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ੜࢧ׆ԉϩϘοτʹΑΔମஔλεΫʹ͓͚Δଞମͱͷিಥ༧ଌʹؔ͢Δڀݚ

TP20010 Տ߹  Լࢁतɿڭಋࢦ ོٛ

1.͡Ίʹ
ͷਓखෆऀޢԉ͢ΔհࢧΛ׆ͷੜऀମোऀྸߴ

͕େ͖ͳࣾձʹͳ͍ͬͯΔɽͦͷͨΊɼՈఉͰՈࣄ
հޢͳͲͷੜࢧ׆ԉΛ͏ߦੜࢧ׆ԉϩϘοτ [1]ͷಋೖ͕ظ
͞Ε͍ͯΔɽੜࢧ׆ԉʹ͓͍ͯɼίοϓͷ༻Λӡ
ͿମӡൖॏཁͳجຊతλεΫͰ͋ΔɽମӡൖλεΫ
ʹɼͨ࣋͠ମΛࢦఆ͞Εͨॴʹஔ͢ΔλεΫ
ؚ·ΕΔɽੜڥ׆Ͱ༷ʑͳମ͕ཚࡶʹஔ͔Ε͍ͯΔ
͜ͱ͕ଟ͍ͨΊɼࣄલʹଞͷମͱিಥ͕ൃੜ͢Δ͔Λ༧
ଌ͠ɼিಥΛ͙ඞཁ͕͋ΔɽମஔλεΫʹ͓͚Δি
ಥ༧ଌ๏ͱͯ͠ PonNet [2]͕ఏҊ͞Ε͍ͯΔɽPonNet
ͨ࣋͠ମΛɼཚࡶʹମ͕ஔ͔ΕͨΤϦΞʹஔ͢
Δࡍʹিಥ͕ൃੜ͢Δ֬Λ༧ଌ͢ΔɽೖྗใϩϘο
τ͕ࡱӨͨ͠ RGB-Dը૾ͱͨ࣋͠ମͷϞσϧใͰ
͋ΔɽϞσϧใɼطͷମσʔλϕʔεΛࢀরͯ͠
ಘΔͨΊɼະମΛͨ࣋͠߹ʹਖ਼͘͠িಥ༧ଌ͕Ͱ
͖ͳ͍. ͞ΒʹɼϞσϧใͷΈͰࡏݱͷ࢟࣋Λߟ
ྀͰ͖ͣɼ࢟࣋ͷมԽʹΑΓൃੜ͢ΔিಥΛ༧ଌͰ͖
ͳ͍ɽ
ͦ͜ͰຊڀݚͰɼϋϯυΧϝϥΛ༻͍ͯΞϐΞϥϯε

ϕʔεͰͨ࣋͠ମΛଊ͑Δিಥ༧ଌ๏ΛఏҊ͢ΔɽΞ
ϐΞϥϯεϕʔεͰϞσϧใ͕ෆཁͰɼͨ࣋͠ମ
ͷܗঢ়େ͖͞ɼ࢟࣋ͷಛΛଊ͑Δ͜ͱ͕Ͱ͖Δɽ

2.ମஔλεΫͷিಥ༧ଌ
ମஔλεΫͷিಥ༧ଌख๏Ͱ͋Δ PonNetɼRGB

ͱDepthͷ 2ͭͷϞʔμϧͷಛΛଊ͑ΔͨΊʹɼAtten-
tion Branch Network (ABN)[3]ΛϚϧνϞʔμϧʹ֦ு
͍ͯ͠ΔɽABNΛ༻͍Δ͜ͱͰɼಛϚοϓͷॏཁͳྖ
ҬΛڧௐͭͭ͠ɼΞςϯγϣϯϚοϓͷՄࢹԽ͕ՄͰ͋
Δɽਓͱੜࢧ׆ԉϩϘοτͷڞಉੜ׆ʹ͓͍ͯ৴པੑ͕
ॏཁͰ͋ΔɽPonNetϩϘοτͷྖࢹҬΛՄࢹԽͯ͠
அࠜڌΛ໌Β͔ʹ͢Δ͜ͱͰɼ৴པੑͷ্Λਤ͍ͬͯ
Δɽ·ͨɼੜڥ׆ͷΑ͏ͳཚࡶʹମ͕ஔ͔Ε͍ͯΔঢ়
ͱিಥ͕ൃੜ͠ɼϩϘοτͷഁଛ͏ߦԼʹͯମஔΛگ
ނোͷϦεΫ͕͍ߴɽͦ͜ͰɼPonNetͰϦΞϧͳඳ
ըͱ࿈తͳཧ࡞༻ΛྀߟͰ͖ΔγϛϡϨʔλΛ༻͍ͯɼ
িಥ༧ଌͷͨΊͷσʔληοτ BILA-12KΛ࡞͠ɼֶश
ʹ༻͍͍ͯΔɽ

3.ఏҊख๏
ମͷϞσϧใΛ༻͍Δিಥ༧ଌ๏Ͱɼະମʹ

ରԠͰ͖ͣ, ·ͨɼϦΞϧλΠϜͳ࢟࣋ใΛྀߟͰ͖
ͳ͍ɽͨ࣋͠ମΛϋϯυΧϝϥͰࡱӨ͢Δ͜ͱͰɼΞ
ϐΞϥϯεϕʔεͰମͷܗঢ়େ͖͞ɼ࢟࣋ʹؔ͢
ΔಛΛଊ͑Δ͜ͱ͕Ͱ͖Δɽͦ͜ͰɼຊڀݚͰɼϋϯ
υΧϝϥʹΑͬͯ࣋ମͷΞϐΞϥϯεΛଊ͑ΔϚϧν
Ϟʔμϧ ABNΛఏҊ͢ΔɽఏҊख๏ͷྲྀΕΛਤ 1ʹࣔ͢ɽ

シミュレータでデータセット作成

注視領域の可視化

マルチモーダル
ABN

⼊⼒

衝突予測ネットワーク
衝突ラベル

RGB

Depth
(法線マップ化）

衝突有り

ハンド画像

衝突無し
or

衝突有り
衝突無し

衝突予測

ਤ 1: ఏҊख๏ͷྲྀΕ
ຊڀݚͰɼੜڥ׆Λͨ͠ݱ࠶γϛϡϨʔλΛ༻͍ͯɼ

࢟࣋ͷมԽະମΛؚΉঢ়گͰͷσʔληοτΛ
͢Δɽ͜ͷσʔληοτΛ༻͍ͯωοτϫʔΫΛֶश࡞
͠ɼিಥ༧ଌͱྖࢹҬͷՄࢹԽΛ͏ߦɽ

3.1 ωοτϫʔΫߏ
ຊख๏ͷωοτϫʔΫߏΛਤ 2 ʹࣔ͢ɽ֤Ϟʔμϧ

k ∈ {rgb, depth, hand}ʹରԠ͢Δ 3ͭͷABNɼಛʹॏ

Perception
block

Attention
機構

正解
ラベル𝑦

Attention
機構

Attention
Branch

Feature 
extractor 1

Feature 
extractor 1

Feature 
extractor 1

Attention
Branch

Feature 
extractor 2

Feature 
extractor 2

Feature 
extractor 2

Depth

ハンド画像

Attention
機構

Attention
Branch 𝐽

𝐽

(法線マップ)

𝑭

𝑭

𝑭

𝛼 𝑭 𝑭

𝑽,𝑾 , 𝒃
J

：𝑽 tanh(𝑾 𝑭 + 𝒃 )
：学習可能な重み
：クロスエントロピー誤差
𝑘 ∈ {rgb, deptℎ, hand}

：データの流れ
：予測確率
：Attention Branch Network (ABN)
：BalancingRGB画像

入
⼒
𝑥

𝑒

𝑒

𝑒

𝛼：softmax(𝑒 )

𝐽

𝐽

ਤ 2: ϚϧνϞʔμϧ ABNͷߏ

Έ͚͢Δ BalancingɼఆΛ͏ߦ Perception blockͰߏ
͞ΕΔɽϕʔεωοτϫʔΫʹResNet-18Λ༻͠ɼୈ 3
ϨΠϠʔͰׂͯ͠Feature extractor 1,2ʹ͚Δɽ·ͣɼ
֤ը૾ xk Λ Feature extractor 1ʹೖྗͯ͠ಘΒΕͨಛ
ϚοϓΛ Attentionߏػͱ Attention Branchʹೖྗ͢Δɽ
Attention Branchͷग़ྗΫϥε༧ଌ֬PAB

k (xk)ͱΞ
ςϯγϣϯϚοϓͰ͋ΔɽAttentionߏػʹΑΓΞςϯγϣ
ϯϚοϓͰॏΈ͚ͨ͠ಛϚοϓΛ Feature extractor
2ʹೖྗ͠ɼ256ݩ࣍ͷಛϕΫτϧ Fk ΛಘΔɽ͜ΕΛɼ
BlancingʹΑΓॏΈ͚ͯ͠F ′ΛಘΔɽF ′ΛPerception
blockʹೖྗ͠ɼ࠷ऴతͳ༧ଌ P PB(x)ΛಘΔɽ࠷ऴతͳ
ଛࣦؔ J ࣜ (1)ʹΑΓٻΊΔɽ

J = JPB + JAB
rgb + JAB

depth + JAB
hand (1)

͜ͷͱ͖ɼ֤ J ,֤ P (x)ͱਖ਼ղϥϕϧ ŷ ͷΫϩεΤϯ
τϩϐʔࠩޡͰٻΊΔɽ

3.2 σʔληοτ࡞
ຊڀݚͰɼ࣋ମͷΞϐΞϥϯεΛؚΉিಥ༧ଌσʔ

ληοτΛɼPonNetͰߏங͞ΕͨγϛϡϨʔλΛ༻͍ͯ
ԉϩϘοτɼHumanࢧ׆͢Δɽੜ࡞ Support Robot
(HSR)Λରͱ͢Δɽσʔληοτͷ࡞खॱΛ Step1ʙ
6Ͱࣔ͢ɽ

Step 1 എܠɼর໌ڥͱՈ۩Λબɽ

Step 2 28छྨͷোͷީิମ͔ΒϥϯμϜʹબ͠ɼ
ஔΤϦΞ্ʹམԼͤ͞োͱͯ͠ઃஔɽ

Step 3 ஔΤϦΞͷঢ়ଶΛRGB-Dը૾ͱͯ͠HSRͷϔο
υΧϝϥΛ༻͍ͯࡱӨɽ

Step 4 HSR͕ஔ͢ΔମΛ࣋ʢ࢟࣋ਤ 3(a)ʣɽ

Step 5 ͨ࣋͠ମΛϋϯυΧϝϥΛ༻͍ͯࡱӨ (ਤ 3(b))ɽ

Step 6 ࣋ମΛஔΤϦΞʹஔ͠ɼিಥใΛهɽ

90°��

����

(2)

(1)

(a) ࢟࣋ (b) ϋϯυΧϝϥը૾

ਤ 3: ࢟࣋ͷछྨ

িಥ༗Γͷఆোಉ࢜ͷিಥɼϩϘοτΞʔϜͱো
ڥͱͷিಥɼোͷিಥɼஔ͢Δମͱো
ͷিಥͷͦΕͧΕͷ݅Ͱɼᮢ 0.1m/sҎ্ͷিಥͱ͢
Δɽ͜ΕΛඞཁͳαϯϓϧ͕ಘΒΕΔ·Ͱ܁Γฦ͠ੜ



͠ɼσʔηοτΛߏங͢Δɽ࣮࡞ʹࡍͨ͠σʔληοτ
ͷিಥϥϕϧͷ༁Λද 1ʹࣔ͢ɽ

ද 1: σʔληοτͷিಥϥϕϧ༁ [%]

NDC DC O-O T-O A-O O-D P1 P2

69.67 30.33 3.15 21.11 14.41 10.46 23.19 76.06

NDCিಥແ͠Ͱ͋ΓɼDCিಥ༗ΓͰ͋ΔɽDCɼ
Լهͷিಥ݅ͷ͍ͣΕ͔ 1ͭҎ্͕ൃੜͨ͠߹Ͱ͋Δɽ
O-OஔΤϦΞͷোಉ࢜ͷিಥΛද͢ɽT-O
ஔͨ͠ମͱোͷিಥΛද͢ɽA-OোͱϩϘο
τΞʔϜͷিಥΛද͢ɽO-DোͱஔΤϦΞ͓Αͼ
ͦͷपลڥͷিಥΛද͢ɽP1ɼP2 DCϥϕϧͰ
࢟࣋ 1ɼ࢟࣋ 2ͷ߹Ͱ͋Δɽ࢟࣋ 2ͷিಥ༗
Γϥϕϧ࢟࣋ 1ͷ 3.2ഒఔ͋Γɼ࢟࣋ 2ি
ಥ͕ൃੜ͍͢͜͠ͱ͕Θ͔Δɽ͜ͷΑ͏ʹɼஔΤϦΞ
ͷঢ়ଶ͚ͩͰͳ͘ɼྀ࢟࣋͢ߟΔ͜ͱ͕ॏཁͰ͋Δɽ

4.ධՁ࣮ݧ
ຊষͰɼఏҊख๏ͷ༗ޮੑΛ͢ূݕΔͨΊͷධՁ࣮ݧ

Λ͏ߦɽධՁ࣮ݧͰମஔλεΫʹ͓͚Δিಥ༧ଌͱ
ͯ͠ NDC or DCͷ 2ΫϥεྨΛ͍ߦɼ֤ख๏ͱͷਫ਼
ൺֱΛ͏ߦɽ

4.1 ݅ݧ࣮
ຊ࣮ݧʹɼલઅͰ࡞ͨ͠σʔληοτΛ༻͍ɼֶश

ʹ 42,100 ճɼূݕʹ 5,300 ճɼධՁʹ 5,300 ճͷαϯ
ϓϧΛ༻͢ΔɽϕʔεϞσϧʹ ResNet-18 Λ༻͢
Δɽֶशճ 10 ΤϙοΫɼ࠷దԽؔʹ AdamΛ༻
͠ɼॳֶظशΛ 10−5 ͱ͢Δɽ·ͨɼֶश݁Ռʹɼ֤
ֶशΤϙοΫʹ͓͍ͯɼ࠷ূݕਫ਼͕͍ߴϞσϧͷධՁ
݁ՌΛ༻͍ɼͦΕͧΕ 5ճֶशͨ݁͠ՌͷฏۉΛ༻͍Δɽ

4.2 ମʹର͢Δিಥ༧ଌͷఆྔతධՁط
֤Ϟσϧͷিಥ༧ଌͷਖ਼ղͷൺֱΛද 2ʹࣔ͢ɽ

ද 2: ࢟࣋ͷมԽ༗Γͷিಥ༧ଌͷਖ਼ղ
ख๏ Ϟσϧใ ϋϯυը૾ ਖ਼ղ [%]

Ponnet[2]
! -ɹ 84.49 ± 0.22
- -ɹ 84.25 ± 0.30

ఏҊख๏ - ! 87.10± 0.33

ఏҊख๏ϋϯυΧϝϥͷը૾Λར༻͠ɼਫ਼্͕͠
ͨɽ͜ͷ͜ͱ͔ΒɼϋϯυΧϝϥͷը૾Λར༻͢Δ͜ͱͰɼ
ମͷ࢟࣋େ͖͞ͷಛΛଊ͍͑ͯΔ͜ͱ͕Θ͔Δɽ
ྫ͑ɼஔΤϦΞͷোͷஔ͕ಉ͡Ͱ͋Δ͕ɼମ
ͷ͕࢟࣋ҧ͏߹ʹɼϋϯυΧϝϥʹΑͬͯ࢟࣋
͕ಘΒΕɼదͳ༧ଌ͕ՄʹͳΔɽ

4.3 ΞςϯγϣϯϚοϓͷՄࢹԽʹΑΔఆੑతධՁ
ɼਖ਼ղϥϕϧͱ༧ଌ݁Ռ͕ʹ࣍ DCͷ߹ͷਖ਼ղྫͷΞ

ςϯγϣϯϚοϓͷՄࢹԽ݁ՌΛਤ 4ʹࣔ͢ɽ
RGB Depth Hand

ਤ 4: ΞςϯγϣϯϚοϓͷՄࢹԽ݁Ռ

ਤ 4ͷ RGBը૾Ͱɼো͕ଘ͠ࡏͳ͍ॴʹࢹ
ྖҬ͕ൃੜ͓ͯ͠Γɼฏ໘Λ͍ͯ͠ࢹΔ͜ͱ͕Θ͔Δɽ
·ͨɼDepth ը૾ͰোʹྖࢹҬ͕ൃੜ͓ͯ͠Γɼ
োΛ͍ͯ͠ࢹΔ͜ͱ͕Θ͔Δɽ͜ͷ͜ͱ͔ΒɼRGB

ը૾ͱ Depth ը૾ͰҟͳΔಛΛֶश͢Δ͜ͱͰɼਫ਼
ɼϋϯυը૾ͷΞςϯγϣʹ࣍ΒΕΔɽ͑ߟͱ্͕ͨ͠
ϯϚοϓͷՄࢹԽ݁ՌͰɼͨ࣋͠ମΛ͍ͯ͠ࢹΔ
͜ͱ͕Θ͔Δɽ͜ΕʹΑͬͯɼମͷछྨେ͖͞ͱিಥ
ͷൃੜ͢͠͞ͷؔͳͲͷಛΛֶश͍ͯ͠Δͱ͑ߟΒ
ΕΔɽ·ͨɼಛఆͷମͷΈʹΞςϯγϣϯ͕ൃੜ͢Δ
࢟࣋ɽ͜Εɼͨͬ͋ 1ͷঢ়ଶେ͖͕͞খ͍͞
ମͳͲɼিಥͷ͕ੑݥة͍ମͱͦ͏Ͱͳ͍ମΛ۠ผ
͍ͯ͠Δͱ͑ߟΒΕΔɽ

4.4 InsertionʹΑΔΞςϯγϣϯϚοϓͷධՁ
ΞςϯγϣϯϚοϓͷ༗ޮੑͷূݕͷͨΊʹ Insertion

Λ݁ͨͬߦՌΛਤ 5ࣔ͢ɽ
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ਤ 5: InsertionʹΑΔΞςϯγϣϯϚοϓͷධՁ

Insertionೖྗը૾ʹର͢ΔΞςϯγϣϯϚοϓͷ֤ϐ
ΫηϧͷΛᮢҎԼΛ 0ʹ͢ΔॲཧΛ͍ߦɼೖྗը૾Λ
ΞςϯγϣϯϚοϓͰϚεΫͨ͠࠶,ʹޙωοτϫʔΫʹ
ೖྗͯ͠ਪΛݧ࣮͏ߦͰ͋ΔɽᮢΛঃʑʹ૿Ճͤͨ͞
ΒɼΞςϯγϣϯ͕ೖྗը૾ͷॏཁͳ෦ʹൃੜ͔ͷࡍ
͍ͯ͠Δ͔͢ূݕΔ͜ͱ͕Ͱ͖ΔɽఏҊख๏ɼInsertion
ͷׂ߹͕͍߹ʹਫ਼͕Լ͠ɼInsertionͷׂ߹͕ 1ͷ
ͱ͖ʹਫ਼͕࠷͍͜ߴͱ͔ΒɼΞςϯγϣϯͷ͕͍ߴ
෦͕ɼೖྗը૾ͷॏཁͳ෦Λଊ͍͑ͯΔ͜ͱ͕Θ͔Δɽ

4.5 ະମʹର͢Δিಥ༧ଌͷఆྔతධՁ
ֶशʹ༻͍ͯ͠ͳ͍ະମʹର͢Δিಥ༧ଌΛද 3

ʹࣔ͢ɽະମͰɼPonNetͱൺֱͯ͠ఏҊख๏Ͱ
ਫ਼্͕͓ͯ͠Γɼϋϯυը૾ʹΑΓମͷಛΛଊ͑
͍ͯΔ͜ͱ͕Θ͔Δɽ

ද 3: ະମʹର͢Δিಥ༧ଌͷਖ਼ղ
ख๏ Ϟσϧใ ϋϯυը૾ ਖ਼ղ [%]

PonNet - - 72.23
ఏҊख๏ - ! 74.06

5.͓ΘΓʹ
ຊڀݚͰɼϋϯυΧϝϥʹΑͬͯΞϐΞϥϯεϕʔε

Ͱ࣋ମΛଊ͑ΔϚϧνϞʔμϧ ABNΛఏҊͨ͠ɽ·
ͨɼ࣋ମͷΞϐΞϥϯεΛؚΉମஔλεΫͷিಥ
༧ଌͷͨΊͷσʔληοτΛ࡞ͨ͠ɽ࡞ͨ͠σʔληο
τͰֶशͨ݁͠ՌɼϋϯυΧϝϥΛՃͨ͠ωοτϫʔΫ
Ͱͷিಥ༧ଌͷਫ਼্͕ͨ͠ɽޙࠓஔલͷը૾͚ͩ
Ͱͳ͘ஔޙͷը૾Λར༻͢ΔͳͲɼ༷ʑͳ݅Ͱͷিಥ
༧ଌͱ৴པੑͷ্Λ͢ࢦɽ
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Grid-wise-attentionΛ༻͍ͨମݕग़ͷ֮ࢹతઆ໌ੑʹؔ͢Δڀݚ

TP20011 ଜळే Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
ମݕग़ը૾্ͷମҐஔͱͦͷ໊শΛಛఆ͢Δٕज़

Ͱ͋Δɽࣗಈӡసʹ͓͚Δ҆શ֬อʹาऀߦं྆ͷݕ
ग़͕͔ܽͤͳ͍ɽಛʹɼϨϕϧ 5ͷશࣗಈӡసͷ࣮ݱʹ
ɼݕग़ਫ਼ͷ্͚ͩͰͳ͘ɼαʔϏεΛڗड͢Δਓ͕
৴པͰ͖ΔΑ͏ʹݕग़݁ՌͷஅࠜڌΛࣔ͢ඞཁ͕͋Δɽ
ຊڀݚͰɼาऀߦΛݕग़ରͱ͠ɼͦͷஅࠜڌΛΞ

ςϯγϣϯϚοϓͱͯ͠ग़ྗ͢Δख๏ΛఏҊ͢ΔɽఏҊख
๏ɼը૾ΛάϦουঢ়ʹׂ͠ɼ֤άϦουʹର͢ΔΞ
ςϯγϣϯϚοϓΛऔಘ͢Δɽ·ͨɼఏҊख๏Ͱɼऔಘ
ͨ͠ΞςϯγϣϯϚοϓΛಛϚοϓʹॏΈ͚ͯ͠Ґஔ
ਪఆΛ͜͏ߦͱͰɼݕग़ਫ਼ͷ্Λ࣮͢ݱΔɽ
2.ؔ࿈ڀݚ
ମݕग़ख๏ɼମͷҐஔਪఆͱΫϥεྨΛಉ࣌ʹ

͏ߦ one-stageͱɼମͷҐஔਪఆΛͨ͠ޙɼ֤Ґஔʹର
ͯ͠ΫϥεྨΛ͏ߦ two-stage ͕͋Δɽone-stage ͷख
๏ɼ͍ߴਫ਼Λୡͭͭ͠ߴԽ͞Ε͓ͯΓɼମݕग़
ͷදతͳΞϓϩʔνͱͳ͍ͬͯΔɽone-stageݕग़ख๏ͷ
1 ͭͰ͋Δ Center and Scale Prediction(CSP)[1] ɼา
ग़͢Δɽ͜ΕݕΛऀߦͷத৺ͱεέʔϧΛਪఆͯ͠าऀߦ
ʹΑΓɼখ͍͞ମΦΫϧʔδϣϯʹ݈ؤͳݕग़͕Մ
Ͱ͋Δɽ͔͠͠ɼCSPΛؚΉैདྷͷମݕग़ख๏ɼωο
τϫʔΫͷதؒใΛՄࢹԽͨ͠ࡍʹෳͷମΛಉ࣌ʹ
Λࣔͨ͠ͷͰ͋Δ͔ڌग़͢ΔͨΊɼͲͷମͷஅࠜݕ
ෆ໌Ͱ͋Δͱ͍͏͕͋Δɽ
3.ఏҊख๏
ຊڀݚͰɼը૾ΛάϦουঢ়ʹׂ֤ͨ͠άϦουʹ

ର͢ΔΞςϯγϣϯϚοϓΛऔಘ͢ΔGrid-wise-attention
ʹΑΔମݕग़ΛఏҊ͠ɼΞςϯγϣϯϚοϓ͔Βମݕ
ग़ͷஅࠜڌΛࣔ͢ɽ

3.1.ωοτϫʔΫߏ
ఏҊख๏ͷωοτϫʔΫߏΛਤ 1ʹࣔ͢ɽຊख๏ͷωο

τϫʔΫߏɼFeature extractorɼ֤άϦουʹର͢Δ
Ϋϥε֬ΛٻΊΔ Classification branch ͱ Grid-wise-
attention ʹΑΔॏΈ͚ͮʹΑ֤ͬͯάϦουʹର͢Δ
ମͷҐஔΛٻΊΔ Localization branch͔Βߏ͞ΕΔɽ

ਤ 1 : ఏҊख๏ͷωοτϫʔΫߏ

͡Ίʹը૾ΛϕʔεωοτϫʔΫͰ͋ΔResNet-50ʹ
ೖྗ͠ɼಛϚοϓΛऔಘ͢Δɽ࣍ʹɼಛϚοϓΛW×H
ͷάϦουঢ়ʹׂ͠ɼClassification branch ͷΈࠐΈ
ͱγάϞΠυؔʹΑΓάϦουຖʹମͷΫϥε֬
Λग़ྗ͢Δɽ͜ͷͱ͖ͷಛϚοϓΛGrid-wise-attention
ɼW͍͓ͯʹߏػ ×H ͷݸ Queryɼϕʔεωοτϫʔ
Ϋ͔Βऔಘͨ͠ಛϚοϓΛ Keyͱͯ͠ɼQueryͱ Key
ͷੵʹΑͬͯΞςϯγϣϯϚοϓΛ W × H औಘݸ
͢ΔɽҐஔ (i, j)ͷάϦουʹର͢ΔΞςϯγϣϯϚοϓ
Attentionij Λࣜ (1)ʹࣔ͢ɽ

Attentionij = softmax(QijK
T) (1)

औಘ͞ΕΔAttentionijɼTransformer[2]ͱಉ༷ʹQuery
ͱ KeyͷྨࣅΛද͢ɽ͜ͷॲཧΛશͯͷ Queryʹ͍ͭ

ɼ֤͍ߦͯ Query ʹର͢ΔΞςϯγϣϯϚοϓΛऔಘ͢
Δɽऔಘͨ͠ΞςϯγϣϯϚοϓΛϕʔεωοτϫʔΫ͔
Βऔಘͨ͠ಛϚοϓʹॏΈ͚͢Δɽ͜ΕʹΑΓɼࢹ
ྖҬΛྀͨ͠ߟମݕग़͕Ͱ͖Δɽͦͯ͠ɼLocalization
branchʹ͓͍ͯɼॏΈ͚͞ΕͨಛϚοϓ͔Β֤άϦο
υʹରͯ͠ͷମҐஔΛग़ྗ͢Δɽ1ͭͷମʹରͯ͠ෳ
ͷݕग़݁ՌΛग़ྗ͢Δ͜ͱΛ͙ͨΊʹɼඇ࠷େ੍
Λ༻͍Δɽ

3.2.ֶशํ๏
ఏҊख๏ɼग़ྗ֤ͨ͠άϦουʹରͯ͠ͷΫϥε֬

ͱମҐஔ͔ΒٻΊͨݕग़݁Ռʹର͢ΔΫϥε֬ͷଛࣦ
Lcls ͱਪఆҐஔͱਖ਼ղҐஔͷଛࣦ Lbox Λ༻ֶ͍ͯश͢Δɽ
Ϋϥεྨʹ Focal lossΛ༻͢ΔɽFocal lossɼߴ
͍Ͱೝࣝͨ͠Ϋϥεʹରͯ͠ɼখ͞ͳॏΈΛଛࣦʹ
ΔΑ͏͢ࢹͳΫϥεΛॏࠔΔɽ͜ΕʹΑΓɼೝ͕ࣝ͢ࢉ
ͳֶश͕Ͱ͖ΔɽLclsɼLbox ΛͦΕͧΕࣜ (2)ɼࣜ (3)ʹ
ࣔ͢ɽ

Lcls =
1
Nc

∑

i

−(1− p̂i)
γ log(p̂i) (2)

Lbox =
1
Nr

∑

i

I(gi = 1)lr(bi, ti) (3)

͜͜Ͱɼγ Λ؆୯ͳΫϥεʹର͢ΔॏΈΛௐ͢Δύϥ
ϝʔλͰຊڀݚͰ γ = 2ͱ͢ΔɽNc

k Λݕग़݁Ռɼgi
Λ i൪ͷݕग़݁Ռʹର͢Δਖ਼ղΫϥεɼlr Λ smooth L1
Lossɼbi Λ i൪ͷݕग़݁ՌͷମҐஔɼti Λ i൪ͷݕ
ग़݁Ռʹର͢Δਖ਼ղҐஔɼ I(·) Λਖ਼ղͱఆٛ͞ΕͨΞϯ
ΧʔͷΈʹ੍͢ݶΔࢦඪؔͱ͢Δɽp̂i ɼi൪ͷݕग़
݁ՌͷΫϥε֬ pi Λ༻͍ͯࣜ (4)ͷ݅ͰٻΊΒΕΔɽ

p̂i =

{
pi if gi = 1
1− pi otherwise

(4)

3.3.ମݕग़ͷྖࢹҬͷऔಘ
Grid-wise-attentionߏػҐஔ (i, j)ͷάϦουʹର͢

ΔΞςϯγϣϯϚοϓ Attentionij Λऔಘ͢Δɽ͜ΕΛಛ
ϚοϓͷશͯͷҐஔʹରͯ͠ٻΊɼ̎ݩ࣍ʹஔ͢Δ͜
ͱͰΞςϯγϣϯϚοϓΛٻΊΔɽຊख๏ͷମݕग़ɼ
֤άϦουʹରͯ͠ͷΫϥε֬ͱମҐஔΛͨ͏ߦʹج
ΊɼάϦουຖʹݕग़݁ՌΛग़ྗ͢ΔɽͦͷͨΊɼᮢॲ
ཧඇ࠷େ੍Λద༻ͨ͠ޙʹମΛؚΉάϦουʹର
ͯ͠ͷΞςϯγϣϯϚοϓΛՄࢹԽ͢Δ͜ͱͰɼݕग़ର
ຖͷஅࠜڌΛऔಘ͢Δ͜ͱ͕Ͱ͖Δɽ

3.4.Ϛϧνεέʔϧߏͷಋೖ

ਤ 2 : Ϛϧνεέʔϧߏ

ຊख๏ɼਤ 2ʹࣔ͢Α͏ʹҟͳΔεέʔϧͷάϦου
Λ༻͍ͯଟॏղ૾Խ͢ΔɽϕʔεωοτϫʔΫ͔ΒҟͳΔ
εέʔϧͷಛϚοϓΛऔಘ͠ɼͦΕͧΕΛClassification
branch ͱ Localization branch ʹೖྗͯ͠Ξςϯγϣϯ
Ϛοϓͷऔಘͱମͷݕग़Λ͏ߦɽ͜ΕʹΑΓɼߴղ૾
ͷಛϚοϓ͔Βখ͞ͳମΛݕग़ɼղ૾ͷಛϚο
ϓ͔Βେ͖ͳମͷݕग़Λ͢Δ͜ͱ͕ՄͱͳΔɽ



ਤ 4 : ΞςϯγϣϯϚοϓՄࢹԽ݁Ռ

4.ධՁ࣮ݧ
ຊ࣮ݧͰɼఏҊख๏ʹΑΔΞςϯγϣϯϚοϓΛՄࢹ

Խ͢Δ͜ͱͰɼาݕऀߦग़ͷஅࠜڌΛࣔ͢ɽ·ͨɼఏҊ
ख๏ͷݕग़ਫ਼͔ΒɼྖࢹҬΛྀͨ͠ߟาݕऀߦग़ͷ༗
ޮੑΛௐࠪ͢Δɽ

ཁ֓ݧ࣮.4.1
ֶशɼධՁʹɼֶश༻ʹ 2,975 ຕɼධՁ༻ʹ 500 ຕ

ͷը૾ΛؚΉ CityPersonsσʔληοτΛ༻͍ΔɽఏҊख
๏ֶशճΛ 150ΤϙοΫɼ࠷దԽख๏Λ Adamɼॳظ
ֶशΛ 1.0× 10−5 ͱ͢Δɽ
ൺֱ࣮ݧͰैདྷͷମݕग़ख๏Ͱ͋Δ CSPΛ༻͍Δɽ

ఆྔతͳධՁࢦඪʹ log-average miss rate Λ༻͍Δɽ
log-average miss rate 1 ը૾͋ͨΓͷݕޡग़ (FPPI)
Λ 0.01 ͔Β 100 ͷൣғ͔ΒରεέʔϧͰִؒʹऔ
ಘ͠ɼ֤ͷ FPPIʹର͢Δະݕग़ (Miss Rate)ͷฏ
ΊΔɽlog-averageٻΒ͔ۉ miss rate͕͍΄Ͳߴਫ਼Ͱ
͋Δ͜ͱΛࣔ͢ɽਖ਼ղͰ͋Δาऀߦͷ͕͞ߴ 250 pixel Ҏ
্ ͷͷΛ Largeɼ250 pixelະຬ͔ͭ 50 pixelҎ্ͷ
ͷΛMiddleɼ50 pixelະຬͷͷΛ Small͢Δɽ
·ͨɼΞςϯγϣϯϚοϓΛՄࢹԽ͠ɼ͘ڧ͢ࢹΔՕ

ॴΛجʹஅࠜڌΛਪଌ͢ΔɽҟͳΔεέʔϧͷಛϚο
ϓ͔Βऔಘ͢ΔΞςϯγϣϯϚοϓΛೖྗಛϚοϓͷղ
૾͕͍ॱʹ Scale1ɼ2ɼ3 ͱͯ͠ɼεέʔϧຖͷΞς
ϯγϣϯϚοϓΛൺֱ͢Δɽ

ग़ਫ਼ͷൺֱݕ.4.2
ैདྷͷาݕऀߦग़ख๏ͱఏҊख๏ͷൺֱ݁ՌΛද 1 ʹ

ࣔ͢ɽఏҊख๏MiddleɼSmallͰͦΕͧΕ CSPʹൺ
 0.5ϙΠϯτɼ4.9ϙΠϯτ૿Ճ͍ͯ͠Δ͕ɼLargeͰ
12.4ϙΠϯτԼ͓ͯ͠ΓɼશମͰ 7.1ϙΠϯτԼ͠ɼ
ਫ਼্͕͍ͯ͠Δɽ

ද 1 : ग़ਫ਼ͷൺֱʢlog-averageݕ miss rateʣ
All Large Middle Small

CSP[1]ɹ 20.2 23.2 5.8 15.1
ఏҊख๏ 13.1 10.8 6.3 20.0

·ͨɼDETΧʔϒΛਤ 3ʹࣔ͢ɽఏҊख๏ɼCSPΑ
Γ DETΧʔϒ͕ݪʹ͍ۙͨΊɼੑߴͰ͋Δͱ͍͑Δɽ

ਤ 3 : DETΧʔϒ

ͷΞςϯγϣϯϚοϓΛਤऀߦग़ͨ͠าݕ 4ʹࣔ͢ɽਤ
ͷΞςϯγϣϯϚοϓനͷάϦουʹରͯ͠ͷΞςϯ
γϣϯϚοϓͰ͋Γɼ੨৭ʹ͍ۙ΄Ͳऑ͘ɼԫ৭ʹ͍ۙ΄
Ͳ͘ڧԠ͍ͯ͠Δ͜ͱΛࣔ͢ɽ ਤ 4(a)͔Β (d)ͷΞς
ϯγϣϯϚοϓ͔Βɼาऀߦͱਪଌ͞ΕΔରͷମۙΛ
Δ͜ͱ͕Θ͔Δɽ·ͨɼਤ͍ͯ͠ࢹ͘ڧ 4(a)ɼ(b)Ͱɼ
֤εέʔϧຖʹରԠ͢Δେ͖͞ͷาऀߦʹରͯ͘͠ڧࢹ
͓ͯ͠Γɼਤ 4(c)ɼ(d)ͷ Scale3Ͱɼۙลͷาऀߦʹର
ͯ͠എܠΑΓऑ͍ͯ͘͠ࢹΔɽ͜ͷ͜ͱ͔Βɼຊख๏
ରԠ͠ͳ͍େ͖͞าऀߦͷݕޡग़Λ͗ͭͭɼาऀߦͷ
ମʹͯ͠ݕग़͍ͯ͠Δ͜ͱ͕Θ͔ΔɽҰํͰɼਤ 4(d)
ͷ Scale1ɼ2ͷΞςϯγϣϯϚοϓɼಉ͡าऀߦʹର͠
͍ͯͬ·ग़݁Ռ͕ॏෳͯ͠͠ݕΔͨΊɼ͍ͯ͠ࢹ͘ڧͯ
ΔɽScale͕ҟͳΔ͜ͱͰɼඇ࠷େ੍Ͱআ͖͠Εͣ
ग़ͱͳͬͨɽͦͷͨΊɼఏҊख๏͕ݕޡ CSPΑΓMiddle
ʹ͓͍͍ͯਫ਼ͱͳͬͨɽ·ͨɼਤ 4(e)ͷԕํͷখ͍͞
αΠζͷาऀߦʹର͢ΔΞςϯγϣϯϚοϓɼখ͞ͳ
ମͷݕग़͕Ͱ͖Δ Scale3 ʹ͓͍ͯาऀߦʹରͯ͠ࢹ
Ͱ͖͍ͯͳ͍ɽ͜ͷ͜ͱ͔ΒɼఏҊख๏͕CSPΑΓ Small
ʹ͓͍ͯਫ਼͕͍ͷɼҰ෦ͷখ͞ͳମʹରͯ͠Ξς
ϯγϣϯ͕͍ͨΊͰ͋Δͱ͑ߟΔɽ
5.͓ΘΓʹ
ຊڀݚͰɼάϦουঢ়ʹׂ֤ͨ͠ʹର͢ΔΞς

ϯγϣϯϚοϓΛऔಘ͢Δ Grid-wise-attention ʹΑΔา
ग़ख๏ͱͷൺֱݕऀߦग़ख๏ΛఏҊͨ͠ɽैདྷͷาݕऀߦ
ͰɼఏҊख๏͕શମͰݧ࣮ 7.1ϙΠϯτਫ਼্͕ͨ͠
͜ͱ͔ΒɼྖࢹҬΛྀͨ͠ߟॏΈ͚ʹΑͬͯߴਫ਼ͳ
าݕऀߦग़͕Ͱ͖Δ͜ͱΛࣔͨ͠ɽ·ͨɼྖࢹҬ͔Βา
Λࣔͨ͠ɽάϦουʹର͢ΔΞςϯγϣڌग़ͷஅࠜݕऀߦ
ϯϚοϓ͔Βຊख๏ʹΑΔาݕऀߦग़ɼରԠ͢Δେ͖͞
ͷาऀߦͷମ͕அࠜڌͱͳΔ͜ͱ͕Θ͔Γɼݕޡग़ະ
ɼ֤άϦοޙࠓग़͕ൃੜͨ͠ཁҼΛࣔ͢͜ͱ͕Ͱ͖ͨɽݕ
υʹҐஔͷใΛ༩͑Δ͜ͱͰΑΓରମΛ͢ࢹΔΞ
ςϯγϣϯϚοϓͷ֫ಘͱෳΫϥεΛݕग़͢Δࡍͷஅ
ɽ͏ߦԽΛࢹͷՄڌࠜ
ݙจߟࢀ
[1] W. Liu, et al., “Center and Scale Prediction: A

Box-free Approach for Pedestrian and Face Detec-
tion”,CVPR, 2019.

[2] A. Vaswani, et al., “Attention is all you need”,NIPS,
2017.

࣮ڀݚ
[1] ଜळే,ฏཌྷ,ࢁԼོٛ,౻߂٢, “Replution Loss
Λ༻͍ͨ Single Stage Headless ݕऀߦʹΑΔԕําߏ
ग़”, ը૾ηϯγϯάٕज़ڀݚձ, 2020.

[2] ଜळే,३थ,ฏཌྷ,ࢁԼོٛ,౻߂٢, “Pixel-
wise-AttentionʹΑΔ Pointܕาݕऀߦग़ͷஅࠜڌͷՄ
,”Խࢹ ࣗಈंٕज़ձֶज़େձ, 2021.



TransformerʹΑΔதؒಛΛྀͨ͠ߟਓମ࢟ਪఆʹؔ͢Δڀݚ

TP20012 খদ༔ే Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
ਓମͷ࢟ਪఆɼ2ݩ࣍ը૾্ͷਓମͷؔઅҐஔΛਪ

ఆ͢ΔͰ͋ΓɼϞʔγϣϯΩϟϓνϟಈ࡞ೝࣝʹ༻
͍ΒΕΔɽ͜Ε·Ͱʹਓͷ࢟มԽʹରԠͨ͠ख๏͕ଟ
ఏҊ͞Ε͍ͯΔͷͷɼ͋Δ݅ԼͰؔઅҐஔΛਖ਼͘͠
ଊ͑ΒΕͳ͍͜ͱ͕͋Δɽྫ͑ɼҰ෦ͷؔઅʹରͯ͠Φ
Ϋϧʔδϣϯ͕ൃੜ͢Δγʔϯɼରͷؔઅͱपғͷഎ
Ҽͱͯ͠ɼରݪΒΕΔɽͦͷ͛ڍΔγʔϯ͕͢ࣅྨ͕ܠ
ͷؔઅؔ࿈͢Δ෦ҐͷಛใΛωοτϫʔΫ͕ਖ਼֬
ʹѲͰ͖͍ͯͳ͍͔ΒͰ͋ΔɽຊڀݚͰɼTransformer
͕ਓମͷؔઅʹର͢ΔେہతͳؔੑΛଊ͍͑͢ಛੑʹ
ண͠ɼTransformerʹΑΔؔઅʹର͢Δଟ༷ͳؔੑΛ
ଊ͑ͨதؒಛΛྀͨ͠ߟਓମͷ 2 ਪఆΛఏҊ࢟ݩ࣍
͢Δɽ͜ΕΛϚϧνεέʔϧϞσϧͱͯ͠ߏங͢Δ͜ͱͰ
ؔઅʹର͢Δہॴతͳ͔ؔੑΒؔઅಉ࢜ͷେہతͳؔ
Ͱ͖Δɽ·ͨɼ͋Δؔઅͱͦͷؔઅྀߟʹ࣌ͰΛಉ·ੑ
ʹؔ࿈͢Δ෦Ґʹରͯ͠ΑΓணͤ͞ΔͨΊʹ Attention
Convolution (Att-conv.)ΛఏҊ͢Δɽ

2.ਓମͷ ਪఆͷैདྷख๏࢟ݩ࣍2
2 ਪఆ࢟ݩ࣍ Convolutional Pose Machines[1] ͷ

ొҎ߱ɼ֤ؔઅͷҐஔΛώʔτϚοϓͱͯ͠ग़ྗ͢Δख
๏͕Ұൠతͱͳ͍ͬͯΔɽ͜ΕΒैདྷͷख๏ɼෳͷ
ΈࠐΈΛੵ͢Δ͜ͱͰɼؔઅपล͚ͩͰͳ͘ଞͷؔ
અͱͷؔੑΛଊ͑Δ͜ͱ͕ग़དྷΔΑ͏ʹͳͬͨɽ·ͨɼ
TransformerΛ༻͍ͨ࢟ਪఆख๏ଟ͘ఏҊ͞Ε͍ͯΔɽ
TransPose[2]ΈࠐΈॲཧͰը૾ͷಛΛଊ͑ͨޙɼ࿈
ଓͨ͠ Transformer Encoder ʹॱ࣍ೖྗ͢Δ͜ͱͰਓମ
ͷ ɽ͜ΕʹΑΓɼपลͷؔઅ͚ͩͰ͏ߦਪఆΛ࢟ݩ࣍2
ͳ͘ɼΑΓΕͨؔઅͱͷେہతͳؔੑΛଊ͑Δ͜ͱ͕
Ͱ͖͍ͯΔɽ

3.ఏҊख๏
ੑࣅͱͷྨܠਪఆʹ͓͍ͯɼΦΫϧʔδϣϯഎ࢟

ʹରԠ͢ΔͨΊʹؔઅͷಛΛଊ͑Δ͚ͩͰͳ͘ɼؔઅ
ؒͷؔੑ͞ΒʹͦΕΒʹؔ࿈͢Δ෦ҐͱͷؔੑΛ
ଊ͑Δ͜ͱ͕ॏཁͰ͋Δɽͦ͜ͰɼTransformer͕ਓମͷ
ؔઅʹର͢ΔେہతͳؔੑΛଊ͍͑͢ಛੑʹண͠ɼ
TransformerͷதؒಛΛར༻ͨ͠ਓମͷ ਪఆ࢟ݩ࣍2
ΛఏҊ͢Δɽຊख๏ͰɼೖྗαΠζ͕ҟͳΔTransformer
Encoder͔Βग़ྗ͞ΕͨதؒಛΛू͢Δ͜ͱͰɼؔઅ
ʹର͢Δہॴతͳ͔ؔΒؔઅಉ࢜ͷେہతͳؔͷ྆
ऀΛྀͨ͠ߟਪఆ͕Ͱ͖Δɽ·ͨɼରͷؔઅͱͦͷؔ
࿈͢Δ෦Ґʹରͯ͠ΑΓண͢ΔಛΛ֫ಘ͢ΔͨΊʹ
Attention Convolution (Att-conv.)Λಋೖͨ͠Att-conv.
Transformer EncoderΛఏҊ͢Δɽ

3.1 ωοτϫʔΫߏͱதؒಛͷར༻
ఏҊख๏ͷωοτϫʔΫߏΛਤ 1 ʹࣔ͢ɽఏҊख๏

ɼࣄલֶशࡁΈͷ ResNetͰߏ͞ΕͨόοΫϘʔϯʹ
ը૾Λೖྗͯ͠ɼਓମʹର͢ΔಛϚοϓΛٻΊΔɽͦ͠
ͯɼಛϚοϓΛฏୱԽͨ͠ޙɼAtt-conv. Transformer
Encoder 1ɼ2ʹͯਓମͷہॴతͳಛΛଊ͑Δɽͦͷޙɼ
Overlapping Patched Embedding[3]ʹΑΓΈࠐΈʹ
ͯಛϚοϓΛॖখ͠ɼAtt-conv. Transformer Encoder
3ʹೖྗ͢Δɽ͜͜Ͱɼؔઅʹର͢ΔେہతͳؔੑΛ
ଊ͑Δɽ͜ͷॲཧΛ 2 ճ܁Γฦ͠ɼॖখͨ͠ಛϚοϓ
ͷαΠζΛ֦େ͢ΔͨΊʹɼ1ͭͷΈࠐΈʹΑͬͯ࣍
Λॖখલͷݩ 2 ͷ Att-conv. Transformer Encoder

ਤ 1: ఏҊख๏ͷωοτϫʔΫߏ

ͱಉ༷ͷݩ࣍ʹ߹ΘͤͨޙɼUpsampling͢Δɽ4ͷ
Att-conv. Transformer Encoderͷ֤ಛϚοϓΛࣜ (1)
ͷΑ͏ʹ࿈݁͢Δɽ

F = F1 ⊕ F2 ⊕ F3 ⊕ F4 (1)

͜ΕʹΑΓہॴతͳؔͱେہతͳؔͷ྆ऀΛྀͨ͠ߟ
ಛϚοϓͱͳΔɽͦͷޙɼٯΈࠐΈͱΈࠐΈʹ
ΑΔॲཧΛ֤ؔͯ͠ࢪઅͷώʔτϚοϓΛग़ྗ͢Δɽ

3.2 Att-conv. Transformer Encoder
Att-conv. Transformer EncoderͷߏΛਤ 2ʹࣔ͢ɽ

Att-conv. Transformer Encoder ɼPosition Embed-
dingͷલʹɼΈࠐΈͰಛϚοϓΛ Keyͱ Valueʹ
ม͢Δ Att-conv. Λಋೖͨ͠ Transformer Encoder Ͱ
͋Δɽ͜ΕʹΑΓɼEncoder ʹೖྗͨ͠ಛϚοϓ͔Β
ΑΓॏཁͳྖҬͷಛΛଊ͑ͨಛϚοϓΛ֫ಘͰ͖Δɽ
Att-conv.ʹΑΔॲཧͷޙɼ2D Sine Position Embedding
ʹΑΔҐஔใΛ Query ͱ Key ʹຒΊࠐΈɼͦΕΒΛ
Multi-Head Attentionʹೖྗ͢ΔɽQueryͱ Keyͷੵ
Λ Softmax ʹΑΓਖ਼نԽ͢Δ͜ͱͰɼྖࢹҬͰ͋ΔΞ
ςϯγϣϯϚοϓΛ֫ಘ͢Δɽ͜ͷΞςϯγϣϯϚοϓͱ
Valueͷੵ F ′ ΛٻΊɼMulti-Head Attentionͷग़ྗͱ
͢Δɽ

ਤ 2: Att-conv. Transformer Encoderͷߏ

3.3 ֶशํ๏
ఏҊख๏ͰɼωοτϫʔΫޙ࠷ͷΈࠐΈͰ֫ಘ͠

ͨਪఆώʔτϚοϓͱਖ਼ղώʔτϚοϓؒͷࠩޡΛ L2 Loss
ʹΑΓࢉग़͢ΔɽL2 LossΛࣜ (2)ʹࣔ͢ɽ͜͜Ͱɼŷi 
ਪఆώʔτϚοϓͰ͋Γɼyi ਖ਼ղώʔτϚοϓͰ͋Δɽ

L =
1
n

n∑

i=1

(ŷi − yi)
2 (2)

ఏҊख๏ΤϙοΫΛ 260ɼόοναΠζΛ 32 ͱͯ͠
ֶश͢Δɽ࠷దԽख๏ʹɼAdamΛ༻͍Δɽ·ͨɼॳظ
ͷֶश 0.0001Ͱ͋Γɼ100ɼ150ɼ200ɼ250ΤϙοΫ
Ͱݮਰͤ͞ɼ࠷ऴతʹֶश 0.00001Ͱֶश͢Δɽ

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛ֬ೝ͢ΔͨΊʹɼTransformerΛ༻

ߦਪఆͷैདྷख๏Ͱ͋ΔTransPoseͱਫ਼ൺֱΛ͍࢟ͨ
͏ɽσʔληοτʹɼMS COCOσʔληοτΛ༻͍Δɽ
ධՁํ๏ɼਪఆ࢟ͱਖ਼ղ࢟ͷద߹Ͱ͋Δ Average
Precision (AP)Λ༻͍Δɽ

4.1 ैདྷख๏ͱͷਪఆਫ਼ͷൺֱ
ैདྷख๏ͱͷධՁൺֱͰɼAP ͷଞʹωοτϫʔΫ

ͷύϥϝʔλͱྔࢉܭͰ͋Δ FLOPs (Floating point
operations) Λ༻͍ͯൺֱΛ͏ߦɽैདྷख๏ͱͷධՁൺֱ
݁ՌΛද 1ʹࣔ͢ɽఏҊख๏ɼTransformerΛͱʹ͠
ͨ TransPoseΛϕʔεʹ͍ͯ͠ΔͨΊɼCNNΛ༻͍ͨै



ਤ 3: ֤ EncoderͷΞςϯγϣϯϚοϓͷՄࢹԽྫ

ਤ 4: ਪఆώʔτϚοϓͷՄࢹԽྫ

ද 1: ैདྷख๏ͱͷධՁൺֱ

Method # Params GFLOPs AP

Hourglass 25.1M 14.3 66.9

CPN 27.0M 6.2 68.6

SimpleBaseline 68.6M 15.7 72.0

HRNet-W32 28.5M 7.1 73.4

HRNet-W48 63.6M 14.6 75.1

TransPose R-A4 13.4M 8.8 74.2

ఏҊख๏ 24.0M 11.2 75.5

དྷख๏ͱൺɼύϥϝʔλ͕গͳ͍ɽ·ͨɼैདྷख๏ͱ
ൺɼAP্͕͍ͯ͠Δ͜ͱ͕֬ೝͰ͖Δɽ͔͠͠ͳ͕
ΒɼεέʔϧͷॖখͳͲͷͨΊʹΈࠐΈΛՃ͍ͯ͠
ΔͨΊɼTransPoseͱൺֱ͢Δͱύϥϝʔλ͕૿Ճͯ͠
͍Δɽ·ͨɼྔࢉܭͰ͋Δ FLOPsಉ༷ʹ૿Ճ͍ͯ͠Δ
͜ͱ͕֬ೝͰ͖Δɽ

4.2 ΞςϯγϣϯϚοϓ͓ΑͼώʔτϚοϓͷՄࢹԽ
֤ EncoderͷΞςϯγϣϯϚοϓͷՄࢹԽྫΛਤ 3ʹࣔ

͢ɽ1ͱ 2ͷΞςϯγϣϯϚοϓͰɼTransPose
͕ਓମͷपลશମʹରͯ͠Ξςϯγϣϯ͕ൃੜ͍ͯ͠Δͷ
ʹର͠ɼఏҊख๏ͰΑΓਓମͷ෦ҐؔઅʹΞςϯγϣ
ϯ͕ൃੜ͍ͯ͠Δ͜ͱ͕֬ೝͰ͖ΔɽఏҊख๏ͷ 3ͷ
ΞςϯγϣϯϚοϓͰɼਓମͷؔઅʹΞςϯγϣϯ͕ൃ
ੜ͍ͯ͠Δ͜ͱ͕֬ೝͰ͖Δɽ4ͷ TransPoseͷΞς
ϯγϣϯϚοϓͰɼ෦Ґؔઅͷ·ΘΓʹہॴతʹΞς
ϯγϣϯ͕ൃੜ͍ͯ͠ΔɽҰํɼఏҊख๏ͷΞςϯγϣϯ
ϚοϓɼؔઅҐஔͷपลͷଞʹɼਓ͕།Ұ໘ʹ͠
͍ͯΔࠨʹΞςϯγϣϯ͕ൃੜ͍ͯ͠Δ͜ͱ͕֬ೝͰ͖
Δɽ͜ΕΒͷ͜ͱ͔ΒఏҊख๏Ͱɼਓମͷؔઅʹର͢Δ
ਪఆʹ͓͍ͯॏཁͳ෦Λը૾த͔Βଊ͑Δ͜ͱ͕Ͱ͖ͨ
ͱ͍͑Δɽ
ਪఆώʔτϚοϓͷՄࢹԽྫΛਤ 4ʹࣔ͢ɽͰғΜ

टͷਪఆ݁Ռʹ͢ΔͱɼTransPoseͰɼෳࠨͩ
ՕॴʹϐʔΫ͕ൃੜ͍ͯ͠ΔɽͦΕʹର͠ɼఏҊख๏Ͱ
ϐʔΫ͕ҰέॴͰ͋Δ͜ͱ͕֬ೝͰ͖ɼఏҊख๏ʹΑΔվ
ળΛఆੑతʹ֬ೝͰ͖Δɽ

4.3 Att-conv.ͱதؒಛͷ༗ແʹΑΔਪఆਫ਼
Att-conv. Transformer Encoder ͷಋೖͱதؒಛΛ

ར༻ͨ͠ωοτϫʔΫߏ͕ɼ࢟ਪఆʹ͓͍ͯ༗ޮͰ͋
Δ͔Λ࣮ݧʹΑΓௐࠪ͢ΔɽAtt-conv.ͱதؒಛͷར༻
ํ๏ʹΑΔਪఆਫ਼Λද 2ʹࣔ͢ɽAtt-conv.Λಋೖͨ͠
ωοτϫʔΫɼಋೖ͍ͯ͠ͳ͍ωοτϫʔΫͱൺֱͯ͠

ද 2: Att-conv.ͱதؒಛͷར༻ʹΑΔਪఆਫ਼

Att-conv. தؒಛ AP AP50 AP75

74.2 92.5 81.5

! 74.5 92.5 81.5

! 75.2 92.5 82.6

! ! 75.5 92.6 82.7

AP͕ 0.3 pt্ͨ͠ɽ·ͨɼதؒಛΛ࿈݁ͯ͠ར༻͠
ͨωοτϫʔΫͰɼAP͕ 1.0 pt্ͨ͠ɽ͜ͷ͜ͱ͔
ΒɼதؒಛΛར༻͢Δํ͕ Att-conv.Λಋೖ͢Δ͜ͱΑ
ΓӨ͕ڹେ͖͍͜ͱ͕͑ߟΒΕΔɽ·ͨɼ྆ํͷख๏Λ
Έ߹ΘͤͨωοτϫʔΫͰ AP ͕ 1.3 pt Δ্ͨ͢
Ίɼ྆ํͷߏΛಋೖ͢Δ͜ͱ͕࠷༗ޮͰ͋Δͱ֬ೝͰ
͖Δɽ·ͨɼதؒಛΛ࿈݁ͯ͠ར༻ͨ͠ωοτϫʔΫͱ
྆ํͷख๏ΛΈ߹ΘͤͨωοτϫʔΫɼAP50 Ͱਫ਼
ͷมԽࠩޡఔ͕ͩɼAP75 ͓Αͼ APʹ͓͍ͯਫ਼
ΔͨΊɼਖ਼ղؔઅҐஔʹΑΓ͍ۙͮͨਪఆ্͕͍͕ͯ͠
Ͱ͖͍ͯΔͱ͑ߟΒΕΔɽ

5.͓ΘΓʹ
ຊڀݚͰɼTransformer ʹΑΔதؒಛΛྀͨ͠ߟ

ਓମͷ 2 .ਪఆΛఏҊͨ͠ɽ·ͨɼAtt-conv࢟ݩ࣍ Λ
Transformer Encoderʹಋೖ͢Δ͜ͱͰɼରͷؔઅͱͦ
ͷؔ࿈͢Δ෦Ґʹରͯ͠ΑΓண͢ΔಛΛ֫ಘ͢Δ͜ͱ
ΛՄͱͨ͠ɽධՁ࣮ݧͰɼఏҊख๏ैདྷख๏Λ͑
Δਪఆਫ਼Λୡ͠ɼ·ͨɼಋೖ֤ͨ͠ߏʹ͓͍ͯಋ
ೖલʹൺਫ਼্͕͓ͯ͠ΓɼఏҊख๏ͷ༗ޮੑΛ֬ೝ
ͨ͠ɽޙࠓͷ՝ͱͯ͠ɼதؒಛʹର͢Δଛࣦͷద༻ͳ
Ͳ͕͛ڍΒΕΔɽ

ݙจߟࢀ
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Self-AttentionΛ༻͍ͨ܈σʔλ͔ΒͷηϚϯςΟοΫηάϝϯςʔγϣϯʹؔ͢Δڀݚ

TP20015 ླوେ Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
શํҐ LiDAR͔Βऔಘͨ͠ σʔλʹରͯ͠܈ݩ࣍3

ηϚϯςΟοΫηάϝϯςʔγϣϯΛ͜͏ߦͱͰɼಓ࿏ͷ
੩తମɼं྆ਓͷಈతମΛѲͰ͖Δɽ͜ΕʹΑ
ΓɼࣗಈӡసͰඞཁͳं྆पลͷશํҐʹΔڥΛೝࣝ
͢Δ͜ͱ͕Ͱ͖Δɽ͜ͷͱ͖ɼશํҐ LiDAR͔Βऔಘͨ͠
ྔࢉܭͱେͳ͢ࢪσʔλͷ֤ʹରͯ͠ॲཧΛ܈ݩ࣍3
͕ඞཁͱͳΔɽͦͷͨΊɼ3ݩ࣍܈σʔλΛٙࣅը૾ʹม
ߴͱͰ͜͏ߦɼηϚϯςΟοΫηάϝϯςʔγϣϯΛ͠
Խͨ͠ख๏͕ఏҊ͞Ε͍ͯΔɽैདྷख๏ σʔ܈ݩ࣍3
λΛٙࣅը૾ม͢Δࡍʹଟ͘ͷ܈σʔλ͕ܽམ͢Δ
͜ͱ͔Βɼখମ (ըૉ͕গͳ͍ਓඪࣝΫϥε)ͷࣝผ
ਫ਼͕Լ͢Δʹ͋ΔɽຊڀݚͰɼScan-Unfolding
ʹΑΔϓϩδΣΫγϣϯख๏͓Αͼ Self-Attention Block
͍ͨͮجʹ 1Dimentional Self-Attention Block(1D-SAB)
Λಋೖͨ͠ηϚϯςΟοΫηάϝϯςʔγϣϯΛఏҊ͢Δɽ
ఏҊख๏ʹΑΓɼٖࣅը૾ม࣌ͷ܈σʔλͷܽམΛ
੍্ͨ͠Ͱɼؒ܈ͷؔੑΛྀ͢ߟΔ͜ͱͰੑߴԽ͕
Ͱ͖Δɽظ
2.ؔ࿈ڀݚ

ηϚϯςΟοΫηͯ͠ը૾ʹมࣅσʔλΛٖ܈ݩ࣍3
άϝϯςʔγϣϯΛ͏ߦख๏ͱͯ͠ɼSalsaNext[1]͕͋Δɽ
SalsaNext ɼSalsaNet ΛϕʔεʹɼContext Moduleɼ
Pixel-Shuffle LayerΛಋೖ͠ɼ͍ࣝߴผਫ਼ͱϦΞϧλΠ
ϜੑΛ࣮͍ͯ͠ݱΔɽContext Moduleɼάϩʔόϧͳ
ใΛऔಘ͢Δ͜ͱͰɼࣝผਫ਼ͷ͍ͯ͠ݙߩʹ্Δɽ
·ͨɼPixel-Shuffle Layerɼग़ྗ͞ΕͨಛϚοϓΛฒ
ͼସ͑ͯΞοϓαϯϓϦϯάΛ͢ΔͨΊॏΈΛͣͨ࣋ɼܭ
ΈࠐͰ͖Δɽ͞ΒʹɼSalsaNextͰΈݮίετΛࢉ
ॲཧʹ Dilated Convolution Λ༻͍Δ͜ͱͰɼReceptive
fieldΛ֦େ͢Δࡍͷύϥϝʔλͷ૿ՃΛ͑ɼϦΞϧλ
ΠϜੑΛ֫ಘ͍ͯ͠ΔɽSalsaNext σʔλΛ܈ݩ࣍3
ɼଟ͘ͷσʔλ͕ܽམ͢Δ͜ͱ͔ʹࡍΔ͢ը૾ʹมࣅٙ
Βɼখମͷࣝผਫ਼͕͍ͱ͍͏͕͋Δɽ
3.ఏҊख๏
શํҐLiDAR͔Βऔಘͨ͠܈σʔλɼԣํʹີͰ

͋Δɽ͜ͷಛੑʹΑΓɼมޙͷٖࣅը૾ɼԣํʹର͢
Δ܈σʔλͷܽམ͕গͳ͍ɽͦ͜ͰɼຊڀݚͰɼখମ
ͷࣝผਫ਼Λ্ͤ͞ΔͨΊɼԣํʹͷΈணͨ͠ॲཧ
Λ͏ߦ 1Dimentional Self-Attention Block(1D-SAB)Λಋ
ೖͨ͠ 1D-Salsa Self-Attention Network(1D-SalsaSAN)
ΛఏҊ͢Δɽ
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ਤ 3: 1D-SABͷߏ

3.1.ॲཧͷྲྀΕ
ਤ 1ʹॲཧͷྲྀΕΛࣔ͢ɽ·ͣɼ3ݩ࣍܈σʔλΛϓ

ϩδΣΫγϣϯʹΑΓٙࣅը૾ม͢Δɽ࣍ʹɼٙࣅը
૾มͨ͠σʔλΛ 1D-SABʹೖྗ͠ɼؒ܈ͷؔੑ
Λྀͨ͠ߟॲཧΛ͏ߦɽೖྗνϟϯωϧɼ(x, y, z)࠲ඪɼ
ࣹڧɼڑͷ 5νϟϯωϧͰ͋Δɽͦͯ͠ɼ1D-SAB
͔Βग़ྗͨ͠ಛϚοϓΛɼContext ModuleΛऔΓআ͍
ͨ SalsaNext ʹೖྗ͠ɼΈࠐΈॲཧΛ͏ߦɽͦͷޙɼ
softmaxؔʹͯΫϥε֬Λࢉग़͠ɼηάϝϯςʔγϣ
ϯΛ͏ߦɽ

3.2.લॲཧɿ3ݩ࣍܈σʔλͷٖࣅը૾ͷม
ఏҊख๏ͰɼϓϩδΣΫγϣϯख๏ʹScan-Unfolding[2]

Λ༻͍Δɽਤ 2ʹɼैདྷख๏ͱ Scan-UnfoldingʹΑΔม
Λࣔ͢ɽਤྫ 2(a)தͷനʹࣔ͢Α͏ʹɼैདྷख๏Ͱ
ɼଟ͘ͷσʔλࡍΔ͢ը૾มࣅσʔλΛٖ܈ݩ࣍3
͕ܽམ͢ΔɽScan-Unfolding Ͱɼ·ͣ 3 σʔ܈ݩ࣍
λͷ֤ͷٖࣅը૾্ʹ͓͚Δԣํͷ࠲ඪͷΈΛࢉग़͢
Δɽ࣍ʹɼԣํͷ֤ྡؒͷ෯Λࢉग़͠ɼҰఆ෯Ҏ্
ͷ߹ɼϨʔβ ID͕มΘͬͨͱΈͳ͠ɼॎํͷ࠲ඪΛ
ԼҠಈ͢Δɽ͜ͷΑ͏ʹϓϩδΣΫγϣϯ͢Δ͜ͱͰɼ
ɼܽམΛ੍Ͱ͖Δɽ͠ݮը૾্ͷͷॏͳΓΛࣅٙ

3.3.1D Self-Attention Block (1D-SAB)
ਤ 3ʹ 1D-SABͷߏΛࣔ͢ɽਤ 1ͷ 2d pseudo image

தʹ͍ઢͰࣔ͢Α͏ʹɼٙࣅը૾ΛϨʔβ ID͝ͱʹ
σʔλͱΈͳ͠ɼ1D-SABʹೖྗ͢Δɽೖྗαܗݩ࣍1
Πζɼ1×w(ٖࣅը૾ͷԣ෯)× c(νϟϯωϧɿ5)Ͱ͋
Δɽೖྗͨ͠σʔλ 1ͣͭॲཧ͠ɼରԠ͢Δʹର͢
Δ Self-AttentionΛࢉग़͢Δɽਤ 3ͷ৭ͷΛॲཧͷ
ͱͨ͠ͱ͖ɼ৭͕ۙ 1ɼ੨৭͕ۙ 2ͱͳΔɽ
֤ۙʹରͯ͠ઢܗมͷͨΊɼPointwise Convolution
ॲཧΛ͏ߦɽ·ͨɼॏΈܾఆͷͨΊʹͱۙΛֶ
शՄͳؔ ϕ,ψ ೖྗ͢Δɽͦͯ͠ɼϕ,ψ Λ༻͍ͯؔ
ؔ δ ΛٻΊΔɽؔؔ δ ͷఆٛࣜΛࣜ (1) ʹࣔ͢ɽ
͜͜Ͱɼx͕ɼxt ͕ۙΛࣔ͢ɽ

δ(ϕ(x),ψ(xt)) = ϕ(x)− ψ(xt) (1)

ͦͷޙɼϚοϐϯάؔ γ ʹΑͬͯνϟϯωϧΛ 1ͭ
ͷग़ྗͱ߹ΘͤΔɽͦͯ͠ɼ্ड़ͷಛྔͱͷཁૉੵΛࢉ
ग़͢Δɽ͜ͷॲཧΛ͍ۙߦɼͦΕΒΛ૯͢Δ͜ͱ
Ͱ Self-Attention Map(SAM)Λੜ͢Δɽੜͨ͠ SAM
ɼPointwise ConvolutionॲཧʹΑΓೖྗνϟϯωϧ
ͱಉ͡νϟϯωϧʹ͢Δɽ͜ͷग़ྗʹɼεΩοϓߏػͱ
ͯ͠ೖྗσʔλΛՃ͠ࢉɼ࠷ऴग़ྗͱ͢Δɽ1D-SABΛ༻
͍Δ͜ͱͰɼؒ܈ͷॏཁͳҐஔʹେ͖ͳॏΈΛ༩͑ɼ
Δ͜ͱ͕Ͱ͖Δɽྀ͢ߟΛੑͷؔؒ܈



(a) Ground truth (b) SalsaNext (c) Proposed

ਤ 4: ηάϝϯςʔγϣϯ݁Ռྫ
ද 1: ैདྷख๏ͱఏҊख๏ͷਫ਼ [%]
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SqueezeSeg 68.3 18.1 5.1 4.1 4.8 16.5 17.3 1.2 84.9 28.4 54.7 4.6 61.5 29.2 59.6 25.5 54.7 11.2 36.3 30.8

SqueezeSegV2 82.7 21.0 22.6 14.5 15.9 20.2 24.3 2.9 88.5 42.4 65.5 18.7 73.8 41.0 68.5 36.9 58.9 12.9 41.0 39.6

RangeNet++ 91.4 25.7 34.4 25.7 23.0 38.3 38.8 4.8 91.8 65.0 75.2 27.8 87.4 58.6 80.5 55.1 64.6 47.9 55.9 52.5

SalsaNext[1] 93.2 51.9 39.3 31.7 29.3 60.3 57.8 8.9 91.7 61.3 75.7 29.0 89.1 61.8 83.2 64.1 67.6 53.8 61.4 58.5

Proposed 93.2 52.2 39.8 41.4 28.8 62.1 63.6 23.3 91.2 60.0 75.1 28.5 88.1 60.0 80.8 63.6 64.6 52.9 63.1 59.6
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ਤ 5: ֤ख๏ʹ͓͚Δਫ਼ͱॲཧͷؔάϥϑ

4.ධՁ࣮ݧ
ධՁ࣮ݧʹΑΓɼఏҊख๏ͷ༗ޮੑΛ͢ূݕΔɽ

ཁ֓ݧ࣮.4.1
ຊ࣮ݧͰɼैདྷख๏ͱͷਫ਼ൺֱ͓Αͼॲཧͷ

ൺֱΛ͏ߦɽൺֱ͢Δैདྷख๏ɼఏҊख๏ͱಉ༷ʹٙ
ը૾ϕʔεͷख๏Ͱ͋Δࣅ SqueezeSegɼSqueezesegV2ɼ
RangeNet++ɼSalsaNextͰ͋Δɽ1D-SABͷ༗ޮੑͷݕ
ূͷͨΊɼSalsaNextͷϓϩδΣΫγϣϯʹScan-Unfolding
Λ༻͍Δɽֶशઃఆͱͯ͠ɼֶशճΛ 300 epochɼόο
ναΠζΛ 24ͱ͢ΔɽଛࣦؔʹΫϩεΤϯτϩϐʔ
ֶظɼॳ͠༺దԽख๏ʹMomentumSGDΛ࠷ɼࠩޡ
श 0.01ͱ͢Δɽֶश࣌ 1 epoch͝ͱʹ ਰ͞ݮ0.01
ͤΔɽධՁࢦඪʹɼ֤܈ʹରͯ͠ηάϝϯςʔγϣϯ
ͨ݁͠Ռͱ֤܈ͷਖ਼ղϥϕϧͷॏͳΓ (IoU)Λ༻͍Δɽ

4.2.σʔληοτ
σʔληοτʹɼશͯͷ܈σʔλʹରͯ͠Ξϊςʔγ

ϣϯ͕͞ࢪΕ࣮ͨڥσʔληοτͰ͋ΔSemanticKITTI[3]
Λ༻͍ΔɽSemanticKITTI ɼ22 γʔϯ 43,000 ϑϨʔ
ϜͰߏ͞ΕΔɽ͜ͷ͏ͪɼγʔϯ 00͔Βγʔϯ 10·Ͱ
ͷ 23,201ϑϨʔϜΛֶश༻ɼγʔϯ 11͔Βγʔϯ 21·
Ͱͷ 20,351 ϑϨʔϜΛධՁ༻ͱ͢Δɽֶश༻γʔϯͷ͏
ͪɼγʔϯ 08ͷ 4,071ϑϨʔϜΛূݕ༻σʔλͱֶͯ͠
शΛ͏ߦɽຊڀݚͰͷࣝผର 19ΫϥεͰ͋Δɽ

Ռ݁ݧ࣮.4.3
ද 1ʹैདྷख๏ͱఏҊख๏ͷਫ਼ɼਤ 4ʹ SalsaNextͱ

ఏҊख๏ͷηάϝϯςʔγϣϯ݁ՌྫΛࣔ͢ɽ
1D-SAB ͷ༗ޮੑͷධՁ: ද 1 ͔ΒɼఏҊख๏ Sal-
saNextͱൺֱͯ͠mIoU͕ 1.1pt্ͨ͜͠ͱ͕Θ͔Δɽ
·ͨɼΫϥε͝ͱͷਫ਼Λൺֱ͢Δͱɼ19Ϋϥεத 7Ϋϥ
εͷ IoU্͕ͨ͠ɽதͰɼখମͰ͋Δ bicycleɼmo-
torcycleɼpersonɼbicyclistɼmotorcyclistɼtraffic signͷ
IoU্͕ͨ͠ɽಛʹɼmotorcyclistͷ IoU 14.4ptͱ
Λ֬ೝͨ͠ɽ্େͱͳΔਫ਼࠷
ैདྷख๏ͱͷਫ਼ൺֱ: ද 1͔ΒɼఏҊख๏ैདྷख๏ͱ
ൺֱͯ͠mIoU͕࠷͍͜ߴͱ͕Θ͔Δɽ·ͨɼΫϥε͝

ͱͷਫ਼Λൺֱ͢Δͱɼ19Ϋϥεத 8Ϋϥεͷ IoU͕࠷
ͳͬͨɽಛʹɼbicyclistmotorcyclistɼtraffic͘ߴ sign
ͱ͍ͬͨখମͷਫ਼͕େ্͖ͨ͘͠ɽ
ఆੑతධՁ: ਤ 4 ʹɼSalsaNext ͱఏҊख๏ʹΑΔηά
ϝϯςʔγϣϯ݁ՌྫΛࣔ͢ɽਤதͷനͷ෦ traffic
signΫϥεͷਖ਼ղྫ͓Αͼࣝผ݁ՌͰ͋ΔɽSalsaNextɼ
traffic signΛҰ෦Λ fenceͱࣝޡผͨ͠ɽҰํɼఏҊख๏
 traffic signͱਖ਼ࣝ͘͠ผͰ͖ͨɽ

4.4.ॲཧͷൺֱ
ਤ 5ʹɼ֤ख๏ʹ͓͚Δਫ਼ͱॲཧͷؔάϥϑΛ

ࣔ͢ɽॲཧͷܭଌɼNVIDIA Quadro RTX A6000
Λ༻͍ͯͨͬߦɽਤ 5ʹࣔ͢Α͏ʹɼఏҊख๏ͷॲཧ
77.6HzͱͳΓɼSalsaNextΑΓ 18.0HzߴͰ͋ͬͨɽ͜
ΕɼSalsaNext͔ΒऔΓআ͍ͨContext ModuleΑΓɼ
1D-SABͷࢉܭॲཧ͕গͳ͍͔ΒͰ͋ΔɽશํҐ LiDAR
௨ৗ 5Hzʙ20HzͰճస͠ͳ͕ΒσʔλΛऔಘ͢ΔͨΊɼ
ఏҊख๏ϦΞϧλΠϜੑΛ֬อͰ͖ͨɽ·ͨɼॲཧ
ͳߴ࠷͕ SqueezeSegɼද 1͔ΒmIoU͕࠷͍ɽ
SqueezeSegV2ಉ༷ʹɼॲཧఏҊख๏ΑΓߴͩ
͕ɼmIoU ఏҊख๏ΑΓ 20.0pt ͍ɽࣗಈӡసλεΫ
Ͱɼਫ਼ͱॲཧڞʹॏཁͳࢦඪͰ͋ΔͨΊɼ͜ͷ
྆໘͔Β͑ߟΔͱఏҊख๏ηϚϯςΟοΫηάϝϯςʔ
γϣϯʹ࠷༗ޮͰ͋Δͱ͑ݴΔɽ
5.͓ΘΓʹ
ຊڀݚͰɼখମͷਫ਼্Λతͱͨ͠ 1D-SalsaSAN

ʹΑΔηϚϯςΟοΫηάϝϯςʔγϣϯΛఏҊͨ͠ɽධՁ
Βɼ1D-SABʹΑΓશମతͳηάϝϯςʔγϣϯਫ਼͔ݧ࣮
্͕͠ɼಛʹখମͷਫ਼͢ݙߩʹ্Δ͜ͱ͕֬ೝ
Ͱ͖ͨɽ·ͨɼॲཧ SalsaNextΑΓ্͠ɼࣗಈӡ
సʹඞཁͳϦΞϧλΠϜੑे֬อ͞Ε͍ͯΔ͜ͱΛࣔ
ͨ͠ɽޙࠓͷ՝ʹɼσʔλΦʔάϝϯςʔγϣϯʹ
ΑΔ͞ΒͳΔࣝผਫ਼ͷ্ଞͷσʔληοτΛ༻͍ͨ
ධՁ࣮ݧʹΑΔఏҊख๏ͷ൚Խੑͷ֬ೝͳͲ͕͛ڍΒΕΔɽ
ݙจߟࢀ
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ηϚϯςΟοΫηάϝϯςʔγϣϯʹ͓͚ΔϚϧνυϝΠϯֶशʹؔ͢Δڀݚ

TP20017 ਖ਼ᠳେ Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
ηϚϯςΟοΫηάϝϯςʔγϣϯɼϐΫηϧϨϕϧ

ͰͷΫϥεࣝผΛ͜͏ߦͱͰɼΦϒδΣΫτͷछྨ͚ͩͰ
ͳ͘ܗঢ়ೝࣝ͢Δ͜ͱ͕Ͱ͖ΔɽֶशͱҟͳΔγʔϯͳ
ͲυϝΠϯͷมԽ͕ੜ͡Δͱೝࣝਫ਼ஶ͘͠Լ͢Δͨ
ΊɼରͱͳΔυϝΠϯ͝ͱʹϞσϧΛֶश͢Δඞཁ͕͋
ΔɽͦͷͨΊɼ༷ʑͳҬͰӡ༻͞ΕΔࣗಈӡసγεςϜ
ʹ༻͍Δ߹ɼҬ͝ͱʹͦΕͧΕͷσʔλͰֶशͨ͠Ϟ
σϧ͕ඞཁͱͳΓɼϝϞϦίετ͕͘ߴͳΔɽͦ͜Ͱຊݚ
Ͱɼ୯ҰͷϞσϧͰෳͷυϝΠϯσʔλΛֶश͢Δڀ
ͨΊʹɼϚϧνϔουߏΛಋೖͨ͠ηϚϯςΟοΫηά
ϝϯςʔγϣϯΛఏҊ͢Δɽ֤ϔουɼσʔληοτݻ
༗ͷΫϥεΛग़ྗ͢Δɽ͜ΕʹΑΓɼΦϒδΣΫτΫϥε
͕ҟͳΔσʔληοτΛಉ࣌ʹֶश͢Δ͜ͱ͕ՄͱͳΔɽ
ఏҊख๏ɼϕʔεϞσϧͱൺͯ 1.28 ഒͷύϥϝʔλ
૿ՃͰෳͷυϝΠϯʹରԠՄͳϞσϧΛ࣮ݱͰ͖Δ͜
ͱΛ֬ೝͨ͠ɽ
2.ηϚϯςΟοΫηάϝϯςʔγϣϯ
ηϚϯςΟοΫηάϝϯςʔγϣϯͷදతͳख๏ͱ͠

ͯɼDeepLab v3+[1]͕͋ΔɽDeepLab v3+ɼEncoder-
DecoderߏͱɼAtrous Spatial Pyramid Pooling (ASPP)
Λ࠾༻͍ͯ͠ΔɽASPP ɼҟͳΔ Dilation ͷΈࠐΈ
ॲཧΛฒྻͰ͍ߦɼಛϚοϓΛ౷߹͢Δ͜ͱͰɼҟͳΔ
Receptive fieldΛྀ͢ߟΔॲཧͰ͋Δɽै དྷͷηϚϯςΟο
ΫηάϝϯςʔγϣϯɼະֶशͷυϝΠϯʹରͯ͠ೝࣝ
ਫ਼͕Լ͢Δ͕͋ΔɽMSeg[2]ɼσʔληοτ͝
ͱͰ༩͞Ε͍ͯΔϥϕϧΛڞ༗ϥϕϧʹมֶͯ͠श͢
Δ͜ͱͰϚϧνυϝΠϯֶशΛ࣮͍ͯ͠ݱΔɽ͔͠͠ɼڞ
༗ϥϕϧͷ࠶ఆٛʹίετ͕͔͔Δ͜ͱɼҰ෦ͷΫϥ
εআ͞ΕΔ͕͋Δɽ
3.ఏҊख๏
ຊڀݚͰɼσʔληοτΛߏ࠶ங͢Δ͜ͱͳ͘ෳͷ

υϝΠϯΛಉ࣌ʹֶश͢ΔͨΊʹɼυϝΠϯݻ༗ͷग़ྗ͕
ՄͳϚϧνϔουߏΛಋೖͨ͠ηάϝϯςʔγϣϯख
๏ΛఏҊ͢ΔɽఏҊख๏ͷωοτϫʔΫߏΛਤ 1ʹࣔ͢ɽ

༗ωοτϫʔΫڞ.3.1
༗ωοτϫʔΫɼ୯ҰͷϞσϧͰෳυϝΠϯใΛڞ

༗͢Δ෦Ͱ͋Δɽ͜ڞ ͷڞ༗ωοτϫʔΫʹɼResNet101
Λ Backbone ʹͨ͠ DeepLab v3+[1] Λ༻͍Δɽ·ͨɼ
ResNet101ͷResidual BlockʹDomain Attention (DA)
module[3]Λద༻͢ΔɽDA moduleɼυϝΠϯʹର͢Δ
AttentionʹΑΓɼڞ༗ͨ͠υϝΠϯใ͔Βೖྗʹର͠
ͯॏཁͳಛදݱΛ֫ಘ͢ΔߏػͰ͋ΔɽDA moduleͷߏ
Λਤ 2ʹࣔ͢ɽDA moduleɼSE AdapterͱDomain
AssignmentʹΑͬͯߏ͞ΕΔɽSE Adapterɼෳͷ
SE moduleͰߏ͞Ε͍ͯΔɽͦΕͧΕͷग़ྗΛ࿈݁͢Δ
͜ͱͰશυϝΠϯͷදۭؒݱΛܗͰ͖ΔɽDomain As-
signmentɼGAPͱશ݁߹ͱιϑτϚοΫεͰߏ
͞Ε͓ͯΓɼυϝΠϯʹదԠͨ͠ॏΈΛ֫ಘ͢ΔɽGAPͷ
ͷશ݁߹͔Βͷग़ྗɼSEޙ Adapterͷ SE moduleͷ
ͱಉ͡ʹͳΔɽ֫ಘͨ͠ॏΈ SE Adapterͷग़ྗͱ
ग़͢Δɽ͜ΕʹΑΓɼSEࢉɼSigmoidؔͰ͠ࢉ Adapter
͔ΒυϝΠϯʹదԠͨ͠ॏΈϕΫτϧ͕֫ಘͰ͖Δɽ

3.2.υϝΠϯʹରԠͨ͠Ϛϧνϔουߏ
ҰൠతͳηάϝϯςʔγϣϯωοτϫʔΫɼ͋Β͔͡

Ίఆٛͨ͠Ϋϥεʹର͢Δग़ྗΛ͏ߦγϯάϧϔουߏ
Ͱ͋ΔͨΊɼΫϥε͕ҟͳΔσʔληοτΛಉ࣌ʹֶश
Ͱ͖ͳ͍ɽͦ͜ͰɼҟͳΔΦϒδΣΫτΫϥεΛͭ࣋σʔ
ληοτಉ࣌ʹֶश͢ΔͨΊϚϧνϔουߏΛఏҊ͢
Δɽڞ༗ωοτϫʔΫͰ֫ಘͨ͠ಛϚοϓΛσʔληο
τݻ༗ͷग़ྗϔουʹೖྗ͢ΔɽͦͷͨΊσʔληοτݻ
༗ͷύϥϝʔλɼग़ྗϔουͷΈʹͳΔɽ͜ΕʹΑΓɼ
ಛநग़ثڞ༗ͱͳΔͨΊɼσʔληοτ૿ՃʹΑΔύ
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ਤ 2: Domain Attention moduleͷߏ

ϥϝʔλͷ૿ՃΛ͑Δ͜ͱ͕Մͱ͢Δɽ

3.3.ଛࣦؔ
ҰൠతͳϚϧνυϝΠϯֶश [3]ͰɼҟͳΔυϝΠϯ

Λͭ࣋σʔλΛॱ൪ʹೖྗͯ͠ɼ֤ϔουͰଛࣦΛࢉग़͠ɼ
ஞٯ࣍Λ͏ߦɽ͜ͷͱ͖ɼσʔληοτຖʹύϥϝʔλ
ͤ͞Δॱ൪ʹΑͬͯಛఆͷσʔٯ৽͞ΕΔͨΊɼߋ͕
ληοτʹόΠΞε͕͔͔ΔՄੑ͕͋Δɽͦ͜Ͱɼશͯ
ͷυϝΠϯσʔλΛೖྗͯ͠ɼ֤ϔουͰग़ྗͨ͠ଛࣦΛ
͢ΔMixٯΒ͔ͯ͠ܭ߹ LossΛ༻͢ΔɽxΛ֤υ
ϝΠϯͷೖྗαϯϓϧɼLCE ΛΫϩεΤϯτϩϐʔଛࣦؔ
ͱͯ͠ɼN छྨͷυϝΠϯΛֶश͢Δࡍͷɼଛࣦؔ L
ࣜ (1)ͷΑ͏ʹٻΊΔ͜ͱ͕Ͱ͖Δɽ

L =
N∑

n=1

LCE(xn) (1)

શͯͷυϝΠϯͷଛࣦ͔Βٯ͢Δ͜ͱͰɼυϝΠϯݻ
༗ͷภΓΛ͙͜ͱ͕Ͱ͖Δɽ
4.ධՁ࣮ݧ
ຊষͰɼෳͷσʔληοτΛ༻͍ͯఏҊख๏ͷ༗ޮ

ੑΛࣔͨ͢ΊʹɼෳͷσʔληοτΛ༻͍ͯධՁ࣮ݧΛ
ɽ͏ߦ

ཁ֓ݧ࣮.4.1
͞Ε͍ͯΔߏɼಉҰͷΦϒδΣΫτΫϥεͰʹݧ࣮

CityscapesɼBDDɼSynscapesͷΈ߹ΘͤͱɼҟͳΔΦ
ϒδΣΫτΫϥεͰߏ͞Ε͍ͯΔ CityscapesɼA2D2ɼ
IDDͷΈ߹ΘͤΛ༻͍Δɽֶशճ 100 epochɼධՁ
ඪʹmIoUΛ༻͍Δɽ֤σʔληοτʹؚ·ΕΔσʔࢦ
λҟͳΔͨΊɼ1epoch ͋ͨΓʹ༻͍ΔσʔλΛֶ
शຕ͕࠷ଟ͍σʔληοτʹ߹ΘͤΔ͜ͱͰσʔλ
Λௐ͢Δɽ࠷దԽʹɼϞʔϝϯλϜΛ 0.9ɼॏΈݮਰ
Λ 0.0001 ʹઃఆͨ͠ SGD Λ༻͍Δɽֶश࣌ͷϛχόο
νɼಉ͡σʔληοτͷσʔλͷΈͰߏ͢Δɽ



ೖྗը૾ Ground truth γϯάϧυϝΠϯ ఏҊख๏ (w/o DAmodule) ఏҊख๏ (w/ DAmodule)

ਤ 3: ηϚϯςΟοΫηάϝϯςʔγϣϯ݁Ռͷൺֱ

ද 1: ಉҰΫϥεͷσʔληοτͰͷਫ਼ͱύϥϝʔλ [%]

Cityscapes BDD Synscapes Mean Params ݮ [%]

γϯάϧυϝΠϯ 77.57 61.55 91.55 76.89 178.02M -
γϯάϧϔου 75.55 63.14 86.91 75.34 59.34M 66.67

ఏҊख๏ (w/o DA module) 77.92 62.51 90.14 76.86 61.94M 65.21
ఏҊख๏ (w/ DA module) 78.49 62.63 90.18 77.10 76.37M 57.10

ද 2: CityscapesͰͷΫϥεผਫ਼ [%]
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γϯάϧυϝΠϯ 98.04 84.36 92.31 51.50 59.37 61.20 69.01 77.39 92.49 65.66 95.03 81.48 60.62 95.07 79.73 88.71 77.98 67.48 76.38 77.57

γϯάϧϔου 97.14 79.30 91.70 56.22 58.36 60.90 69.33 76.57 92.21 60.13 93.98 79.26 53.34 95.00 83.01 86.72 65.51 61.97 74.83 75.55

ఏҊख๏ʢw/o DA moduleʣ 97.77 82.27 92.08 53.58 60.83 61.65 70.09 78.77 92.48 61.49 94.35 81.45 60.46 95.30 81.78 90.16 81.18 67.45 77.29 77.92

ఏҊख๏ʢw/ DA moduleʣ 97.87 83.29 92.50 54.94 62.88 62.59 69.90 78.45 92.56 62.72 94.36 81.67 62.04 95.10 80.65 91.14 82.81 68.61 77.32 78.49

4.2.ಉҰΫϥεΛͭ࣋σʔληοτͰͷֶश
ຊ࣮ݧͰɼCityscapesɼBDDɼSynscapesΛରσʔ

ληοτͱͯ͠༻͍Δɽද 1ʹೝࣝਫ਼ͱύϥϝʔλͷ
ൺֱɼද 2ʹ CityscapesͰͷΫϥεผਫ਼ɼਤ 3ʹ֤ख
๏ͷηϚϯςΟοΫηάϝϯςʔγϣϯ݁ՌΛࣔ͢ɽ
γϯάϧϔουߏͱͷൺֱ Ϛϧνϔουߏͷ༗ޮ

ੑΛ֬ೝ͢ΔͨΊʹɼγϯάϧϔουߏͱͷਫ਼ൺֱΛ
ɽද͏ߦ 1ΑΓɼϚϧνυϝΠϯֶशΛ͏ߦͱ͖ɼϚϧν
ϔουߏͰͳ͍߹ɼBDDͰ͍ߴਫ਼Λୡ͕ͨ͠ɼ
Cityscapes ͱ Synscapes Ͱਫ਼͕Լͨ͜͠ͱ͕Θ͔
Δɽ͜ΕΒͷ͜ͱ͔Βɼ1ͭͷσʔληοτʹภͬͨϞσ
ϧͱ͍͑ΔɽҰํɼఏҊख๏Ͱɼશͯͷσʔληοτʹ
ରͯ͠࠷͍ߴਫ਼ͱͳΓɼόϥϯεΑֶ͘श͞Ε͍ͯΔ
͜ͱ͕Θ͔Δɽ

DA moduleద༻ʹΑΔൺֱ ද 1ΑΓɼϚϧνϔου
ͷωοτϫʔΫʹɼDAߏ moduleΛద༻͢Δ͜ͱͰɼશ
ͯͷσʔληοτͰ DA moduleͳ͠ͷϚϧνϔουߏ
ωοτϫʔΫΑΓೝࣝਫ਼্͕ͨ͠ɽ·ͨɼCityscapes
ͱ BDDͰɼγϯάϧυϝΠϯͰֶशͨ͠Ϟσϧͱൺֱ
ͯ͠ೝࣝਫ਼্͕ͨ͠ɽද 2ΑΓɼΫϥε͝ͱͷਫ਼Λൺ
ֱ͢Δͱɼ19Ϋϥεத 16Ϋϥεͷ IoU্͕ͨ͠ɽroad
 skyͱ͍ͬͨେ͖ͳମ͚ͩͰͳ͘ɼpole personͱ
͍ͬͨখମͷਫ਼্ͨ͠ɽ·ͨɼਤ 3ͷఆੑධՁΛ
ൺֱ͢ΔͱɼDA moduleΛద༻͢Δ͜ͱͰ buildingͱޡ
ೝ͍ࣝͯ͠Δ poleΫϥεΛਖ਼͘͠ೝࣝͰ͖͍ͯΔɽ
ύϥϝʔλͷൺֱ σʔληοτ୯ମͰֶशͨ͠γϯ

άϧυϝΠϯͷϞσϧɼύϥϝʔλ͕σʔληοτͷ
͚ͩ૿Ճ͢Δɽද 1ΑΓɼఏҊख๏Ͱڞ༗ͷωοτϫʔ
ΫΛ༻͢Δ͜ͱͰɼγϯάϧυϝΠϯͷϞσϧΛෳ༻
ҙ͢Δ߹ΑΓύϥϝʔλΛ ɽͨ͠ݮ57.10%
͜ΕΒͷ݁ՌΑΓɼఏҊख๏ʹΑΓϕʔεͷਫ਼Ҏ্ɼ

·ͨಉͷਫ਼Λ͔ۇͳύϥϝʔλͷ૿ՃͰୡ͢Δ
͜ͱ͕Ͱ͖ͨɽ

4.3.ҟͳΔΫϥεΛͭ࣋σʔληοτͰͷֶश
शՄֶʹ࣌σʔληοτΛಉͭ࣋ɼҟͳΔΫϥεΛʹ࣍

͔࣮͢ݧΔɽ࣮ݧʹɼ19Ϋϥεͷ Cityscapesɼ18Ϋ

ද 3: ҟͳΔΫϥεͷσʔληοτͰͷਫ਼ [%]

Cityscapes A2D2 IDD

γϯάϧυϝΠϯ 77.57 78.08 67.80
ఏҊख๏ 77.84 77.74 68.27

ϥεͷ A2D2ɼ26Ϋϥεͷ IDDΛ༻͍Δɽ·ͨɼϞσϧ
 4.2 અͷ࣮ݧͰߴਫ਼Ͱ͋ͬͨɼDA module Λద༻͠
ͨϞσϧΛ༻͢ΔɽγϯάϧυϝΠϯͱͷਫ਼ൺֱΛද
3ʹࣔ͢ɽද 3ΑΓɼγϯάϧυϝΠϯͷਫ਼ͱ΄΅ಉ
ͷਫ਼Ͱ͋Δ͜ͱΛ֬ೝͨ͠ɽ͜ͷ݁ՌΑΓɼҟͳΔΫϥ
εΛͭ࣋σʔληοτͰಉ࣌ʹֶशՄͰ͋Δ͜ͱΛ֬
ೝͨ͠ɽ
5.͓ΘΓʹ
ຊڀݚͰɼҟͳΔυϝΠϯΛಉ࣌ʹֶश͢ΔϚϧν

ϔουߏͷηϚϯςΟοΫηάϝϯςʔγϣϯख๏Λఏ
Ҋͨ͠ɽσʔληοτ͝ͱʹग़ྗϔουΛ༻ҙ͢ΔϚϧν
ϔουߏͷಋೖʹΑΓɼҟͳΔΫϥεΛͭ࣋σʔληο
τʹରͯ͠୯ҰͷϞσϧͰֶश͢Δ͜ͱΛՄͱͨ͠ɽ
ɼଞͷϕʔεωοτϫʔΫͷద༻ʹΑΓ൚༻ੑΛޙࠓ
֬ೝ͢Δɽ
ݙจߟࢀ
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ϚϧνΤʔδΣϯτڧԽֶशΛ༻͍ͨσουϩοΫͷղܾʹؔ͢Δڀݚ

TP20014 ࢤڧ౻ޒ Լོٛࢁतɿڭಋࢦ

1.͡Ίʹ
༺Δ࣮ʹద͢ࡏԽֶशΛෳͷΤʔδΣϯτ͕ଘڧ

͢ΔࡍɼΤʔδΣϯτͷ૬࡞ޓ༻Λྀ͢ߟΔඞཁ͕͋Δɽྫ
ͱͯ͠ෳͷं͕྆͏ަ͖ߦ໘ͰͷࣗಈӡసλεΫͳͲ
ΒΕΔɽ͜ͷΑ͏ͳλεΫʹɼϚϧνΤʔδΣϯτ͛ڍ͕
Խֶशڧ (Multi Agent Reinforcement LearningɿMARL)
ͱݺΕΔऺ܈ͷߦಈΛֶश͢Δख๏͕༻͍ΒΕΔɽֶश
ͷࡍʹɼෳͷΤʔδΣϯτ͕ࣗݾརӹͷΈΛ༏ઌ͢Δͱɼ
σουϩοΫ͕ൃੜ͢ΔλεΫͰΤʔδΣϯτಉ͕࢜ি
ಥ͠ɼֶशͷఀہॴղͷؕΓ͕͜ىΔɽຊڀݚͰɼ
MARLʹਂֶशΛಋೖ͢ΔࡍʹɼωοτϫʔΫΛ୯ҰϞ
σϧͱͯ͠ΤʔδΣϯτ͝ͱʹϒϥϯνΛ͚ͯಉֶ࣌श
͢Δख๏ΛఏҊ͢Δɽࣗಈӡసʹ͓͍ͯσουϩοΫ͕ൃ
ੜ͢ΔڥΛରͱ͠ɼఏҊख๏ͷ༗ޮੑΛ֬ೝ͢Δɽ͞
ΒʹɼMask-Attention Λಋೖ͠ɼֶशʹΑͬͯ֫ಘߏػ
Խ͠ɼͲͷΑ͏ʹɼσοࢹΛՄڌಈʹ͓͚Δஅࠜߦͨ͠
υϩοΫΛճආͨ͠ͷ͔Λ֬ೝ͢Δɽ
2.Mask-Attention A3C

Mask Attention A3C(Mask A3C)[2]ɼਂڧԽֶश
ͷදతͳख๏Ͱ͋Δ Asynchronous Advantage Actor-
Critic(A3C)[1]ʹAttentionߏػΛಋೖ͠ɼΤʔδΣϯτͷ
அࠜڌͷ֮ࢹతઆ໌ΛՄͱ͢Δख๏Ͱ͋ΔɽMaskA3C
ɼํࡦΛग़ྗ͢Δ Policy branchͱঢ়ଶՁΛग़ྗ͢Δ
Value branch ͦΕͧΕʹ Mask-Attention Λಋೖ͢ߏػ
ΔɽMask-Attention ɼதؒͷಛϚοϓߏػ F (st)
ʹରͯ͠ɼΞςϯγϣϯϚοϓ M(st) Λ༻͍ͨϚεΫॲ
ཧΛߏػ͏ߦͰ͋ΓɼMask-Attention Λಋೖֶͯ͠ߏػ
श͢Δ͜ͱʹΑΓɼਪ࣌ʹɼஅࠜڌͷ֮ࢹతઆ໌ͱͳ
ΔΞςϯγϣϯϚοϓ͕֫ಘͰ͖ΔɽΞςϯγϣϯϚοϓ
ΛՄࢹԽ͢Δ͜ͱʹΑΓɼωοτϫʔΫͷྖࢹҬ͕֬ೝ
Ͱ͖ΔɽಛϚοϓʹର͢ΔΞςϯγϣϯϚοϓΛ༻͍ͨ
ϚεΫॲཧΛࣜ (1)ʹࣔ͢ɽMask-AttentionɼFeature
extractor͔ΒͷಛϚοϓʹର͠ɼ1× 1×νϟωϧͷ
ΈࠐΈͱ sigmoidؔʹΑΓ֫ಘ͍ͯ͠Δɽ

F ′(st) = F (st) ·M(st) (1)

3.ఏҊख๏
ϚϧνΤʔδΣϯτڧԽֶशʹɼҟͳΔΤʔδΣϯτ

͕ͦΕͧΕͷࣗݾརӹΛٻΊͯ͠·͏͜ͱʹΑΔσουϩο
Ϋ͕͋Δɽಠཱͨ͠ωοτϫʔΫΛෳ༻ֶ͍ͯशΛ
ͳ͍͕ͨߏػ߹ɼଞΤʔδΣϯτͷֶशΛө͢Δ͏ߦ
ΊࣗݾͷֶशͷΈΛߦྀͨ͠ߟಈʹΑΓɼσουϩοΫͷ
ճආߦಈ֫ಘ͕Εͯ͠·͏ɽͦ͜Ͱɼ୯ҰωοτϫʔΫͰ
ΤʔδΣϯτ͝ͱʹ Actor-CriticΛϒϥϯν͚ͯ͠ಉ࣌
ʹֶशΛ͏ߦϚϧνϒϥϯνߏΛఏҊ͢Δɽ·ͨɼΤʔ
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ਤ 1: Ϟσϧશମͷߏ

δΣϯτຖͷ Actor-CriticʹMask-AttentionߏػΛΈ
తͳઆ໌ΛՄ֮ࢹର͢ΔʹࡦΉ͜ͱʹΑΓɼಘΒΕͨํࠐ
ͱ͢Δɽ

3.1.Ϛϧνϒϥϯνߏ
ఏҊख๏ͷωοτϫʔΫߏΛਤ 1ʹࣔ͢ɽϚϧνϒϥ

ϯνߏɼFeature extractor Λڞ༗͠ɼߦಈΛܾఆ͢
Δ Actor-CirticΛΤʔδΣϯτ͝ͱʹϒϥϯν͚͢Δߏ
Ͱ͋Δɽ֤ Actor-Criticಠཱ͓ͯ͠ΓɼͦΕͧΕׂΓ
ͯΒΕͨΤʔδΣϯτͷߦಈΛग़ྗ͢Δɽڥʹଘࡏ
͢ΔֶशΛ͏ߦΤʔδΣϯτͷ͚ͩ Actor-CirticΛ༻ҙ
͠ɼఏҊख๏Λ༻͍ͯશମͷ੍ޚɼֶशΛಉ͏ߦʹ࣌ɽఏ
Ҋख๏ͷωοτϫʔΫं྆ۙͷௗᛌը૾ɼͱۂ
Λೖྗͱ͢ΔɽఏҊख๏Λ༻͍Δ͜ͱͰɼෳͷࢹΛߟ
ྀ͢Δ͜ͱ͕ՄͱͳΓɼϚϧνΤʔδΣϯτڥʹ͓͚
Δ૬खΛ࠷ྀͨ͠ߟదͳߦಈΛ֫ಘ͢Δ͜ͱ͕Ͱ͖ΔɽҎ
ԼʹఏҊख๏ͷֶशͷྲྀΕΛࣔ͢ɽ

1. ΤʔδΣϯτͷ͚ͩϒϥϯν͚ͨ͠ϞσϧΛ࡞

2. ֤ΤʔδΣϯτͷঢ়ଶΛରԠ͢Δϒϥϯνೖྗ

3. ΤʔδΣϯτຖʹใुΛੵ

4. ΤʔδΣϯτ͝ͱʹଛࣦؔΛࢉܭ

5. ରԠ͢ΔϒϥϯνٴͼΈࠐΈʹࠩޡΛ

3.2.Mask-Attentionͷಋೖ
ఏҊख๏ɼਤ 1 ʹࣔ͢Α͏ʹɼΤʔδΣϯτ͝ͱͷ

Actor-Criticʹ Mask-AttentionߏػΛಋೖ͢ΔɽMask-
AttentionߏػɼதؒͷಛϚοϓʹରͯ͠ɼAttention
Λ༻͍ͨϚεΫॲཧΛߏػ͏ߦͰ͋ΓɼֶशʹΑͬͯΞς
ϯγϣϯϚοϓ͕֫ಘՄͱͳΔɽΞςϯγϣϯϚοϓΛ
ՄࢹԽ͢Δ͜ͱʹΑΓɼΤʔδΣϯτͷྖࢹҬΛදࣔ͢
Δ͜ͱ͕Ͱ͖ΔɽຊڀݚͰɼΤʔδΣϯτͷߦಈʹର͢
ΔྖࢹҬΛ֬ೝ͢ΔͨΊɼPolicyϒϥϯνͷΈʹMask-
AttentionߏػΛಋೖ͢Δɽ·ͨɼೖྗը૾ʹର͢Δۭؒ࣌
ใ͕ܽམ͠ͳ͍Α͏֤ Actor-CriticʹɼConvLSTM
Λ༻͍Δɽ
4.ධՁ࣮ݧ
σουϩοΫ͕ੜ͡Δ 4γʔϯΛରʹͨ͠ධՁ࣮ݧΛ

ɽ͏ߦ

ڥݧ࣮.4.1
ຊڀݚͰɼࣗಈӡసڥʹ͓͍ͯɼσουϩοΫ͕ੜ

͡Δ 4γʔϯ (ਤ 2)Λରͱ͢Δɽγʔϯ 1ɼ3ɼ4ද 1ɼ
γʔϯ 2 ද 2 ʹࣔ͢ใुϧʔϧʹֶ͍ͯͮجशΛ͏ߦɽ
ͯ͢ͷڥɼߦϨʔϯΛਖ਼͘͠͠ߦɼଞंʹিಥ
͢ΔͱࣦഊͱͳΔڥͱͳ͍ͬͯΔɽͯ͢ͷڥʹ͓͍
ͯɼ੍͢ޚΔΤʔδΣϯτΛ 2ͱ͢Δɽߦಈ૿ݮ
ܭ߹มԽͳ͠ͷΈ߹ΘͤͰݮ૿ۂͼٴ 9 ௨ΓͰ͋Γɼ
େ͕࠷ 3m/sɼ࠷͕-1m/sɼ࠷େۂ͕ 0.25ɼ࠷
ۂ͕-0.25 ͱ͢Δɽ

ཁ֓ݧ࣮.4.2
֤γʔϯͷڥʹֶ͓͍ͯशΛੵྦྷ͍ߦใुͷൺֱΛߦ

͏ɽൺֱख๏ɼ௨ৗͷڧԽֶशͰ͋Δ A3CɼMARLʹ
͓͚Δैདྷख๏Ͱ͋ΔMADDPGɼఏҊख๏ͷܭ 3ͭͰ͋
ΔɽͦΕͧΕͷख๏͝ͱʹɼγʔϯ 1Ͱɼ2.0 × 107 ε
ςοϓɼγʔϯ 2 Ͱɼ2.0 × 107 εςοϓɼγʔϯ 3 Ͱ

ද 1: ใुϧʔϧ 1
ใु

ΰʔϧใु +10

தؒʹۙͮ͘ +2

িಥϖφϧςΟ -10

ߦκʔϯϖφϧςΟ -10

ʹΑΔϖφϧςΟڑؒं -3

ද 2: ใुϧʔϧ 2
ใु

ΰʔϧใु +10

ं྆ͷલਐ +0.5

ߦଆ௨ࠨ +1.5

িಥϖφϧςΟ -10

มԽʹΑΔϖφϧςΟ -0.5

ʹΑΔϖφϧςΟڑؒं -3
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ਤ 2: ֤γʔϯຖͷֶशڥɿยଆҰंઢͰɼݟ௨͠ͷѱ͍ಓ࿏ʹ࿏றं͕྆ఀं͍ͯ͠Δγʔϯ (γʔϯ 1)ɼ

ंߦઢʹো͕͋ΓɼରंΛආ͚ͯ͢ߦΔγʔϯ (γʔϯ 2)ɼװઢಓ࿏ʹ߹ྲྀ͢Δγʔϯ (γʔϯ 3)ɼ

Ͱͷγʔϯޱग़ೖΓ͍ڱ (γʔϯ 4)

ද 3: ֤γʔϯʹ͓͚Δ֫ಘͨ͠ྦྷੵใुʹΑΔൺֱ (100Τϐιʔυͷฏۉ)
γʔϯ 1 γʔϯ 2 γʔϯ 3 γʔϯ 4

ΤʔδΣϯτ 1 ΤʔδΣϯτ 2 ΤʔδΣϯτ 1 ΤʔδΣϯτ 2 ΤʔδΣϯτ 1 ΤʔδΣϯτ 2 ΤʔδΣϯτ 1 ΤʔδΣϯτ 2

ఏҊख๏ 961.5 580.2 997.0 994.4 785.0 585.3 773.4 589.6

̖̘̏ 324.7 275.3 76.1 84.8 195.0 140.8 134.8 137.1

MADDPG 170.0 165.1 109.1 120.0 109.5 126.7 154.4 134.0

ਤ 3: ํߦԽ݁Ռɿҹ֤ं྆ͷਐࢹಈͷՄߦ

ɼ5.0× 106 εςοϓɼγʔϯ 4Ͱɼ5.0× 107 εςο
ϓֶशΛ͏ߦɽͯ͢ͷڥʹ͓͍ͯɼΤϐιʔυͷऴྃ
݅ΤʔδΣϯτ͕ಓ࿏֎ɼোٴͼଞं྆ʹিಥ͠
ͨ߹ͱ 1.0× 105 εςοϓܦաͰऴྃͱ͢Δɽ

4.3.ྦྷੵใुʹΑΔൺֱ
֤γʔϯ 100ΤϐιʔυධՁΛͨͬߦ߹ͷฏੵྦྷۉใ

ुΛද 3ʹࣔ͢ɽද 3͔Βɼશͯͷγʔϯʹ͓͍ͯఏҊख
๏Λ༻͍ͨΤʔδΣϯτ͕࠷͍ߴใुΛಘΔ͜ͱ͕Ͱ͖
͓ͯΓɼA3CٴͼMADDPGͱ 300Ҏ্ͷείΞ͕ࠩ
͋Δɽ͜ΕɼఏҊख๏ͷΈσουϩοΫΛճආ͢Δ͜ͱ
ͰɼใुΛ૿͢͜ͱʹޭ͍ͯ͠ΔͨΊྦྷੵใु͕େ͖
ͼMADDPGͰɼσοٴɼA3CʹٯΔɽ্͍ͯ͘͠
υϩοΫঢ়ଶΛճආͰ͖ͣɼہॴղؕͬͯ͠·͍ͬͯΔ
ͨΊ (ྦྷੵ)ใु͕Լ͍ͯ͠Δɽ͜ΕΒͷ͜ͱ͔ΒఏҊख
๏ͷ༗ޮੑ͕֬ೝͰ͖Δɽ

4.4.ఏҊख๏ͷϞσϧΛ༻͍ͨఆੑతධՁ
γʔϯ 1ʹ͓͚ΔσουϩοΫൃੜ࣌ͷΤʔδΣϯτͷ

ಈͱΤʔδΣϯτ͝ͱͷΞςϯγϣϯϚοϓΛਤߦ 3ɼ4
ʹࣔ͢ɽ͜͜Ͱं͕྆ΤʔδΣϯτ 1Ͱ͋Γɼ੨ं͕྆
ΤʔδΣϯτ 2Ͱ͋Δɽਤ 3͔ΒɼΤʔδΣϯτ 2͕ t+1
͔Β t+3 ·Ͱ͠ػɼΤʔδΣϯτ 1 ͕௨Γա͗Δͱಈ
͖ग़͍ͯ͠Δɽ͜ΕΑΓɼσουϩοΫΛճආ͢ΔͨΊʹ
ΤʔδΣϯτ 2ΤʔδΣϯτ 1͕௨Γա͗ΔͷΛͭͱ
͍͏૬खΛྀͯ͠ߟσουϩοΫΛճආ͢ΔߦಈΛ֫ಘͰ
͖͍ͯΔͱ͑ߟΒΕΔɽ·ͨɼਤ 4͔ΒɼσουϩοΫ͕
ൃੜͨ͠໘ʹ͓͍ͯɼΤʔδΣϯτ 1पғͷಓͱઌͷ
ಓΛ͠ࢹɼΤʔδΣϯτ 2ɼࣗͱଞं྆Λͯ͠ࢹ

ਤ 4: ΞςϯγϣϯϚοϓͷՄࢹԽ݁Ռ

͍Δ͜ͱ͕֬ೝͰ͖Δɽ͜ͷ͜ͱ͔ΒɼΤʔδΣϯτ 1
૬खΛؾʹͤͣɼઌʹಓΛਐΉΤʔδΣϯτͰ͋ΓɼΤʔ
δΣϯτ 2૬खͱࣗΛ͠ࢹɼ҆શӡస͢ΔΤʔδΣ
ϯτͰ͋Δͱ͑ߟΒΕΔɽ͜ΕΒͷ͜ͱ͔ΒɼఏҊख๏Λ
༻͍Δ͜ͱͰɼσουϩοΫ͕ൃੜͨ͠߹ɼ૬खΛྀߟ
ͯ͠σουϩοΫʹΑΔিಥΛճආ͢ΔΤʔδΣϯτΛ֫
ಘ͢Δ͜ͱ͕ՄͱͳΔɽ·ͨɼMARLʹ͓͍ͯɼ૬खͱ
ҟͳΔࢹΛͪ࣋ɼҟͳΔߦಈΛ͜͏ߦͱͰɼσουϩο
ΫΛղܾ͍ͯ͠Δͱ͍͏͜ͱ͕֬ೝͰ͖ͨɽ
5.͓ΘΓʹ
ຊڀݚͰɼଞΤʔδΣϯτͷֶशΛྀ͢ߟΔϚϧν

ΤʔδΣϯτڧԽֶशͷख๏Λ༻͍Δ͜ͱͰɼσουϩο
Ϋ͕ൃੜ͢Δڥʹ͓͚ΔΛղܾͨ͠ɽࣗಈӡసʹ͓
͍ͯσουϩοΫ͕ൃੜ͢ΔڥͰఏҊख๏ͷ༗ޮੑΛࣔ
ͨ͠ɽ·ͨɼMask-Attention Λ༻͍ͯΤʔδΣϯτຖͷ
σουϩοΫΛճྀͯ͠ߟΛ֬ೝͨ͠ͱ͜Ζɼ૬खΛࡦํ
ආ͢ΔߦಈΛ֫ಘ͍ͯ͠Δ͜ͱ֬ೝͰ͖ͨɽޙࠓͷ༧ఆ
ͱͯ͠ɼΑΓଟ༷ͳڥʹ͓͚Δ࠷దͳߦಈͷ֫ಘɼ
ΑΓ૬खΛྀ͠ߟɼڠௐߦಈΛ͏ߦϞσϧͷ࣮ݱͳͲ͕ڍ
͛ΒΕΔɽ
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