϥϯμϜͱࢹઢ৘ใΛ༻͍ͨ৔߹ͷֶशۂઢΛਤ
3ʹࣔ͢ɽਤ 3ΑΓɼࢹઢ৘ใΛ༻͍ͨఏҊख๏͸ֶशͷ
Ͱऩଋ͍ͯ͠Δɽ͜ΕΑΓɼఏҊख๏͸গͳ͍Τϙοظૣ
ΫͰΫϥεಛ༗ͷৄࡉͳಛ௃Λޮ཰తʹֶशͰ͖͍ͯΔ͜
ͱ͕Θ͔Δɽ

(a) ଛࣦͷਪҠ (b) ೝࣝ཰ͷਪҠ

ਤ 3: ֶशۂઢ

5.͓ΘΓʹ
ຊڀݚͰ͸ɼࢹઢ৘ใΛ༻͍ͨΞϯαϯϒϧʹΑΔৄࡉ

෺ମࣝผ๏ΛఏҊͨ͠ɽޙࠓͷల๬ͱͯ͠ɼࢹઢਪఆϞσ
ϧΛ༻͍ͨҰ؏ֶशʹΑΔ TTAΛݕ౼͢Δɽ

ݙจߟࢀ
[1] Wah. C, et al. “The Caltech-UCSD Birds-200-2011

Dataset”, Technical Report CNS-TR-2011-001, Caltech,
2011.
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1.͸͡Ίʹ
าݕऀߦग़͸ɼը૾಺͔ΒาऀߦͷҐஔͱେ͖͞Λਪఆ

͢Δٕज़Ͱ͋Γɼࣗಈӡసʹ͓͍ͯॏཁͳػೳͱͳΔɽา
ग़ͷ୅දతͳख๏Ͱ͋ΔɼCenterݕऀߦ and Scale Predic-
tion(CSP)[1] ͸ɼConvolutional Neural Network(CNN)
Λϕʔεͱ͠ɼߴਫ਼౓ʹาऀߦͷத৺఺ͱεέʔϧΛਪ
ఆ͢ΔɽҰํͰɼࣗಈӡసͰ͸ɼาऀߦͷҰ෦ʹΦΫϧʔ
δϣϯ͕ੜ͍ͯ͡ΔέʔεͰ΋ਖ਼͘͠ݕग़͢Δඞཁ͕͋Δɽ
CSP͸ΦΫϧʔδϣϯ͕ൃੜ͢Δͱɼาऀߦͷ֬৴౓͕௿
Լ͠ɼະݕग़ͱͳΔɽͦ͜ͰຊڀݚͰ͸ɼCSPΛ༻͍ͯา
ɼCompositionalޙग़ͨ͠ݕҬΛྖิީऀߦ Nets[2] ʹΑ
ΔΦΫϧʔδϣϯΛ࠷ྀͨ͠ߟऴ൑ఆΛ͏ߦ 2ஈ֊ͷาߦ
ग़ख๏ΛఏҊ͢Δɽݕऀ

2.ؔ࿈ڀݚ
ຊڀݚͰ༻͍ΔɼCSPͱ Compositional Netsͷߏ଄ʹ

͍ͭͯड़΂Δɽ

2.1 Center and Scale Prediction
CSP ͷωοτϫʔΫߏ଄Λਤ 1 ʹࣔ͢ɽCSP ͸าߦ

ऀͷத৺఺ͱॎԣͷεέʔϧΛώʔτϚοϓͰਪఆ͢Δ
keypoint େ஋ۃग़ख๏Ͱ͋ΔɽώʔτϚοϓ಺ͷݕͷܕ
Λาऀߦͷத৺఺ͱ͠ɼۃେ஋͕าऀߦͷ֬৴౓ͱͳΔɽ
CSP͸ΦΫϧʔδϣϯ͕ൃੜ͍ͯͯ͠΋Մࢹ෦෼ͷาऀߦ
ͷಛ௃͔Βத৺ҐஔΛಛఆ͠ɼݕग़ྖҬͷਪఆ͕ՄೳͰ͋
Δɽ͔͠͠ͳ͕ΒɼΦΫϧʔδϣϯ͕ൃੜ͍ͯ͠Δาऀߦ
ʹର͢Δ֬৴౓͸௿͘ɼݕग़Ͱ͖ͳ͍έʔε΋͋Δɽ

Center and Scale Prediction [W. Liu+, CVPR2019]

• 歩⾏者の中⼼位置とそこからの縦横のスケールを推定
– Keypoint型物体検出⼿法
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ਤ 1: Center and Scale Prediction

2.2 Compositional Nets
Compositional Nets ͸ΦΫϧʔδϣϯ͕ൃੜ͍ͯ͠Δ

౓߹ΛώʔτϚοϓͱͯ͠ग़ྗ͢Δɽ·ͨɼ෺ମΒ͠͞΋
߹ͤͯग़ྗ͢ΔɽͦͷͨΊɼ෺ମͷ൑ఆͱΦΫϧʔδϣϯ
ൃੜͷ౓߹Λಉ࣌ʹଊ͑Δ͜ͱ͕Ͱ͖ΔɽCompositional
Nets͸ DCNNͰ৞ΈࠐΈॲཧΛ͍ߦɼը૾ͷಛ௃Λநग़
͢Δɽͦͯ͠ɼநग़ͨ͠ಛ௃ϚοϓΛ vMFKarnelsʹೖྗ
͠ಛ௃ϕΫτϧʹ֬཰Λ෇༩͢ΔɼOccluder kernelsͰ͸ɼ
ͦͷ֬཰ΛجʹΦΫϧʔδϣϯ෦෼ͱͦΕҎ֎ͷ෦෼ʹ෼
ྨͨ͠ΦΫϧʔδϣϯϚοϓΛग़ྗ͢ΔɽClass mixtures
Ͱ͸ɼίϯςΩετ৘ใͱΦϒδΣΫτ৘ใΛ߹Θͤͨ෺
ମϚοϓΛग़ྗ͢ΔɽΦΫϧʔδϣϯϚοϓͱ෺ମϚοϓ
Λ౷߹͠ɼ࠷ऴతͳΫϥεείΞͱΦΫϧʔδϣϯϚοϓ
Λग़ྗ͢Δɽ

ਤ 2: Compositional Nets

3.ఏҊख๏
ຊڀݚͰ͸ɼCSP Λ༻͍ͯาྖิީऀߦҬΛݕग़ͨ͠

ɼCompositionalޙ NetsʹΑΔΦΫϧʔδϣϯΛྀͨ͠ߟ

͏ߦऴ൑ఆΛ࠷ 2ஈ֊ͷาݕऀߦग़ख๏ΛఏҊ͢ΔɽఏҊ
ख๏ͷྲྀΕΛਤ 3ʹࣔ͢ɽ1ஈ֊໨Ͱ͸ɼೖྗը૾Λ CSP
ʹೖྗ͠ɼาऀߦͷ֬৴౓ϚοϓΛٻΊΔɽ͜ͷͱ͖ɼ֬
৴౓ͷϚοϓʹରͯ͠ɼᮢ஋Λ௿͘ઃఆͯ͠ଟ͘ͷީิྖ
ҬΛग़ྗ͢Δɽ࣍ͷɼ2ஈ֊໨Ͱ͸ɼาྖิީऀߦҬΛ 1
ͭͣͭ Compositional Netsʹೖྗ͠ɼީิྖҬͷΫϥε
֬཰ͱΦΫϧʔδϣϯϚοϓΛग़ྗ͢ΔɽΫϥε֬཰Λج
ʹީิྖҬΛา͔ऀߦ൱͔Λ൑ఆ͢Δɽ

CSP

Compositional Nets

HeatmapInput image

候補領域 検出結果 隠れマップ

Compositional Nets

Compositional Nets

候補領域判定
(閾値処理)

1段階⽬ 2段階⽬ ：歩⾏者

ਤ 3: ఏҊख๏ͷ 2ஈ֊൑ఆ
4.ධՁ࣮ݧ
ຊ࣮ݧͰ͸ɼैདྷͷ CSPͱఏҊख๏Λൺֱ͠ɼͦͷ༗

ޮੑΛධՁ͢Δɽ

4.1 ཁ֓ݧ࣮
ֶशɼධՁʹ͸ CityPersonsσʔληοτΛ༻͍Δɽධ

Ձࢦඪʹ͸Miss Rate(ະݕग़཰)Λ༻͍ΔɽධՁ͸ɼBareɼ
PartialɼHeavyɼReasonable ͷΦΫϧʔδϣϯ౓߹͝ͱ
ʹMiss RateΛࢉग़͠ɼैདྷख๏ (CSP୯ମ)ͱͷൺֱΛ
ɽ͏ߦ

4.2 Ռ݁ݧ࣮
ैདྷख๏ͱఏҊख๏Λൺֱͨ݁͠ՌΛද 1ʹࣔ͢ɽද 1

ΑΓɼఏҊख๏Λैདྷख๏ͱൺֱͯ͠ɼHeavyʹ͓͍ͯ͠
͖͍஋ 0.25ͱͨ࣌͠ɼMiss Rateͷਫ਼౓Λ 6.76ϙΠϯτ
ग़݁ՌͱΦΫϧʔݕΔ͜ͱ͕ग़དྷͨɽఏҊख๏ͷ্ͤ͞޲

ද 1: Ռ݁ݧ࣮ (Miss Rate)

ᮢ஋ Reasonable Bare Partial Heavy

ैདྷ๏ 0.5 20.28 15.49 21.03 60.90

ఏҊख๏

0.1 17.93 13.30 18.03 55.55

0.25 16.82 12.37 16.48 54.14

0.5 18.65 13.96 19.10 58.65

δϣϯϚοϓΛਤ 4ʹࣔ͢ɽਤ 4͔ΒఏҊख๏͸ɼาऀߦ
ͷΦΫϧʔδϣϯྖҬͷਪఆʹ੒ޭ͠ɼਖ਼͍͠൑ఆ݁ՌΛ
ग़ྗ͢Δ͜ͱ͕Ͱ͖ɼݕग़Ͱ͖͍ͯΔ͜ͱ͕෼͔Δɽ

(a) ैདྷ๏ (b) ఏҊख๏ (c) ӅΕϚοϓ

ਤ 4: ఆੑత݁Ռ
5.͓ΘΓʹ
ຊڀݚͰ͸ධՁ࣮͔ݧΒΦΫϧʔδϣϯͷྀߟΛͨ͠ 2ஈ
֊ͷ൑அʹΑΓਫ਼౓্͕͢޲Δ͜ͱΛ֬ೝͨ͠ɽޙࠓ͸ɼ
ຊఏҊख๏ͷߋͳΔߴਫ਼౓ԽΛ໨͢ࢦɽ

ݙจߟࢀ
[1] W. Liu et al.,“Center and Scale Prediction:A Box -free

Approach for Pedestrain and Face Detection”ɼ CVPR
2019.

[2] A. Kortylewsk, et al., “Compositional Convolutional
Neural Networks:A Deep Architecture with Innate Ro-
bustness to Partial Occlusion”ɼ CVPR 2020.



Mixup֦ுʹର͢Δ ABNʹΑΔΞςϯγϣϯͷ֫ಘͱೝࣝਫ਼౓΁ͷӨڹ

ER17004 Ո࡚ ߊ ࿱߂٢౻तɿڭಋࢦ

1.͸͡Ίʹ
ਂ૚ֶशͷϗϫΠτϘοΫεԽͱͯ͠ɼೝࣝ࣌ʹ൑அࠜڌ

ΛՄࢹԽ֮͠ࢹతઆ໌Λ͜͏ߦͱ͸ॏཁͰ͋ΔɽAttention
Branch Network(ABN)[1] ͸ɼ֮ࢹతઆ໌͚ͩͰ͸ͳ͘ɼ
൑அࠜڌΛΞςϯγϣϯͱͯ͠ΞςϯγϣϯߏػʹԠ༻͢
Δ͜ͱͰՄࢹԽʹ͍ͯ͠ݙߩΔɽҰํͰɼ෺ମೝࣝͰ͸ֶ
शσʔλͱͦͷόϦΤʔγϣϯΛ֬อ͢ΔͨΊʹը૾߹੒
ͯ͠ਫ૿͢͠Δσʔλ֦ு͕׆༻͞Ε͍ͯΔɽಛʹը૾Λ
߹੒͢ΔΞϓϩʔν͸ਫ਼౓্޲ʹେ͖͘د༩͍ͯ͠Δɽ͠
͔͠ͳ͕Β ABNʹ͓͍ͯɼը૾߹੒Λ͏ߦσʔλ֦ுͷ
Өे͕ڹ෼ʹྀ͞ߟΕ͍ͯͳ͍ɽͦ͜ͰɼຊڀݚͰ͸ը૾
߹੒Λ͏ߦσʔλ֦ுΛ௥Ճ͢Δ͜ͱͰɼABNͷ൑அࠜڌ
͓Αͼਫ਼౓ʹରͯ͠ͲͷΑ͏ͳӨ͕ڹग़Δͷ͔Λௐࠪ͢Δɽ
2.Attention Branch Network(ABN)

ABN͸ɼ෺ମೝࣝ࣌ͷ൑அࠜڌͱͳΔ஫໨ྖҬΛΞςϯ
γϣϯϚοϓͱͯ͠ՄࢹԽͭͭ͠ɼೝࣝʹར༻͢Δख๏Ͱ
͋Δɽਤ 1ͷΑ͏ʹ ABN͸ɼFeature extractorɼAtten-
tion branchɼPerception branchͷ̏ͭͷϞδϡʔϧ͔Β
੒͞Ε͍ͯΔɽFeatureߏ extractor͸ɼೖྗը૾ʹର͢Δ
ಛ௃ϚοϓΛநग़͢Δɽநग़ͨ͠ಛ௃ϚοϓΛ Attention
branch ʹ༩͑ɼΞςϯγϣϯϚοϓΛ֫ಘ͢ΔɽΞςϯ
γϣϯϚοϓ͸ೖྗը૾ʹର͢Δ஫ྖࢹҬΛࣔ͠ɼFeature
extractorͷಛ௃Ϛοϓʹ৐͠ࢉɼPerception branchʹ༩
͑ΔɽPerception branch͸ೝࣝ݁ՌΛग़ྗ͢Δɽ

ɹ

𝐿𝑝𝑒𝑟

La
be

l

𝐿𝑎𝑡𝑡

Perception branch

Attention branch

Attention
mechanism

Feature
extractor

Input

Attention map

ਤ 1: Attention Branch Networkͷߏ੒

3.σʔλ֦ு
σʔλ֦ுʹ͸ɼฏߦҠಈɾ֦େॖখͳͲͷزԿֶม׵

ΛՃ͑Δํ๏ɼ໌Δ͞΍ϊΠζΛՃ͑Δํ๏ɼը૾Λ߹੒
͢Δํ๏͕͋Δɽը૾Λ߹੒͢Δํ๏ʹ͸ɼ2ͭͷը૾ͱ
ϥϕϧΛࠞ߹͢Δmixupɼը૾಺ͷ͋ΔྖҬΛϥϯμϜʹ
ృΓͭͿ͘͢ࠇ cutoutɼը૾ͷҰ෦ʹϥϯμϜͳը૾Λ͸
ΊࠐΉ cutmix͕͋Δɽ߹੒ͨ͠σʔλΛֶश༻σʔλʹ
௥Ճ͢Δ͜ͱͰաֶशΛ཈੍Ͱ͖ɼੑೳͷظ্͕޲଴Ͱ͖
Δɽਤ 2ʹ֤ख๏ͷྫΛࣔ͢ɽ

(a) mixup (b) cutout (c) cutmix

ਤ 2: σʔλ֦ுͷྫ

4.ௐࠪ
ABN͸ɼΞςϯγϣϯϚοϓΛಛ௃Ϛοϓʹ൓өͤ͞

Δ͜ͱͰೝࣝʹॏཁͱͳΔྖҬʹ஫໨ͨ͠ೝࣝ݁ՌͱͳΔɽ
ͦͷͨΊɼσʔλ֦ுʹΑΓ߹੒͞Εͨը૾Λ༻͍Δͱɼ
ΞςϯγϣϯϚοϓʹѱӨڹΛٴ΅͢͜ͱ͕͑ߟΒΕΔɽ
ຊڀݚͰ͸ɼmixupɼcutoutɼcutmix ͷ 3 ͭͷσʔλ֦
ுख๏Λ ABNͷֶशʹ༻͍ͯɼͦΕΒͷӨڹΛௐࠪ͢Δɽ

৚݅ݧ࣮.4.1
ຊ࣮ݧͰ͸ɼσʔληοτʹ CIFAR100 ͱ ImageNet

Λ༻͍Δɽֶशύϥϝʔλ͸όοναΠζΛ 128ɼepoch
਺Λ CIFAR100Ͱ͸ 300ɼImageNetͰ͸ 200ͱ͢Δɽֶ

श܎਺Λ 0.1ʹઃఆ͠ɼCIFAR100Ͱ͸ 150ͱ 225epochɼ
ImageNetͰ͸ 100ͱ 150epochͷ࣌ʹֶश܎਺Λ 0.1ഒ͢
ΔɽTop1ਫ਼౓ʹՃ͑ɼ൑அࠜڌͷఆྔతධՁʹ͸ insertion
ͱ deletionΛ༻͍Δɽinsertion͸ॏཁͳྖҬΛ௥Ճ͍ͯ͠
͖ɼͦͷ࣌ͷೝࣝਫ਼౓͕Θ͔ͣͳྖҬͰ΋্͢޲Δͱྑ͍ɽ
deletion͸ॏཁͳྖҬΛ࡟আ͍͖ͯ͠ɼͦͷ࣌ͷೝࣝਫ਼౓
͕ྖҬͰ΋௿Լ͢Δͱྑ͍ɽ͜ΕΒͷྖҬΛ௥Ճ·ͨ͸࡟
আ͢Δׂ߹Λม͑ɼͦͷ࣌ͷ Area Under Curve (AUC)
ͰධՁ͢Δɽ

Ռ݁ݧ࣮.4.2
CIFAR100ͱ ImageNetͰͷධՁ݁ՌΛද 1ʹࣔ͢ɽCI-

FAR100Ͱ͸ɼResNet20ͱ Resnet152ͲͪΒ΋σʔλ֦
ுΛ༻͍Δ͜ͱͰਫ਼౓্͕͍ͯ͠޲Δ͜ͱ͕֬ೝͰ͖Δɽ·
ͨɼωοτϫʔΫϞσϧʹΑͬͯ࠷΋ੑೳͷྑ͍σʔλ֦ு
ख๏͕ҟͳΔ͜ͱ͕Θ͔ͬͨɽImageNetͰ͸ɼResNet18
ʹ͓͍ͯ cutoutͷਫ਼౓ݟ্͕޲ΒΕ͕ͨɼmixupͱ cut-
mixͰ͸ਫ਼౓ͷݟ্͕޲ΒΕͳ͔ͬͨɽResNet152ʹ͓͍
ͯ͸ɼͲͷσʔλ֦ுΛ༻͍ͯ΋ਫ਼౓্͕͍ͯ͠޲Δ͜ͱ
͕֬ೝͰ͖ͨɽ͜ΕΒͷ݁Ռ͔Βɼେن໛ͳσʔληοτ
Λର৅ͱ͢Δ৔߹ωοτϫʔΫαΠζͷখ͍͞Ϟσϧʹର
ͯ͠͸ɼը૾σʔλͷϥϕϧΛม͑ͳ͍ cutout ͕༗ޮత
Ͱ͋ΓɼωοτϫʔΫαΠζͷେ͖͍Ϟσϧʹରͯ͠͸ɼ2
ຕͷը૾Λ߹੒͢ΔΑ͏ͳmixup΍ cutmix͕༗ޮͰ͋Δ
ͱ͑ߟΒΕΔɽ

ද 1: Ռ݁ݧ࣮
σʔληοτ CIFAR100 ImageNet

ωοτϫʔΫ ResNet20 ResNet152 ResNet18 ResNet152

DAͳ͠ 69.32 76.78 70.34 77.87

+mixup 70.19 79.71 67.64 77.90

+cutout 72.58 78.79 70.87 78.74

+cutmix 71.05 80.80 68.07 79.32

ImageNetͰͷΞςϯγϣϯϚοϓͷՄࢹԽ݁ՌΛਤ 3
ʹࣔ͢ɽਤ 3ΑΓɼσʔλ֦ுΛ༻͍Δ͜ͱͰਫ਼౓͸্޲
͕ͨ͠ɼmixupͱ cutmixͰ͸஫͢ࢹΔྖҬ͕૿͍͑ͯΔɽ
ҰํɼcutoutͰ͸஫ྖࢹҬ͕ݶఆ͞Ε͍ͯΔɽ
ɹΞςϯγϣϯϚοϓͷධՁ݁ՌΛද 2ʹࣔ͢ɽද 2ΑΓɼ
σʔλ֦ுલͱൺֱͯ͠ਫ਼౓্޲͸ݟΒΕͳ͍ɽ͜ΕΑΓɼ
mixupϕʔεͷσʔλ֦ு͸ɼਫ਼౓͢ݙߩʹ্޲Δ͕ɼΞ
ςϯγϣϯϚοϓʹѱӨڹΛٴ΅͢͜ͱ͕෼͔ͬͨ.

(a) ը૾ (b)ResNet152(c)+mixup (d)+cutout (e)+cutmix

ਤ 3: ΞςϯγϣϯϚοϓͷൺֱ

ද 2: insertionͱ deletionʹΑΔఆྔతධՁ (AUC)
ωοτϫʔΫ insertionˢ deletionˣ

ResNet152 0.267 0.426

+ mixup 0.224 0.452

+ cutout 0.261 0.451

+ cutmix 0.271 0.474

5.͓ΘΓʹ
ͬߦͷਫ਼౓ൺֱΛࡍ͍ͨ༺ճ͸ɼABNʹσʔλ֦ுΛࠓ

ͨɽωοτϫʔΫαΠζͷมԽʹΑΓɼ࠷΋ੑೳͷྑ͍σʔ
λ֦ுख๏͕ҟͳΔͱ͍͏͜ͱ͕෼͔ͬͨɽޙࠓ͸ɼ͜Ε
Βͷσʔλ֦ுख๏Λ૊Έ߹ΘͤͨࡍͷӨڹʹ͍ͭͯௐࠪ
͢Δɽ
ݙจߟࢀ
[1] H. Fukui, et al., “Attention Branch Network: Learn-

ing of Attention Mechanism for Visual Explana-
tion”, CVPR, 2019.



Attention mining branchΛಋೖͨ͠ ABN ʹΑΔΞςϯγϣϯϚοϓͷ࠷దԽ

ER17009 ٢ؠ ໌޹ ٢౻तɿڭಋࢦ ࿱߂

1.͸͡Ίʹ
Attention Branch Network (ABN)[1] ͸ɼೝࣝ࣌ʹ͓

͚ΔωοτϫʔΫͷ஫ྖࢹҬΛՄࢹԽ͠ɼೝࣝॲཧʹ׆༻
͢Δ͜ͱͰɼߴਫ਼౓ԽΛ࣮͍ͯ͠ݱΔɽೝࣝର৅ͷ෺ମҎ
֎ʹ஫ྖࢹҬ͕ൃੜ͢ΔͱɼޡೝࣝΛ༠ൃ͢Δ͜ͱ͕͋Δɽ
͜ΕΛղܾ͢Δख๏ͱͯ͠ɼਓͷ஌ݟʹΑΓमਖ਼ͨ͠Ξς
ϯγϣϯϚοϓΛ༻͍ͯ ABNΛֶ࠶श͢Δख๏ [2]͕ఏ
Ҋ͞Ε͍ͯΔɽ͔͠͠ͳ͕Βɼຊख๏͸ΞςϯγϣϯϚο
ϓΛਓ͕मਖ਼͢ΔͨΊਓతίετֻ͕͔ΔɽຊڀݚͰ͸ɼ
ABNʹ Attention mining branchΛಋೖ͠ɼΞςϯγϣ
ϯϚοϓΛࣗಈͰ࠷దԽ͢Δख๏ΛఏҊ͢Δɽ

2.Attention Branch Network
ABN͸ɼFeature extractorɼAttention branchɼPer-

ception branch͔Βߏ੒͞ΕΔɽFeature extractor͸ೖྗ
ը૾͔Βಛ௃ϚοϓΛநग़͢Δɽ͜ΕΛAttention branch
ʹ༩͑ɼΞςϯγϣϯϚοϓΛ֫ಘ͢ΔɽΞςϯγϣϯϚο
ϓΛಛ௃Ϛοϓʹ৐͠ࢉɼPerception branchʹ༩͑Δ͜
ͱͰೝࣝ݁ՌΛग़ྗ͢ΔɽABNΛԠ༻ͨ͠ڀݚͱͯ͠ɼਓ
ͷ஌ݟΛಋೖ͢Δख๏͕͋Δɽ͜ͷख๏Ͱ͸ɼABNͰޡ
ೝ͕ࣝൃੜͨ͠ը૾ͷΞςϯγϣϯϚοϓΛਓͷ஌جʹݟ
͍ͮͯ͢΂ͯमਖ਼͢ΔɽͦͷޙɼͦΕΒΛֶशσʔλʹ௥
Ճֶͯ͠࠶श͢Δ͜ͱΑΓೝࣝਫ਼౓্͕͢޲Δɽ

3.ఏҊख๏
ຊڀݚͰ͸ɼABNʹ Attention mining branchΛಋೖ

ͨ͠ΞςϯγϣϯϚοϓͷ࠷దԽख๏ΛఏҊ͢ΔɽఏҊख
๏ͷωοτϫʔΫߏ଄Λਤ 1ʹࣔ͢ɽ

Attention map

Perception 
branch

Attention 
mining branch

weight
share

Attention mechanism

Input

Feature
extractor

Attention
module

：binarization

Mask

ਤ 1 : ఏҊख๏

ఏҊख๏Ͱ͸ɼABNʹ Perception branchͱॏΈΛڞ
༗ͨ͠ Attention mining branch Λ௥Ճ͢ΔɽAttention
mining branchʹ͸ɼMaskΛద༻ͨ͠ಛ௃ϚοϓΛೖྗ
͠ɼΫϥε֬཰Λग़ྗ͢Δɽ͜͜ͰɼMask ͸ Attention
moduleͰ֫ಘͨ͠ΞςϯγϣϯϚοϓΛ 2஋Խͯ͠ੜ੒
͢Δɽ͜ͷMaskΛಛ௃Ϛοϓʹ৐͢ࢉΔ͜ͱͰ஫ͨ͠ࢹ
ྖҬΛӅͨ͠ಛ௃ϚοϓΛ֫ಘͰ͖ΔɽMaskద༻ޙͷಛ
௃Ϛοϓ F ∗c ͸ɼಛ௃ϚοϓΛ FɼMask Λ T (Ac) ͱ͢
Δͱࣜ (1)ͷΑ͏ʹද͞ΕΔɽ

F ∗c = F − (T (Ac)⊙ F ) (1)

ఏҊख๏Ͱ͸ɼAttention mining branch͔Βग़ྗ֤ͨ͠
αϯϓϧͷΫϥε֬཰ͷ૯࿨Λ৽ͨͳଛࣦͱ͢Δɽ͜Εʹ
ΑΓɼMaskΛద༻͍ͯ͠ͳ͍ྖҬͷΫϥε֬཰Λ࠷খԽ͢
ΔΑ͏ʹֶश͠ɼೝࣝର৅ͷ෺ମͷΈΛ஫͢ࢹΔΑ͏ʹΞ
ςϯγϣϯϚοϓΛ࠷దԽ͢ΔɽAttention mining branch
ͷଛࣦ Lam ͸ɼΫϥε֬཰Λ Sc

i (F
∗c)ɼαϯϓϧ਺Λ n

ͱ͢Δͱࣜ (2)ͷΑ͏ʹද͞ΕΔɽ

Lam =
n∑

i=1

Sc
i (F

∗c) (2)

Attention module ͷग़ྗͱਖ਼ղΫϥεͷΫϩεΤϯτϩ
ϐʔࠩޡΛ LattɼPerception branchͷग़ྗͱਖ਼ղΫϥε
ͷΫϩεΤϯτϩϐʔࠩޡΛ LperɼLam ͷॏΈΛ α ͱ͢
ΔͱɼఏҊख๏ͷଛࣦؔ਺ L͸ࣜ (3)ͷΑ͏ʹද͞ΕΔɽ

L = Latt + Lper + αLam (3)

ఏҊख๏Ͱ͸ɼஈ֊తʹֶश͢Δɽ·ͣ ABNͷΈΛࣄલ
ֶश͢Δɽͦͯ͠ɼAttention mining branchΛ௥Ճͯ͠
ΞςϯγϣϯϚοϓͷ࠷దԽͱͳΔֶ࠶शΛ͏ߦɽ

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛධՁ͢ΔͨΊʹධՁ࣮ݧΛ͏ߦɽ

4.1 ৚݅ݧ࣮
ຊ࣮ݧͰ͸ɼCaltech-UCSD Birds 200-2010 (CUB-200-

2010)σʔληοτͱɼStanford DogsσʔληοτΛ༻͍
ΔɽϕʔεωοτϫʔΫͱͯ͠ ResNet-50Λ࢖༻͠ɼόο
ναΠζ͸ 16ͱ͢ΔɽMaskͷᮢ஋͸CUB-200-2010σʔ
ληοτͰ 0.83ɼStanford Dogs σʔληοτͰ 0.40 ͱ
͢ΔɽLam ͷ܎਺ α͸ 0.0001ʹઃఆ͢Δɽֶशͷߋ৽ճ
਺͸ ABNͷࣄલֶशɼఏҊख๏ͦΕͧΕͰ 300epochͱ
͢Δɽ

4.2 Ռ݁ݧ࣮
֤σʔληοτʹ͓͚Δೝࣝਫ਼౓ͷൺֱΛද 1 ʹࣔ͢ɽ

ද 1ΑΓɼCUB-200-2010σʔληοτʹ͓͍ͯɼఏҊख
๏͸ɼਓͷ஌ݟΛಋೖ͢Δख๏ΑΓ΋ Top-1ͷೝࣝਫ਼౓͕
௿͘ͳ͍ͬͯΔ͕ɼABNΑΓ΋্͍ͯ͠޲Δ͜ͱ͕֬ೝ
Ͱ͖Δɽ·ͨɼStanford Dogsσʔληοτʹ͓͍ͯɼఏ
Ҋख๏͕ ABNΑΓ΋ɼTop-1ͷೝࣝਫ਼౓্͕͍ͯ͠޲Δ
͜ͱ͕֬ೝͰ͖Δɽ

ද 1 : ೝࣝਫ਼౓ͷൺֱ [ˋ]

Model
CUB-200-2010 Stanford Dogs

Top-1 acc. Top-5 acc. Top-1 acc. Top-5 acc.

ABN 31.68 57.01 71.81 93.02

ఏҊख๏ 33.33 58.56 71.99 92.80

ਓͷ஌ݟ 37.42 62.08 - -

4.3 ΞςϯγϣϯϚοϓͷՄࢹԽ
ABNɼఏҊख๏ɼਓͷ஌ݟΛಋೖ͢Δख๏ͷ Attention

mapͷൺֱΛਤ 2ʹࣔ͢ɽਤ 2 (a)ɼ(b)ΑΓɼਓͷ஌ݟΛ
ಋೖ͢Δख๏͸ɼΑΓہॴతͳྖҬʹண໨ͯ͠Ϋϥεࣝผ
͕Ͱ͖͍ͯΔɽҰํͰɼਤ 2 (c)ͷΑ͏ʹɼਓͷ஌ݟΛ൓ө
ͤ͗͢͞ΔͱޡೝࣝΛ༠ൃ͢Δ͕͋ࣄΔɽ͜Εʹର͠ɼఏ
Ҋख๏͸ൣ޿ғΛ஫ࢹͰ͖͍ͯΔͨΊਖ਼͘͠ೝ͍ࣝͯ͠Δɽ

(a)

(b)

(c)

ਤ 2 : ΞςϯγϣϯϚοϓͷՄࢹԽྫ
5.͓ΘΓʹ
ຊڀݚͰ͸ɼAttention mining branchΛ௥Ճͨ͠ABN

ΛఏҊͨ͠ɽධՁ࣮ݧͰ͸ɼఏҊख๏Λ༻͍Δ͜ͱʹΑΓɼ
ೝࣝਫ਼౓্͕ͨ͠޲ɽ·ͨɼ஫ྖࢹҬʹ͍ͭͯ΋վળ͞Ε
͍ͯΔ͜ͱ͕֬ೝͰ͖ͨɽޙࠓ͸ɼଞͷσʔληοτʹର
ͯ͠ఏҊख๏ͷධՁΛ͏ߦɽ

ݙจߟࢀ
[1] H. Fukui, et al., “Attention Branch Network:Learning of

Attention Mechanism for Visual Explanation”, CVPR,
2019.

[2] M. Mitsuhara, et al., “Embedding Human Knowledge

into Deep Neural Network via Attention Map”, VISAPP,

2021.



Attention branchͷಗ໊ԽʹΑΔ Adversarial examplesʹ݈ؤͳ ABN

ER17079 ઒ᠳଠ࿠ࢁ ࿱߂٢౻तɿڭಋࢦ

1.͸͡Ίʹ
Attention branch network (ABN) [1]͸ɼֶश࣌·ͨ͸

ਪ࿦࣌ʹωοτϫʔΫͷ஫ྖࢹҬΛར༻͢Δ͜ͱͰߴɼ ਫ਼౓
ͳೝ͔ࣝͭ൑அࠜڌͷ֮ࢹతͳઆ໌͕ՄೳͰ͋Δɽ͔͠͠ɼ
ਓ޻తͳઁಈΛ෇༩ͨ͠ը૾Ͱ͋ΔAdversarial examples
(AEs)ΛωοτϫʔΫ΁ೖྗ͢Δͱɼ͍ߴ৴པ౓Ͱޡೝࣝ
͢Δɽͦ͜ͰɼຊڀݚͰ͸ ABN ͷ Attention branch Λ
ಗ໊Խ͢Δ͜ͱʹΑΓɼAEsʹରͯ͠ޡೝࣝΛ؇࿨͢Δख
๏ΛఏҊ͢Δɽ
2.ؔ࿈ڀݚ

ABN ͸ɼೖྗ͔Βಛ௃Λநग़͢Δ Feature extractor
(FE)ɼ஫ྖࢹҬΛग़ྗ͢ΔAttention branch (AB)ɼ஫ࢹ
ྖҬΛ൓өͨ͠ಛ௃Ϛοϓ͔Β࠷ऴతͳग़ྗΛ͢Δ Per-
ception branch (PB)Ͱߏ੒͞Ε͍ͯΔɽ஫ྖࢹҬΛֶश
ਫ਼౓ͳೝ͕ࣝՄೳͰߴར༻͢Δ͜ͱͰɼʹ࣌ͼਪ࿦ٴɼ࣌
͋Δɽ·ͨɼ஫ྖࢹҬ͸ೖྗը૾ͷೝࣝ݁Ռʹର͢Δ֮ࢹ
తཧղͷଅਐʹͭͳ͕Δɽ

Adversarial attack͸ɼਓ͕஌֮ࠔ೉ͳઁಈΛը૾ʹ෇
༩͢Δ͜ͱͰɼConvolutional neural network (CNN)ͷޡ
ೝࣝΛ༠ൃ͢ΔɽFast Gradient Sign Method (FGSM) [2]
͸ɼCNNͷೝࣝࠩޡ L(x, y, θ)Λೖྗը૾ xͷ֤ըૉʹ
ؔͯ͠ඍ෼͢Δ͜ͱͰޯ഑ΛٻΊΔɽͦͯ͠ɼٻΊ֤ͨը
ૉͷޯ഑Λ Sign ؔ਺ʹΑͬͯූ߸Λൈ͖ग़͢͜ͱͰɼઁ
ಈͷ୯ҐϕΫτϧΛ֫ಘ͢ΔɽAEs Ͱ͋Δ x̂ Λ࡞੒͢Δ
ʹ͸ɼ୯ҐϕΫτϧʹઁಈͷڧ౓Λද͢ ϵ ∈ [0, 255]Λ৐
ͯ͠ࢉ xʹՃ͢ࢉΔɽઁಈΛՃ͢ࢉΔ͜ͱͰɼࠩޡΛ࠷େ
Խ͢Δ AEsΛ࡞੒͢Δ͜ͱ͕ՄೳͱͳΔɽFGSMͷҰ࿈
ͷྲྀΕ͸ɼࣜ (1)ʹΑͬͯද͢ݱΔ͜ͱ͕Ͱ͖Δɽ

x̂ := x+ ϵ · sign (∇xL (x, y, θ)) (1)

3.ఏҊख๏
ABN͸Adversarial attackΛ૝ఆͨ͠ઃܭͰͳ͍ͨΊɼ

AEsΛೖྗ͢Δͱஶ͘͠ੑೳ͕ྼԽ͢Δɽͦ͜ͰຊڀݚͰ
͸ɼAB Λಗ໊Խ͢Δɽͦͯ͠ɼFEͱ PB Λܸ߈ର৅ͱ
ͯ͠ AEsΛ࡞੒͢ΔɽAEsͷਪ࿦࣌͸ ABΛ௥Ճͯ͠࠷
ऴ݁ՌΛٻΊΔɽఏҊख๏͸ҎԼʹࣔ͢ 3εςοϓ͔Β੒
Δɽ
Step1 ABNΛ௨ৗͷֶशσʔλΛ༻͍ͯ܇࿅ͯ͠ɼ༏ल
ʹͳͬͨ ABΛ੾Γ཭ͯ͠ಗ໊Խ͢Δɽ
Step2 PBͷग़ྗͱࢣڭ৴߸ͱͷࠩޡΛೖྗը૾ʹؔͯ͠
ඍ෼͢Δ͜ͱͰࠩޡΛ࠷େʹ͢Δ୯ҐϕΫτϧΛٻΊΔɽ
Step3 ಗ໊Խͨ͠ABΛ෇͚଍ͨ͠ωοτϫʔΫʹɼAEs
Λೖྗ͠ɼ஫ྖࢹҬΛٻΊΔɽͦͯ͠ɼ஫ҙྖҬΛॏΈ෇
ͨ͠ಛ௃ϚοϓΛ PBʹೖྗͯ͠ਪ࿦Λ͏ߦɽ
ਤ 1ʹ Step2ͱ Step3ͷҰ࿈ͷྲྀΕΛࣔ͢ɽ

Feature 
extractor

Perception
branch La

be
lInput image	"

Attention
branch

Anonymized

Perturbation	δ

：Forward ：Backward

	$ %+

Adversarial examples "'

( "'Feature 
extractor

Perception
branch

!

ℒ!"#

Weight parameters	)

Weight parameters	)

ਤ 1 : ఏҊख๏ͷྲྀΕ

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛࣔͨ͢Ίʹɼఆྔతͳೝࣝੑೳͷධ

Ձٴͼఆੑతͳ஫ྖࢹҬͷධՁΛ͢Δɽ

৚݅ݧ࣮.4.1
ຊ࣮ݧͰ͸ɼσʔληοτͱͯ͠ 100Ϋϥεͷࣗવը૾

ΛؚΉCIFAR-100Λ༻͍ΔɽCIFAR-100͸ը૾αΠζ͕
32× 32 ϐΫηϧͷ RGBը૾Ͱɼ5ສຕֶ͕श༻ɼ1ສຕ
͕ਪ࿦༻Ͱ͋ΔɽABN ͷϕʔεωοτϫʔΫͱͯ͠ 110
૚ͷ ResNetΛ࢖༻͢ΔɽϛχόοναΠζ͸ 128ͱͯ͠
300 epochֶश͢Δɽઁಈͷ࡞੒ख๏͸ɼϵ = 8ͷ FGSM
ͱ͢Δɽൺֱख๏͸௨ৗͷABNͷਪ࿦݁ՌٴͼɼABNΛ
AEsͰܸ݁ͨ͠߈Ռͱ͢Δɽ

Ռ݁ݧ࣮.4.2
ද 1 ʹࣔ͢Α͏ʹɼABN ͸ AEs ͷӨڹʹΑΓೝࣝੑ

ೳ͕ஶ͘͠௿Լͨ͠ɽҰํɼఏҊख๏͸ɼಗ໊Խͨ͠ AB
͕ग़ྗͨ͠஫ྖࢹҬΛಛ௃Ϛοϓʹ൓ө͢Δ͜ͱͰɼ60ϙ
ΠϯτҎ্ͷੑೳ্޲Λ֬ೝͨ͠ɽAEs Λ༻͍ͳ͍৔߹
(ABN)ͷਪ࿦݁Ռͱൺֱ͢ΔͱɼఏҊख๏͸ 11ϙΠϯτ
ఔ౓ͷྼԽʹཹΊΔ͜ͱΛՄೳͱͨ͠ɽ

ද 1 : ೝࣝਫ਼౓ͷൺֱ (%)
ABN ABN+AEs Ours

top-1 77.18 1.82 65.22
top-5 93.54 9.12 87.49

஫ྖࢹҬΛਤ 2ʹࣔ͢ɽਤ 2ΑΓɼఏҊख๏͸ AEsΛ
ೖྗ͍ͯ͠Δʹ΋ؔΘΒͣɼൃՐ͢ΔྖҬ͸ ABNͱ΄΅
ಉ͡Ͱ͋Δ͜ͱ͕֬ೝͰ͖Δɽ͜ͷ݁Ռ͔ΒɼAB͸ AEs
ʹΑͬͯ֎෦͔Βܸ͞߈Εͯ΋ɼೖྗը૾ʹରͯ͠ਖ਼͍͠
ྖҬΛ஫͢ࢹΔ͜ͱ͕Ͱ͖Δɽ·ͨɼAEsʹΑΓ FE͕ม
ಈͨ͠ಛ௃ྔΛͯ͠ࢉܭ΋ɼਖ਼͍͠஫ྖࢹҬΛڧௐ͢Δ͜
ͱͰɼੑೳΛҡ࣋Ͱ͖Δ͜ͱ͕Θ͔ͬͨɽ

(a) Original images

(b) ABN

(c) Ours

ਤ 2 : ஫ྖࢹҬͷྫ

5.͓ΘΓʹ
ຊڀݚͰ͸ɼਓ޻తͳઁಈͰ͋Δ Adversarial exam-

ples(AEs)ʹ݈ؤͳ Attention branch network(ABN)Λ
ఏҊͨ͠ɽ࣮ݧΑΓɼAEs͕ೖྗ͞Εͯ΋஫ྖࢹҬͷมಈ
͕ඍখͰ͋Δ͜ͱΛ֬ೝͨ͠ɽ·ͨɼೝࣝ݁Ռ͸ೖྗը૾
ʹରͯ͠ਖ਼֬ͳྖҬΛڧௐ͢Δ͜ͱͰɼ͋Δఔ౓ҡ࣋Ͱ͖
Δ͜ͱ͕൑໌ͨ͠ɽޙࠓ͸ɼຊఏҊख๏ͷߋͳΔ෼ੳΛ͢
Δ༧ఆͰ͋Δɽ
ݙจߟࢀ
[1] H. Fukui, et al., “Attention Branch Network: Learn-

ing of Attention Mechanism for Visual Explana-
tion”, CVPR, 2019.

[2] l. Goodfellow, et al., “Explaining and Harnessing
Adversarial Examples”, ICLRɼ2014.
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1.͸͡Ίʹ
஌ࣝৠཹ͸Teacher Networkͷ஌ࣝΛStudent Network

ʹ఻͑Δ͜ͱͰɼਫ਼౓௿ԼΛ཈੍ͭͭ͠ϞσϧαΠζΛѹॖ
͢Δख๏Ͱ͋Δ. Teacher Networkͱ Student Networkͷ
ϞσϧαΠζʹେ͖ͳΪϟοϓ͕͋ΔͱɼStudent Network
ͷਫ਼౓্͕͠޲ͳ͍໰୊͕͋ΔɽຊڀݚͰ͸ɼαΠζͷҟ
ͳΔෳ਺ͷ Teacher NetworkΛ༻͍ΔMultiple Teacher
NetworkΛఏҊ͠ɼ஌ࣝৠཹͷߴਫ਼౓ԽΛ໨తͱ͢Δɽ
2.஌ࣝৠཹͱ໰୊఺
஌ࣝৠཹʹ͸ɼTeacher Networkͷग़ྗΛར༻͢ΔKnowl-

edge Distillation (KD)[1] ͱɼதؒ৘ใΛར༻͢Δ Con-
trastive Representation Distillation(CRD)[2]͕͋Δɽද
1ʹ Student NetworkΛResNet20ʹͨ͠৔߹ͷKDʹΑ
Δৠཹޙͷਫ਼౓ͱ Teacher NetworkͷϞσϧαΠζ (ύϥ
ϝʔλ਺)Λࣔ͢ɽTeacher Network͕WRN40 2ΑΓେ
͖ͳϞσϧαΠζʹͳΔͱɼେ෯ͳਫ਼౓௿ԼΛট͘͜ͱ͕Θ
͔ΔɽຊڀݚͰ͸ɼ͜ͷ໰୊͕ൃੜ͢Δ Teacher Network
Λ Large Teacher Network(LTN)ɼൃੜ͠ͳ͍ Teacher
Network Λ Medium Teacher Network(MTN) ͱݺশ͢
Δɽ͜ͷ໰୊Λղܾ͢Δख๏ͱͯ͠ɼTeacher Networkͱ
Student Network ؒʹ Teacher Assistant(TA) ͱݺͿϞ
σϧΛ഑ஔ͠ɼஈ֊తʹৠཹ͢Δख๏ [3]͕ఏҊ͞Ε͍ͯ
Δ͕ɼஈ֊తͳֶशΛඞཁͱ͢Δɽ

ද 1: ResNet20ʹର͢Δৠཹޙਫ਼౓
Teacher Network WRN28 1 ResNet32 WRN28 2 WRN40 2 WRN28 6 WRN28 10

ύϥϝʔλ਺ 371,347 466,457 1,147,251 2,248,991 13,155,603 36,497,171

ਫ਼౓ 71.27 71.12 70.98 70.25 70.14 69.60

3.ఏҊख๏
ຊڀݚͰ͸ɼਤ 1ʹࣔ͢Α͏ʹෳ਺ͷTeacher Network

͔Βৠཹ͢ΔMultiple Teacher NetworkΛఏҊ͢Δɽ͜
ͷͱ͖ɼͲͷΑ͏ʹTeacher NetworkΛબ୒͢ΔͱޮՌత
Ͱ͋Δ͔ௐࠪ͢ΔɽఏҊख๏Ͱ͸ɼTeacher Networkͷ૊
Έ߹ΘͤΛMTN+LTNͱ͠ɼMTNʹ Student Network
ͱ LTN ͷڮ౉͠తͳ໾ׂΛظ଴͢Δɽ·ͨɼMTN ͷΈ
ͰৠཹΛͨͬߦ৔߹ΑΓ΋ɼLTN ΛؚΊͯৠཹ͢Δ͜ͱ
Ͱɼͦͷ஌ࣝ΋׆༻Ͱ͖Δͱ͑ߟΔɽ

ResNet32 WRN28_6
M L

ResNet32 WRN28_6 WRN28_10

M L L

: KD or CRD

ਤ 1: ఏҊख๏ͷ֓೦ਤ

ຊڀݚͰͷ Student Networkͱ Teacher Networkؒͷৠ
ཹख๏ʹ͸ɼKDɼCRDͷ͍ͣΕ͔Λ༻͍ΔɽKDͷଛࣦ
ؔ਺Λࣜ (1)ʹࣔ͢ɽ

LKD = αLhard + (1− α) τ2Lsoft (1)

͜͜Ͱɼα͸܎਺ɼτ ͸Թ౓ύϥϝʔλΛࣔ͢ɽCRDͷଛ
ࣦؔ਺Λࣜ (2)ʹࣔ͢ɽ

LCRD = Eq(gT ,gS |C=1)[log
eg

T gS/τ

egT gS/τ + N
M

]

+NEq(gT ,gS |C=0)[1− log

(
eg

T gS/τ

egT gS/τ + N
M

)
]

(2)

͜͜Ͱɼτ ͸Թ౓ύϥϝʔλɼM ͸σʔληοτͷΧʔσΟ
φϦςΟͰɼσʔλͷछྨ͕Ͳͷ͘Β͍͋Δ͔ͷ౓߹͍Λ
ද͍ͯ͠ΔɽN ͸ೖྗσʔλͷඇྨࣅϖΞͷ਺Ͱ͋ΔɽgS

ͱ gT ͸֤ωοτϫʔΫͷग़ྗ૚खલ͔Βநग़ͨ͠ग़ྗΛ
ઢܗมͤ͞׵ɼL2ϊϧϜͰਖ਼نԽͨ͠΋ͷͰ͋Δɽ

·ͨɼ࠷ऴతͳଛࣦ͸ࣜ (3)ʹࣔ͢௨ΓɼશͯͷଛࣦΛ૯
࿨ͨ͠஋ʹͳΔɽ

Ltotal =
n∑

i=0

LiKDorCRD (3)

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛධՁ͢ΔͨΊɼධՁ࣮ݧΛ͏ߦɽTA

ͱ΋ൺֱ͠ධՁ͢Δɽ

ཁ֓ݧ࣮.4.1
σʔληοτʹ͸ CIFAR-100 Λ࢖༻͠ɼֶश࣌ͷΤ

ϙοΫ਺͸ 200ɼόοναΠζ͸ 64 ͱ͢ΔɽֶशϞσϧ
͸ Student Network ʹ ResNet20ɼLTN ʹWRN40 2ʙ
WRN28 10ɼMTNʹWRN28 1ʙWRN28 2Λ༻͍Δɽ

Ռ݁ݧ࣮.4.2
ද 2͸ 2ͭͷ Teacher NetworkΛ༻͍ͯৠཹͨ͠ਫ਼౓

Λࣔ͢ɽTN1ɼ2ɼ3ʹ͸ͦΕͧΕҟͳΔϞσϧΛ࢖༻͠ɼ
TN3͸TN2΍TN1ΑΓେ͖͘ɼTN2͸TN1ΑΓେ͖͍
ϞσϧͰ͋ΔɽTeacher Networkͷ૊Έ߹Θͤ͸ɼMTN
ͷΈɼMTN+LTNɼLTNͷΈͷ 3छྨ͋Δɽ

ද 2: 2ͭͷ Teacher NetworkͰৠཹͨ͠ਫ਼౓
Teacher Network ఏҊख๏

TN1 TN2 TA KD CRD

MTNͷΈ ResNet32 WRN28 2 71.12 71.26 72.13

MTN+LTN ResNet32 WRN28 6 70.83 71.24 71.73

MTN+LTN ResNet32 WRN28 10 70.24 71.37 71.61

LTNͷΈ WRN28 6 WRN28 10 69.37 69.92 70.75

ද 2͔ΒɼMTNͷΈͷ৔߹͕࠷΋ਫ਼౓͕͘ߴɼLTNͷ
Έͷ৔߹͕࠷΋௿͘ͳͬͨɽMTN+LTNͷ৔߹͸ɼLTN
ͷΈΑΓਫ਼౓͕͍ߴɽҎ্ΑΓɼ2ͭͷ Teacher Network
ͷ͏ͪ 1 ͭΛ MTN ʹ͢Δ͜ͱͰɼStudent Network ͱ
LTNؒͷৠཹͰੜ͡Δ໰୊Λճආ͢Δ͜ͱ͕Ͱ͖Δɽ

ද 3: 3ͭͷ Teacher NetworkͰৠཹͨ͠ਫ਼౓
Teacher Network ఏҊख๏

TN1 TN2 TN3 TA KD CRD

MTNͷΈ WRN28 1 ResNet32 WRN28 2 71.18 71.92 72.19

MTN+LTN ResNet32 WRN28 2 WRN28 6 70.24 71.06 71.83

MTN+LTN WRN28 2 WRN28 6 WRN28 10 68.87 70.15 71.00

LTNͷΈ WRN40 2 WRN28 6 WRN28 10 68.99 70.01 70.55

ද 3͸ 3ͭͷ Teacher NetworkΛ༻͍ͯৠཹͨ͠ਫ਼౓
Λࣔ͢ɽද 3͔ΒɼMTN+LTNͷ৔߹ɼਫ਼౓௿ԼΛ཈੍
͢Δ͜ͱ͕Ͱ͖ͳ͍͜ͱ͕͜ͱ͕Θ͔ΔɽMTNͷΈͷ৔
ਫ਼౓Ͱ͋ΔɽҎ্ΑΓɼTeacherߴ΋࠷͕߹ Network਺Λ
૿΍ͯ͠΋ LTN͕͋Δ৔߹ɼߴਫ਼౓Խ͕೉͍͜͠ͱ͕൑
໌ͨ͠ɽ
5.͓ΘΓʹ
ຊڀݚͰ͸ɼೳྗࠩͷ͋Δ Student NetworkͱTeacher

NetworkؒͷৠཹͷࡍʹɼMTN+LTNͷ૊߹ͤΛؚΊͯ
ͦΕΒΛಉ࣌ʹৠཹͤ͞Δ͜ͱΛఏҊͨ͠ɽ͜ΕʹΑΓɼ
Teacher Network Λ 2 Δ৔߹͸ਫ਼౓ͷ௿ԼΛ཈͢༺࢖ͭ
͑ɼMTNͷΈͷਫ਼౓ʹඖఢ͠ɼ͞Βʹ Teacher Network
͕ 1ͭͷΈͰৠཹΛͨͬߦ৔߹ΑΓ΋ਫ਼౓্͕͢޲Δ͜ͱ
Λ֬ೝͨ͠ɽ·ͨɼTAͱҟͳΓஈ֊తͳֶशΛඞཁͱͤ
ͣɼͦͷ෼ֶशؒ࣌Λ୹ॖͰ͖Δ͜ͱ΋֬ೝͨ͠ɽ
ݙจߟࢀ
[1] G. Hinton, et al., “Distilling the knowledge in a neu-

ral network”, NeurIPS Workshop, 2015.

[2] YɽTian, et al., “Contrastive Representation Distil-
lation”, ICLR, 2020.

[3] S. Mirzadeh, et al., “Improved Knowledge Distilla-
tion via Teacher Assistant”, AAAI, 2020.
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1.͸͡Ίʹ
൒͋ࢣڭΓֶश͸ɼϥϕϧ͋Γσʔλͱϥϕϧͳ͠σʔ

λͷ૒ํΛ༻ֶ͍ͨश๏Ͱ͋Δɽ൒͋ࢣڭΓֶशख๏ͱ
ͯ͠ɼ2ͭͷωοτϫʔΫؒͰ஌ࣝΛసҠ͢Δ Dual Stu-
dent(DS) [1]ɼDSͷωοτϫʔΫ਺Λ 4ͭҎ্ʹ֦ுͨ͠
Multiple Student(MS) [1]͕ఏҊ͞Ε͍ͯΔɽMS͸ DS
ʹൺ΂͍ͯߴਫ਼౓Ͱ͋Δ͕ɼશͯͷωοτϫʔΫؒͰͷ஌
ࣝసҠΛҰ౓ʹ͜͏ߦͱ͕Ͱ͖ͳ͍ͨΊɼֶशޮ཰͕ѱ͍ɽ
ͦ͜ͰຊڀݚͰ͸ɼޮ཰తͳ஌ࣝసҠํ๏ʹΑΔਫ਼౓্޲
Λ໨తͱͯ͠ɼ1౓ʹશͯͷωοτϫʔΫؒͰ஌ࣝΛసҠ
͢Δ Refined ConsistencyΛఏҊ͢Δɽ·ͨɼҰ؏ੑʹج
͍ͮͨ൒͋ࢣڭΓֶशख๏ʹར༻͞ΕΔσʔλ֦ுख๏Λ
ద༻͠ɼਫ਼౓มԽΛධՁ͢Δɽ
2.Dual Student

DS͸ɼ2ͭͷωοτϫʔΫΛ༻͍ͨ൒͋ࢣڭΓֶशख
๏Ͱ͋Δɽ֤ωοτϫʔΫʹ͸ɼಉ͡ೖྗʹରͯ͠ҟͳΔ
ઁಈΛՃ͑ͨ 2 ͭͷೖྗΛ༩͑Δɽͦͯ͠ɼઁಈʹର͠
ඪΛࢦͳΔΑ͏ֶश͢Δɽ͞Βʹɼ҆ఆੑͱ͍͏ʹ݈ؤͯ
༻͍ͯωοτϫʔΫग़ྗͷҰ؏ੑΛධՁ͠ɼ҆ఆੑ͕͍ߴ
ωοτϫʔΫ͔Β༏Εͨ஌ࣝΛసҠ͍ͤͯ͞Δɽ஌ࣝ͸ଟ
͘ͷωοτϫʔΫ͔ΒసҠͤ͞Δํ͕͍ߴਫ਼౓Λୡ੒Ͱ͖
ΔɽMS͸ DSΛ֦ு͠ɼ4ͭͷωοτϫʔΫΛ༻͍͍ͯ
ΔɽMS͸ɼ1౓ʹϥϯμϜͳ 2ͭͷωοτϫʔΫΛ༻͍
ͯɼDSͱಉ༷ͷํ๏Ͱֶश͢Δɽ
3.ఏҊख๏
ຊڀݚͰ͸ɼ1౓ʹશͯͷωοτϫʔΫؒͰ஌ࣝΛసҠ

͢Δ Refined ConsistencyΛఏҊ͢ΔɽMSͱఏҊख๏ʹ
͍ͭͯɼ1ΠλϨʔγϣϯ͝ͱͷ஌ࣝసҠͷํ޲Λਤ 1ʹ
ࣔ͢ɽఏҊख๏ͷֶशํ๏Λਤ 2ʹࣔ͢ɽ

Network 1

Network 2

Network 3

Network 4

Knowledge
Translation

n 
iteration

n+1 
iteration

(a) MS

Network 1

Network 2

Network 3

Network 4

n 
iteration

Knowledge
Translation

(b) Refined Consistency

ਤ 1: ஌ࣝసҠํ޲ͷྫ (ωοτϫʔΫ਺ 4)

ೖྗ x ʹର͢ΔωοτϫʔΫ i ͷଛࣦؔ਺ Li(x) Λࣜ
(1)ʹࣔ͢ɽ

Li(x) = Li
cls + λ1Li

con + λ2Li
sta (1)

͜͜Ͱɼλ1,λ2 ͸ॏΈ܎਺Ͱ͋ΓɼLcls ͸ਪଌ஋ͱϥϕϧ
ؒͷަࠩΤϯτϩϐʔͰ͋Γɼx͕ϥϕϧ͋ΓσʔλͰ͋
Δ৔߹ͷΈ͢ࢉܭΔɽLcon ͸Ұ؏ੑଛࣦɼLsta ͸҆ఆԽ
ଛࣦΛද͢ɽ҆ఆԽଛࣦ͸ɼ֤ωοτϫʔΫͷҰ؏ੑଛࣦ
Λ༻͍ͯ͢ࢉܭΔɽ
Ұ؏ੑଛࣦ͸ɼҟͳΔઁಈΛೖྗʹ༩͑ͨͱ͖ͷ֬ޙࣄ

཰ؒͷࠩޡͰ͋Γɼ஋͕খ͍͞΄ͲωοτϫʔΫ͕ઁಈʹ
Ͱ͋Δ͜ͱΛද͢ɽҰ؏ੑଛࣦΛ݈ࣜؤ (2)ʹࣔ͢ɽ

Li
con(x) = Ex∈D||f(θi, x+ ζ1)− f(θi, x+ ζ2)||2 (2)

͜͜ͰɼD ͸σʔληοτɼζ1, ζ2 ͸ϥϯμϜੑͷ͋Δઁ
ಈɼf(θ, x)͸ॏΈ θΛ΋ͭωοτϫʔΫͷ֬ޙࣄ཰Λද͢ɽ
҆ఆԽଛࣦ͸ɼҰ؏ੑଛࣦΛ஌ࣝͷࢦඪͱͯ͠ɼ࠷΋Ұ

؏ੑଛࣦ͕খ͍͞ωοτϫʔΫ θs ͔Βଞͷશͯͷωοτ
ϫʔΫʹ஌ࣝΛసҠ͢ΔɽసҠઌͷωοτϫʔΫΛ θi ͱ
͢Δͱɼ஌ࣝ͸ɼ֬ޙࣄ཰Λ͚ۙͮΔΑ͏ʹֶश͢Δ͜ͱ
ͰసҠͤ͞Δɽ҆ఆԽଛࣦΛࣜ (3)ʹࣔ͢ɽ

Li
sta(x) =

{
0 (A = ∅)

||f(θi, x)− f(θs, x)||2 (otherwise)
(3)

͜͜ͰɼA = {i | R(f(θi, x+ ζ1), f(θ
i, x+ ζ2)) = True}

Ͱ͋ΓɼRi
x ͸ೖྗ x ʹର͠ɼઁಈΛ෇༩ͨ͠ࡍͷग़ྗ
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ਤ 2: Refined Consistencyͷֶशํ๏
(ωοτϫʔΫ਺ 4)

f(θi, x+ ζ1)ͱ f(θi, x+ ζ2)ͷΫϥε͕Ұகͨ͠৔߹ʹਅ
ͱͳΔɽ
4.ධՁ࣮ݧ
ཁ֓ݧ࣮.4.1
ఏҊख๏ͱMSͷਫ਼౓Λൺֱ͢ΔɽσʔληοτʹCIFAR-

100ɼϕʔεϞσϧʹ 13૚ͷ CNNΛ࢖༻͢Δɽֶशճ਺
͸ 350 epochɼωοτϫʔΫ਺͸ 4ɼ8 ͱ͢Δɽσʔλ֦
ுͱͯ͠ɼࠨӈ൓సɼϥϯμϜͳըૉ਺ฏߦҠಈͨ͠ͷͪ
ʹ൓ࣹύσΟϯάΛ͏ߦɽCIFAR-100͸ɼΫϥε਺͕ 100
Ͱ͋Γɼֶश༻ʹ 50,000ຕɼਪ࿦༻ʹ 10,000ຕͷը૾Ͱ
Ͱ͸ɼֶश༻ը૾ͷ͏ͪݧ੒͞ΕΔɽຊ࣮ߏ 10,000ຕΛϥ
ϕϧ͋Γσʔλɼଞ 40,000ຕΛϥϕϧͳ͠σʔλͱ͢Δɽ
Ұ؏ੑʹ͍ͨͮج൒͋ࢣڭΓֶशख๏Ͱ͸ɼRandAug-

ment(RA) [2] ͳͲͷେ͖ͳઁಈΛ෇༩͢Δσʔλ֦ுख
๏Λѻ͏͜ͱͰਫ਼౓্͕͢޲Δ [3]ɽͦ͜ͰɼRAͷ༗ແʹ
ΑΔਫ਼౓มԽΛධՁ͢Δɽ

Ռ݁ݧ࣮.4.2
ఏҊख๏͓Αͼ MS ͷਫ਼౓ɼ֤ख๏ʹରͯ͠ RA Λద

༻ͨ͠ਫ਼౓Λද 1ʹࣔ͢ɽ֤݁Ռ͸ 5ճ࣌ͨ͠ߦࢼͷਖ਼ղ
཰ͷฏۉ஋ͱඪ४ภࠩͰ͋Δɽද 1͔ΒɼఏҊख๏͸MS
ͱൺ΂ͯɼωοτϫʔΫ਺ 4Ͱ 0.26 ptɼωοτϫʔΫ਺
8Ͱ 0.31 ptਫ਼౓͕͍ߴɽΑͬͯɼఏҊख๏ʹ͓͚Δ஌ࣝ
సҠ͸༗ޮͰ͋Δͱ͑ݴΔɽ͞ΒʹɼRAͱఏҊख๏Λ૊
Έ߹ΘͤΔ͜ͱͰɼͦͷޮՌ͸࠷େͱͳΓ 68.18%·Ͱ޲
্ͨ͠ɽ

ද 1: CIFAR-100Λ༻͍ͨਫ਼౓ൺֱ [%]

ख๏ ֦ு
ωοτϫʔΫ਺
4 8

MS
- 66.70±0.15 66.93±0.09

RA 66.43±0.14 66.34±0.10

ఏҊख๏
- 66.96±0.12 67.24±0.06

RA 66.96±0.04 68.18±0.10

5.͓ΘΓʹ
ຊڀݚͰ͸ɼ1౓ʹશͯͷωοτϫʔΫؒͰ஌ࣝΛసҠ

͢Δ Refined ConsistencyΛఏҊͨ͠ɽධՁ࣮ݧͰ͸ɼఏ
Ҋख๏͕MSʹൺ΂ͯߴਫ਼౓Ͱ͋Δ͜ͱΛࣔͨ͠ɽޙࠓ͸ɼ
஌ࣝసҠάϥϑ΁ͷԠ༻Λ͏ߦ༧ఆͰ͋Δɽ
ݙจߟࢀ
[1] K. Zhanghan, et al., “Dual Student: Breaking the

Limits of the Teacher in Semi-supervised Learning”,
ICCV, 2019.

[2] E. Cubuk, et al., “RandAugment: Practical auto-
mated data augmentation with a reduced search
space”, NeurIPS, 2019.

[3] K. Sohn, et al., “FixMatch: Simplifying Semi-
Supervised Learning with Consistency and Confi-
dence”, NeurIPS, 2020.



ਂ૚ڧԽֶशʹ͓͚ΔՁ஋ɾํࡦϕʔεͷ༗ޮੑͷ޲܏ௐࠪ

ER17073 ଜ্ɹང ࿱߂٢౻तɿڭಋࢦ

1.͸͡Ίʹ
ਂ૚ڧԽֶश͸ɼਂ૚ֶशͱڧԽֶशΛ૊Έ߹Θֶͤͨ

शํ๏Ͱ͋ΔɽڧԽֶश͸ɼ͋Δ͔ڥ؀Β֫ಘͰ͖Δใु
ͷ࠷େԽΛ໨తͱ͠ɼ࠷దͳߦಈΛ֫ಘ͢Δֶशํ๏Ͱ͋
Δɽਂ ૚ڧԽֶशख๏ʹ͸ɼେผͯ͠Ձ஋ϕʔεͱํࡦϕʔ
ε͕͋Δɽਂ૚ڧԽֶश͸ਓͷੑೳΛ௒͑Δ͜ͱ΋͋Δ͕ɼ
ख๏͝ͱʹֶशڥ؀΍ֶश৚͕݅ҟͳΔͨΊɼ֤ख๏ʹͲ
ͷΑ͏ͳ͕͋޲܏Δ͔໌֬Ͱͳ͍ɽͦ͜ͰຊڀݚͰ͸ɼՁ
஋΂ʔεɾํࡦϕʔεͰ୅දతͳΞϧΰϦζϜͷ޲܏ͷௐ
ࠪΛ͏ߦɽ

2.ਂ૚ڧԽֶश
ਂ૚ڧԽֶश͸ɼਂ૚ֶशͱڧԽֶशΛ૊Έ߹Θֶͤͨ

शํ๏Ͱ͋ΔɽҎԼʹɼՁ஋ϕʔεͱํࡦϕʔεͷख๏ʹ
ड़΂Δɽ

2.1.Ձ஋ϕʔε
Ձ஋΂ʔε͸ɼߦಈͷՁ஋ͷ࠷େԽ͢Δ͜ͱΛ໨తͱ͠

ͯɼQֶशΛ༻ֶ͍ͯश͢ΔɽQֶश͸ TDࠩޡʹΑΓɼ
ࠩޡ৽͢ΔɽTDߋಈͷՁ஋Λߦ δ ͸͋Δঢ়ଶ sͰߦಈ a
Λ͏ߦͱ͖ͷߦಈͷՁ஋ V (s)ͱɼߦಈޙͷঢ়ଶ s′ ʹ͓͚
ΔߦಈͷՁ஋ V (s′)ͷࠩΛ΋ͱʹࣜ (1)ͷΑ͏ʹࢉग़͢Δɽ
TD͕ࠩޡେ͖͍΄Ͳঢ়ଶ sͰͷߦಈͷՁ஋͕͘ߴͳΔɽ

δ = r + γV (s′)− V (s) (1)

͜͜Ͱɼࣜ (1)ͷɼr ͸ใुɼγ ͸ɼׂҾ཰Ͱ͋Δɽ
Deep Q-Network(DQN)[1]ɿߦಈͷՁ஋ (Q஋)Λ৞
ΈࠐΈχϡʔϥϧωοτϫʔΫʹΑΔۙؔࣅ਺Ͱදͨ͠ݱ
Խֶशख๏Ͱ͋Δɽ·ͨɼExperienceڧ Replay΍ Target
Q-NetworkɼReward ClippingΛಋೖͯ͠ɼ๲େͳঢ়ଶ਺
ͷը૾ೖྗʹରԠ͍ͯ͠Δɽ

Categolical DQN[2]ɿDQNΛجͱ͠ɼߦಈՁ஋Λ෼෍
ͱͯ͠ද͢ݱΔڧԽֶशख๏Ͱ͋Δɽ

ϕʔεࡦํ.2.2
దԽ͢Δ͜ͱ࠷ΛࡦͱͳΔํൣنಈͷߦϕʔε͸ɼࡦํ

Λ໨తͱͯ͠ɼํޯࡦ഑๏Λ༻ֶ͍ͯश͢Δɽํޯࡦ഑๏
͸ํࡦ πθ ͷύϥϝʔλ θͰɼऩӹ (ใुͷ૯࿨)ͷظ଴஋
Λඍ෼ͯ͠ޯ഑Λࢉग़ࣜ͠ (2) ͷΑ͏ʹߋ৽͢Δɽࣜ (2)
ͷ α͸ֶश཰ΛɼJ ͸ظ଴ऩӹΛࣔ͢ɽ

θt+1 ← θt + α∇θJ(θ) (2)

Asynchronous Advantage Actor-Critic(A3C)[3]ɿ
ෳ਺ͷ workerΛ༻͍ͯඇಉظతʹύϥϝʔλߋ৽Λ͏ߦ
Asynchronousɼ2 εςοϓҎ্ઌͷใुΛྀ͢ߟΔ Ad-
vantageɼࡏݱͷঢ়ଶʹ͓͚Δߦಈબ୒ͱߦಈΛධՁΛಉ
͏ߦʹ࣌ Actor−Criticͷ 3ͭΛ߹ΘͤͨڧԽֶशख๏Ͱ
͋Δɽ

Trust Region Policy Optimization(TRPO)[4]ɿߋ
৽લͱߋ৽ޙͷํࡦ πθold ͱͷ KLμΠόʔδΣϯεΛ͠
͖͍஋ δ ҎԼʹ཈͑Δ੍໿Λ༻͍ͯɼํࡦΛվળ͢ΔڧԽ
ֶशख๏Ͱ͋Δɽ

Proximal Policy Optimization(PPO)[5]ɿTRPOΛ
ࡦͷํޙ৽ߋ৽લͱߋʹج πθold ͷมԽྔΛҰఆͷൣғ಺ʹ
ΫϦοϐϯά͜ͱͰֶशΛ҆ఆͤ͞ΔڧԽֶशख๏Ͱ͋Δɽ
3.Ձ஋ɾํࡦϕʔεͷ༗ޮੑௐࠪ
ෳ਺ͷλεΫʹ͓͍ͯڧԽֶशख๏ͷ޲܏Λௐࠪ͢Δɽຊ

Խֶशख๏ͱͯ͠ɼDQNɾCategolicalڧΔ͢༺࢖Ͱ͸ɼݧ࣮
DQNɾA3CɾTRPOɾPPOΛ༻͍Δɽ

3.1.ௐࠪڥ؀
͸ɼOpenʹڥ؀ AI͕ఏ͢ڙΔAtari 2600ͷήʔϜλε

Ϋͷ͏ͪBreakoutɼMs.PacmanɼPong, Qbert, Spacein-
vadersΛ࢖༻͢Δ.͜ΕΒͷڥ؀͸ใुͷछྨ΍ɼ೉қ౓͕
ҟͳΔΑ͏ʹબ୒ͨ͠ɽBreakout͸ɼύυϧͰϘʔϧΛଧ
ͪฦ͠ϒϩοΫΛ่͢ήʔϜͰ͋ΔɽMs.Pacman͸ɼΰʔ
ετΛճආ͠ͳ͕ΒΫοΩʔΛ৯΂ΔήʔϜͰ͋ΔɽPong
͸ɼCPUͱϗοέʔΛ͏ߦήʔϜͰ͋ΔɽQbert͸ɼδϟ
ϯϓͯ͠ϒϩοΫͷ৭Λม͢ߋΔήʔϜͰ͋ΔɽSpacein-
vades͸ɼΠϯϕʔμΛଧͪൈ͘ήʔϜͰ͋Δɽ֤ख๏͸
1.0 ʷ 107 ΤϐιʔυͷֶशΛ͍ߦɼ1000ճςετͨ࣌͠
ͷฏۉείΞΛࢉग़͢Δɽ·ͨɼϥϯμϜʹߦಈΛબ୒͠
ͨ৔߹ͷείΞͱ΋ൺֱ͢Δɽ

3.2.ௐࠪ݁Ռ
ද 1ʹ֤ήʔϜʹ͓͚Δ֤ख๏ͷฏۉείΞΛࣔ͢ɽද 1

͔ΒɼBreakoutɾQbertɾSpaceinvadersͰ͸ɼCategorical
DQNɼPPO͕ߴείΞΛ֫ಘͨ͠ɽCategolical DQN͸
Δ͜ͱʹΑΓɼֶशʹؚ·Εͳ͍͢ݱಈՁ஋Λ෼෍Ͱදߦ
ঢ়ଶʹର͢ΔߦಈՁ஋Λਖ਼͘͠ٻΊΔ͜ͱ͕Ͱ͖ΔͨΊɼ
είΞ্͕ͨ͠޲ͱ͑ߟΒΕΔɽPPO͸ํࡦͷมԽྔͷΫ
ϦοϐϯάޮՌʹΑΓֶशʹؚ·ΕΔঢ়ଶʹΦʔόʔϑΟο
τ͠ͳ͍ͨΊɼείΞ্͕ͨ͠޲ͱ͑ߟΒΕΔɽ͜ͷ̏ͭ
ͷήʔϜͰ͸ɼՁ஋ϕʔεɾํࡦϕʔεͷͲͪΒ΋༗ޮͰ
͋Δɽ

Ms.PacmanͰ͸Ձ஋ϕʔεͷख๏ͷํ͕͍ߴείΞΛ
֫ಘͨ͠ɽ͜Ε͸ɼMs.Pacman͕Τϐιʔυޙ൒Ͱ֫ಘ
Ͱ͖Δใु͕গͳ͘ͳΔͱ࣌ɼήʔϜͷਐߦʹ߹Θͤͯ֫
ಘͰ͖Δใु͕ݮΔͨΊɼํࡦϕʔεͰ͸ద੾ͳߦಈΛಘ
Δ͜ͱ͕Ͱ͖ͳ͍ɽPong͸ɼશͯͷख๏ʹ͓͍ͯߴεί
ΞΛ֫ಘͰ͖͍ͯΔɽ͜Ε͸ɼڥ؀ͷλεΫ͕༰қͰ͋Δ
ͨΊɼख๏ʹΑΔେ͖ͳ͕ࠩग़ͳ͔ͬͨͨΊͰ͋Δͱ͑ߟ
ΒΕΔɽද 1 : 1000ΤϐιʔυؒͷฏۉείΞ

Breakout Qbert Spaceinvaders Ms.Pacman Pong
Random 2.2 375.0 75.0 218.4 0.0
DQN 89.2 4325.6 803.5 4226.5 19.3

Ձ஋ϕʔε
Categolical

DQN
406.5 14099.5 1483.5 3995.2 21.0

A3C 2.5 4353.2 486.2 1941.6 18.7
ϕʔεࡦํ TRPO 2.6 4401.2 876.6 1698.2 21.0

PPO 427.5 15897.6 1128.5 1680.4 21.0

4.͓ΘΓʹ
ຊڀݚͰ͸ɼAtari 2600 ʹ͓͚Δ༷ʑͳڧԽֶशख๏

ͷ༗ޮੑௐࠪΛͨͬߦɽใुΛ֫ಘͰ͖ͳ͍ڥ؀ʹ͸Ձ
஋ϕʔεɼ൓ରʹৗʹҰఆͷใुΛ֫ಘͰ͖Δڥ؀ʹ͸
Categolical DQNɼPPO͕༗ޮͰ͋Δ͜ͱ͕Θ͔ͬͨɽ͜
ͷ޲܏Λ΋ͱʹɼطଘͷڧԽֶशख๏Λ૊Έ߹ΘͤͨΞϯ
αϯϒϧڧԽֶशख๏ͷ։ൃ͕ظ଴Ͱ͖Δɽޙࠓ͸ෳ਺ͷ
ɽ͏ߦͳΔௐࠪΛߋԽֶशख๏ͷڧ
ݙจߟࢀ
[1] V. Mnih, et al., “Playing Atari with Deep Reinforce-

ment Learning”, NIPS Deep Learning Workshop,
2013.

[2] M. G.Bellemare, et al., “A Distributional Perspec-
tive on Reinforcement Learning”, ICML, 2017.

[3] V. Mnih, et al., “Asynchronous Methods for Deep
Reinforcement Learning”, ICML, 2016.

[4] J. Schulman, et al., “Trust Region Policy Optimiza-
tion”, ICML, 2015.

[5] J. Schulman, et al., “Proximal Policy Optimization
Algorithms”, arXiv:1707.06347, 2017.



Hessian-Free๏Λ༻͍ͨ Echo State Networkͷߏ଄୳ࡧ

ER17059 ᖛ஍ ༏ً ࿱߂٢౻तɿڭಋࢦ

1.͸͡Ίʹ
ਓؒͷ೴ʹ͸໾ׂʹΑΓػೳ͢ΔՕॴ͕෼͔Ε͍ͯ͘ػ

ೳ෼Խͱݺ͹ΕΔݱ৅͕͋ΔɽҰํɼਓ޻χϡʔϥϧωο
τϫʔΫͰ΋ɼEcho State Network (ESN)[1]Λ༻͍ͨػ
ೳ෼Խͷख๏͕ఏҊ͞Ε͓ͯΓɼಛఆͷؒ࣌·ͨ͸ۭؒύ
λʔϯʹ൓Ԡ͢ΔχϡʔϩϯΛֶश͢Δ͜ͱ͕֬ೝ͞Εͯ
͍Δ [2]ɽ͜ͷख๏Ͱ͸ɼGenetic Algorithm (GA)Λ༻͍
ͯ ESNͷ Reservoir૚ͷχϡʔϩϯͷߏ଄ͱॏΈΛ୳ࡧ
͢Δɽ୳ࡧͷ݁Ռ͔Β Reservoir૚ͷχϡʔϩϯͷग़ྗͱ
ਖ਼ղϥϕϧ͔Β૬ޓ৘ใྔΛࢉग़͠ɼػೳ෼ԽΛ֬ೝͯ͠
͍Δɽ͔͠͠ɼGAʹΑΔ࠷దͳॏΈͷ୳ࡧʹ͸๲େͳ࣌
͕ؒඞཁʹͳΔɽͦ͜ͰຊڀݚͰ͸ɼHessian-Free๏Λ༻
͍ͨΑΓޮ཰తͳ୳ํࡧ๏ΛఏҊ͢Δɽ
2.ઌڀݚߦ

ESN͸ɼೖྗ૚ɼReservoir૚ɼग़ྗ૚ͷ 3૚Ͱߏ੒͞
Εɼग़ྗ૚ͷΈΛֶश͢Δɽೖྗ૚ͱReservoir૚ͷॏΈ͸
0͔Β 1ͷؒͰϥϯμϜʹܾఆ͢ΔɽYamagutiΒ [2]͸ɼ
ਤ 1ͷΑ͏ʹ Reservoir ૚ͷχϡʔϩϯΛ Input Neurons
ͱ Output Neurons ʹ෼͚ͨ߆ଋ৚݅෇͖ ESNͰۭؒɾ
ɼGAޙΔɽग़ྗ૚ͷֶश͍ͯͬߦύλʔϯͷ෼ྨΛؒ࣌
Λ༻͍ͯ Reservoir૚ͷߏ଄ͱॏΈΛ୳͢ࡧΔɽͦͷࡍͷ
֤χϡʔϩϯͷ૬ޓ৘ใྔ͔ΒɼωοτϫʔΫͷػೳ෼Խ
Λ֬ೝ͍ͯ͠Δɽ͔͠͠ɼશχϡʔϩϯͷॏΈͷ૊Έ߹Θ
ͤ͸๲େͳͨΊɼGAʹΑΔ࠷దͳߏ଄ͱॏΈͷ྆ऀΛे
෼ʹ୳͢ࡧΔ͜ͱ͸ࠔ೉Ͱ͋Δɽ

𝑊𝑖𝑛

𝑊𝑟𝑒𝑠
𝑊𝑜𝑢𝑡

𝑠𝑝

𝑊𝑜𝑢𝑡
𝑡𝑝

Reservoir層

入力層

出力層

Input
Neurons

Output
Neurons

ਤ 1. ଋ৚݅෇͖߆ ESN ͷωοτϫʔΫߏ଄

3.ఏҊख๏
ຊڀݚͰ͸ɼχϡʔϩϯͷॏΈ࠷దԽͱ ESNͷߏ଄୳

ख๏ΛఏҊ͢ΔɽશχϡʔϩϯͷॏΈΛ͏ߦʹΛஈ֊తࡧ
Hessian-Free๏ʹΑΔॏΈͷ࠷దԽͱɼGAʹΑΔReser-
voir૚ͷߏ଄Λ୳ࡧΛ܁Γฦ͢͜ͱͰɼޮ཰తʹ୳͢ࡧΔ
͜ͱ͕ՄೳͱͳΔɽ

3.1.Hessian-Free๏Λ༻͍ͨ ESNͷֶश
Hessian-Free๏͸ɼܕؼ࠶χϡʔϥϧωοτϫʔΫͷֶ

शʹ͓͚Δޯ഑ফ ɾࣦരൃ໰୊Λղܾͭͭ͠ɼ௕ظతͳσʔ
λͷಛ௃நग़͕Մೳͳֶश๏Ͱ͋Δ [3]ɽHessian-Free ๏
͸χϡʔϩϯͷॏΈͷߋ৽஋͕ᮢ஋ҎԼͷ࣌͸ॏΈͷ୳ࡧ
Λڞ໾ޯ഑๏Ͱ͏ߦɽڞ໾ޯ഑๏Λ༻͍ͨ৔߹ͷॏΈͷߋ
৽ࣜΛࣜ (1)ʹࣔ͢ɽ

Wk+1 = Wk − TkMk (1)

͜͜ͰɼWk ͸ࡏݱͷॏΈͷू߹Ͱ͋ΓɼWk+1 ͸ߋ৽ޙ
ͷߋ৽ޙͷॏΈͷू߹Ͱ͋Δɽࣜ (1)ͷ Tk ͸઀ϕΫτϧɼ
Mk ͸ڞ໾ޯ഑Ͱ͋ΔɽҰํͰɼߋ৽஋͕ᮢ஋Ҏ্ͷ࣌͸
ॏΈͷ୳ࡧΛΨ΢εχϡʔτϯ๏Ͱ͏ߦɽΨ΢εχϡʔτ
ϯ๏Λ༻͍ͨ৔߹ͷॏΈͷߋ৽ࣜΛࣜ (2)ʹࣔ͢ɽ

Wk+1 = Wk − (∇FT
k ∇Fk)

−1Fk∇Fk (2)

͜͜Ͱɼࣜ (2)ͷ Fk ͸ࠩޡͷ஋ɼ∇Fk ͸ޯ഑ϕΫτϧͰ
͋Δɽ

3.2.GAʹΑΔߏ଄ͷ୳ࡧ
Reservoir૚ͷχϡʔϩϯͷߏ଄Λܾఆ͢ΔͨΊʹɼGA

ʹΑΔ୳ࡧΛ͏ߦɽਤ 2ʹఏҊख๏ʹΑΔߏ଄୳ࡧͷྲྀΕ
Λࣔ͢ɽ·ͣɼstep1ʹͯɼશχϡʔϩϯͷॏΈΛHessian-
Free ๏Ͱ࠷దԽ͢Δɽstep2 ͸ɼGA Λ༻͍ͯ Reservoir

૚ͷχϡʔϩϯͷ઀ଓߏ଄Λ୳͢ࡧΔɽstep3 Ͱ͸ɼGA
ʹΑͬͯੜ੒͞ΕΔݸମͷਫ਼౓͕ऩଋ͢Δ·Ͱɼstep1ͱ
step2Λ܁Γฦ͢ɽਤ 2ͷΦϨϯδ৭ͷ໼ҹ͸୳ࡧʹΑΓ
༏Ε͍ͯΔͱൃ͞ݟΕͨߏ଄Λࣔ͢ɽ

Reservoir層

Output NeuronsInput Neurons

出力層

入力層

STEP２
Reservoir層

Output NeuronsInput Neurons

出力層

入力層
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Hessian-Free法
による重みの学習

GAの探索による
優れた構造

STEP 3

GAよる
構造探索後

ਤ 2. ESN ͷߏ଄୳ࡧͷྲྀΕ
ཁ֓ݧ࣮.4

Reservoir૚ͷߏ଄ͱॏΈͷ୳ࡧʹ͍ͭͯɼैདྷख๏ͱ
ఏҊख๏ͷൺֱ࣮ݧΛ͏ߦɽ࣮ݧʹ͸Reservoir૚ʹ ݸ32
ͷχϡʔϩϯΛ߆ͭ࣋ଋ৚݅෇͖ ESNΛ༻͍ͯɼcos೾ͷ
प೾਺ͱ෼ׂ਺Λ૊Έ߹Θͤͨύλʔϯͷ෼ྨΛ͏ߦɽఏ
Ҋख๏ʹ͓͚Δ Hessian-Free๏ͷֶशճ਺͸ 20EpochͰ
͋ΔɽGAͷύϥϝʔλ͸ɼݸମ਺Λ 200ɼ౫ଡ͢Δ਺Λ
180ɼੈ୅਺Λैདྷख๏Ͱ 500ੈ୅ɼఏҊख๏Ͱ 5ੈ୅ͱ
͢ΔɽGAʹΑΔ୳ޙࡧɼఏҊख๏ͱैདྷख๏ͰReservoir
૚ͷχϡʔϩϯͱਖ਼ղϥϕϧ͔Β૬ޓ৘ใྔΛٻΊػೳ෼
ԽΛ֬ೝ͢Δɽ
Ռ݁ݧ࣮.5
ද 1ʹਫ਼౓ൺֱͷ݁ՌΛࣔ͢ɽද 1ΑΓؒ࣌৘ใͱۭؒ

৘ใͷ྆ํͰఏҊख๏ͷਫ਼౓͕͍ߴɽ͜ ΕʹΑΓɼHessian-
Free๏Λ༻͍Δ͜ͱͰߏ଄ͱॏΈͷޮ཰తͳ୳͕ࡧՄೳͰ
͋Δɽ

ɹ

ද 1. ैདྷख๏ͱఏҊख๏ͷൺֱਫ਼౓ [%]

ɹ ɹ
෼ྨछྨ ैདྷख๏ ఏҊख๏

ۭؒ৘ใ 85.6 100.0

৘ใؒ࣌ 55.3 91.2

ਤ 3(a)ʹैདྷख๏, ਤ 3(b)ʹఏҊख๏ͷؒ࣌ͱۭؒͷ
૬ޓ৘ใྔͷ݁ՌΛࣔ͢ɽਤ 3(a)͔Βɼۭؒɼؒ࣌৘ใྔ
ͷ྆ऀͱ΋ʹ͘ߴͳΔΑ͏ʹਐԽ͍ͯ͠Δ͜ͱ͕෼͔Δɽ
ҰํɼఏҊख๏Ͱ͸ۭؒɼؒ࣌৘ใͷͲͪΒ͔͕͘ߴͳΔ
Α͏ʹਐԽ͍ͯ͠ΔɽҎ্ΑΓɼఏҊख๏͸ɼχϡʔϩϯ
ͷػೳ෼ԽΛ༠ൃ͢Δ͜ͱ͕ՄೳͰ͋Δɽ

(a) ैདྷख๏ (b) ఏҊख๏
ਤ 3. ೳ෼Խͷ݁Ռػ

6.͓ΘΓʹ
ຊڀݚͰ͸ޮ཰తʹॏΈΛܾఆ͢Δํ๏ΛఏҊ͠ɼগͳ

͍ੈ୅਺Ͱػೳ෼ԽΛ༠ൃ͢Δ͜ͱ͕ग़དྷͨɽޙࠓͷ༧ఆ
ͱͯ͠͸ɼ୳ޙࡧͷ Reservoir૚ͷχϡʔϩϯ͕ؒ࣌ͱۭ
ؒύλʔϯͷ৘ใΛͲͷΑ͏ʹॲཧ͍ͯ͠Δͷ͔ʹ͍ͭͯ
ͷ෼ੳɼ࡯ߟͳͲ͕͛ڍΒΕΔɽ
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