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ੜࢧ׆ԉϩϘοτʹΑΔ෺ମ഑ஔλεΫʹ͓͚Δଞ෺ମͱͷিಥ༧ଌʹؔ͢Δڀݚ

TP20010 Տ߹ ஛඙ Լࢁतɿڭಋࢦ ོٛ

1.͸͡Ίʹ
ͷਓखෆ଍ऀޢԉ͢ΔհࢧΛ׆ͷੜऀ֐΍਎ମোऀྸߴ

͕େ͖ͳࣾձ໰୊ʹͳ͍ͬͯΔɽͦͷͨΊɼՈఉͰՈࣄ΍
հޢͳͲͷੜࢧ׆ԉΛ͏ߦੜࢧ׆ԉϩϘοτ [1]ͷಋೖ͕ظ
଴͞Ε͍ͯΔɽੜࢧ׆ԉʹ͓͍ͯɼίοϓ౳ͷ೔༻඼Λӡ
Ϳ෺ମӡൖ͸ॏཁͳجຊతλεΫͰ͋Δɽ෺ମӡൖλεΫ
ʹ͸ɼ೺࣋ͨ͠෺ମΛࢦఆ͞Εͨ৔ॴʹ഑ஔ͢ΔλεΫ΋
ؚ·ΕΔɽੜڥ؀׆Ͱ͸༷ʑͳ෺ମ͕ཚࡶʹஔ͔Ε͍ͯΔ
͜ͱ͕ଟ͍ͨΊɼࣄલʹଞͷ෺ମͱিಥ͕ൃੜ͢Δ͔Λ༧
ଌ͠ɼিಥΛ๷͙ඞཁ͕͋Δɽ෺ମ഑ஔλεΫʹ͓͚Δি
ಥ༧ଌ๏ͱͯ͠ PonNet [2]͕ఏҊ͞Ε͍ͯΔɽPonNet͸
೺࣋ͨ͠෺ମΛɼཚࡶʹ෺ମ͕ஔ͔ΕͨΤϦΞ಺ʹ഑ஔ͢
Δࡍʹিಥ͕ൃੜ͢Δ֬཰Λ༧ଌ͢Δɽೖྗ৘ใ͸ϩϘο
τ͕ࡱӨͨ͠ RGB-Dը૾ͱ೺࣋ͨ͠෺ମͷϞσϧ৘ใͰ
͋ΔɽϞσϧ৘ใ͸ɼط஌ͷ෺ମσʔλϕʔεΛࢀরͯ͠
ಘΔͨΊɼະ஌෺ମΛ೺࣋ͨ͠৔߹ʹਖ਼͘͠িಥ༧ଌ͕Ͱ
͖ͳ͍. ͞ΒʹɼϞσϧ৘ใͷΈͰ͸ࡏݱͷ೺࣋࢟੎Λߟ
ྀͰ͖ͣɼ೺࣋࢟੎ͷมԽʹΑΓൃੜ͢ΔিಥΛ༧ଌͰ͖
ͳ͍ɽ
ͦ͜ͰຊڀݚͰ͸ɼϋϯυΧϝϥΛ༻͍ͯΞϐΞϥϯε

ϕʔεͰ೺࣋ͨ͠෺ମΛଊ͑Δিಥ༧ଌ๏ΛఏҊ͢ΔɽΞ
ϐΞϥϯεϕʔεͰ͸Ϟσϧ৘ใ͕ෆཁͰɼ೺࣋ͨ͠෺ମ
ͷܗঢ়΍େ͖͞ɼ೺࣋࢟੎౳ͷಛ௃Λଊ͑Δ͜ͱ͕Ͱ͖Δɽ

2.෺ମ഑ஔλεΫͷিಥ༧ଌ
෺ମ഑ஔλεΫͷিಥ༧ଌख๏Ͱ͋Δ PonNet͸ɼRGB

ͱDepthͷ 2ͭͷϞʔμϧͷಛ௃Λଊ͑ΔͨΊʹɼAtten-
tion Branch Network (ABN)[3]ΛϚϧνϞʔμϧʹ֦ு
͍ͯ͠ΔɽABNΛ༻͍Δ͜ͱͰɼಛ௃Ϛοϓͷॏཁͳྖ
ҬΛڧௐͭͭ͠ɼΞςϯγϣϯϚοϓͷՄࢹԽ͕ՄೳͰ͋
Δɽਓͱੜࢧ׆ԉϩϘοτͷڞಉੜ׆ʹ͓͍ͯ͸৴པੑ͕
ॏཁͰ͋ΔɽPonNet͸ϩϘοτͷ஫ྖࢹҬΛՄࢹԽͯ͠
൑அࠜڌΛ໌Β͔ʹ͢Δ͜ͱͰɼ৴པੑͷ্޲Λਤ͍ͬͯ
Δɽ·ͨɼੜڥ؀׆ͷΑ͏ͳཚࡶʹ෺ମ͕ஔ͔Ε͍ͯΔঢ়
ͱিಥ͕ൃੜ͠ɼϩϘοτͷഁଛ͏ߦԼʹͯ෺ମ഑ஔΛگ
΍ނোͷϦεΫ͕͍ߴɽͦ͜ͰɼPonNetͰ͸ϦΞϧͳඳ
ըͱ࿈࠯తͳ෺ཧ࡞༻ΛྀߟͰ͖ΔγϛϡϨʔλΛ༻͍ͯɼ
িಥ༧ଌͷͨΊͷσʔληοτ BILA-12KΛ࡞੒͠ɼֶश
ʹ༻͍͍ͯΔɽ

3.ఏҊख๏
෺ମͷϞσϧ৘ใΛ༻͍Δিಥ༧ଌ๏Ͱ͸ɼະ஌෺ମʹ

ରԠͰ͖ͣ, ·ͨɼϦΞϧλΠϜͳ೺࣋࢟੎৘ใΛྀߟͰ͖
ͳ͍ɽ೺࣋ͨ͠෺ମΛϋϯυΧϝϥͰࡱӨ͢Δ͜ͱͰɼΞ
ϐΞϥϯεϕʔεͰ෺ମͷܗঢ়΍େ͖͞ɼ೺࣋࢟੎ʹؔ͢
Δಛ௃Λଊ͑Δ͜ͱ͕Ͱ͖Δɽͦ͜ͰɼຊڀݚͰ͸ɼϋϯ
υΧϝϥʹΑͬͯ೺࣋෺ମͷΞϐΞϥϯεΛଊ͑ΔϚϧν
Ϟʔμϧ ABNΛఏҊ͢ΔɽఏҊख๏ͷྲྀΕΛਤ 1ʹࣔ͢ɽ

シミュレータでデータセットࡠ੔

஭ࢻ྘域の可ࢻ化

マルチモーダル
ABN

೘ྙ

ুಧ༩଎ネットワーク
ুಧラベル

RGB

Depth
(๑તマップ化）

ুಧ༙り

ハンドժ଀

ুಧໃし
or

ুಧ༙り
ুಧໃし

ুಧ༩଎

ਤ 1: ఏҊख๏ͷྲྀΕ
ຊڀݚͰ͸ɼੜڥ؀׆Λͨ͠ݱ࠶γϛϡϨʔλΛ༻͍ͯɼ

೺࣋࢟੎ͷมԽ΍ະ஌෺ମΛؚΉঢ়گͰͷσʔληοτΛ
੒͢Δɽ͜ͷσʔληοτΛ༻͍ͯωοτϫʔΫΛֶश࡞
͠ɼিಥ༧ଌͱ஫ྖࢹҬͷՄࢹԽΛ͏ߦɽ

3.1 ωοτϫʔΫߏ଄
ຊख๏ͷωοτϫʔΫߏ଄Λਤ 2 ʹࣔ͢ɽ֤Ϟʔμϧ

k ∈ {rgb, depth, hand}ʹରԠ͢Δ 3ͭͷABNɼಛ௃ʹॏ

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଀

Attention
機構

Attention
Branch 𝐽௛௔௡ௗ஺஻

𝐽௉஻

(๑線マップ)

𝑭ௗ௘௣௧௛

𝑭௛௔௡ௗ

𝑭௥௚௕

𝛼௞𝑭௞෍ 𝑭ᇱ

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 ∈ ሼrgb, deptℎ, handሽ

：データのླྀれ
：༩測確ི
：Attention Branch Network (ABN)
：BalancingRGB画଀

入
ྙ
𝑥௞

𝑒௥௚௕

𝑒ௗ௘௣௧௛

𝑒௛௔௡ௗ

𝛼௞：softmax(𝑒௞)

𝐽ௗ௘௣௧௛஺஻

𝐽௥௚௕஺஻

ਤ 2: ϚϧνϞʔμϧ ABNͷߏ଄

Έ෇͚͢Δ Balancingɼ൑ఆΛ͏ߦ Perception blockͰߏ
੒͞ΕΔɽϕʔεωοτϫʔΫʹResNet-18Λ࢖༻͠ɼୈ 3
ϨΠϠʔͰ෼ׂͯ͠Feature extractor 1,2ʹ෼͚Δɽ·ͣɼ
֤ը૾ xk Λ Feature extractor 1ʹೖྗͯ͠ಘΒΕͨಛ௃
ϚοϓΛ Attentionߏػͱ Attention Branchʹೖྗ͢Δɽ
Attention Branchͷग़ྗ͸Ϋϥε༧ଌ֬཰PAB

k (xk)ͱΞ
ςϯγϣϯϚοϓͰ͋ΔɽAttentionߏػʹΑΓΞςϯγϣ
ϯϚοϓͰॏΈ෇͚ͨ͠ಛ௃ϚοϓΛ Feature extractor
2ʹೖྗ͠ɼ256࣍ݩͷಛ௃ϕΫτϧ Fk ΛಘΔɽ͜ΕΛɼ
BlancingʹΑΓॏΈ෇͚ͯ͠F ′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࡞੒
ຊڀݚͰ͸ɼ೺࣋෺ମͷΞϐΞϥϯεΛؚΉিಥ༧ଌσʔ

ληοτΛɼPonNetͰߏங͞ΕͨγϛϡϨʔλΛ༻͍ͯ
ԉϩϘοτ͸ɼHumanࢧ׆੒͢Δɽੜ࡞ Support Robot
(HSR)Λର৅ͱ͢Δɽσʔληοτͷ࡞੒खॱΛ Step1ʙ
6Ͱࣔ͢ɽ

Step 1 എܠɼর໌ڥ؀ͱՈ۩Λબ୒ɽ

Step 2 28छྨͷো֐෺ͷީิ෺ମ͔ΒϥϯμϜʹબ୒͠ɼ
഑ஔΤϦΞ্ʹམԼͤ͞ো֐෺ͱͯ͠ઃஔɽ

Step 3 ഑ஔΤϦΞͷঢ়ଶΛRGB-Dը૾ͱͯ͠HSRͷϔο
υΧϝϥΛ༻͍ͯࡱӨɽ

Step 4 HSR͕഑ஔ͢Δ෺ମΛ೺࣋ʢ೺࣋࢟੎͸ਤ 3(a)ʣɽ

Step 5 ೺࣋ͨ͠෺ମΛϋϯυΧϝϥΛ༻͍ͯࡱӨ (ਤ 3(b))ɽ

Step 6 ೺࣋෺ମΛ഑ஔΤϦΞʹ഑ஔ͠ɼিಥ৘ใΛه࿥ɽ

90°��

����

(2)

(1)

(a) ೺࣋࢟੎ (b) ϋϯυΧϝϥը૾

ਤ 3: ೺࣋࢟੎ͷछྨ

িಥ༗Γͷ൑ఆ͸ো֐෺ಉ࢜ͷিಥɼϩϘοτΞʔϜͱো
ڥ෺ͱ؀֐෺ͷিಥɼো֐෺ͷিಥɼ഑ஔ͢Δ෺ମͱো֐
ͷিಥͷͦΕͧΕͷ৚݅Ͱɼᮢ஋ 0.1m/sҎ্ͷিಥͱ͢
Δɽ͜ΕΛඞཁͳαϯϓϧ਺͕ಘΒΕΔ·Ͱ܁Γฦ͠ੜ੒



͠ɼσʔηοτΛߏங͢Δɽ࣮࡞ʹࡍ੒ͨ͠σʔληοτ
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

NDC͸িಥແ͠Ͱ͋ΓɼDC͸িಥ༗ΓͰ͋ΔɽDC͸ɼ
Լهͷিಥ৚݅ͷ͍ͣΕ͔ 1ͭҎ্͕ൃੜͨ͠৔߹Ͱ͋Δɽ
O-O͸഑ஔΤϦΞ಺ͷো֐෺ಉ࢜ͷিಥΛද͢ɽT-O͸഑
ஔͨ͠෺ମͱো֐෺ͷিಥΛද͢ɽA-O͸ো֐෺ͱϩϘο
τΞʔϜͷিಥΛද͢ɽO-D͸ো֐෺ͱ഑ஔΤϦΞ͓Αͼ
ͦͷपลڥ؀΁ͷিಥΛද͢ɽP1ɼP2͸ DCϥϕϧͰ೺
࣋࢟੎ 1ɼ೺࣋࢟੎ 2ͷ৔߹Ͱ͋Δɽ೺࣋࢟੎ 2ͷিಥ༗
Γϥϕϧ͸೺࣋࢟੎ 1ͷ 3.2ഒఔ౓͋Γɼ೺࣋࢟੎ 2͸ি
ಥ͕ൃੜ͠΍͍͢͜ͱ͕Θ͔Δɽ͜ͷΑ͏ʹɼ഑ஔΤϦΞ
ͷঢ়ଶ͚ͩͰͳ͘ɼ೺࣋࢟੎΋ྀ͢ߟΔ͜ͱ͕ॏཁͰ͋Δɽ

4.ධՁ࣮ݧ
ຊষͰ͸ɼఏҊख๏ͷ༗ޮੑΛ͢ূݕΔͨΊͷධՁ࣮ݧ

Λ͏ߦɽධՁ࣮ݧͰ͸෺ମ഑ஔλεΫʹ͓͚Δিಥ༧ଌͱ
ͯ͠ NDC or DCͷ 2Ϋϥε෼ྨΛ͍ߦɼ֤ख๏ͱͷਫ਼౓
ൺֱΛ͏ߦɽ

4.1 ৚݅ݧ࣮
ຊ࣮ݧʹ͸ɼલઅͰ࡞੒ͨ͠σʔληοτΛ༻͍ɼֶश

ʹ 42,100 ճɼূݕʹ 5,300 ճɼධՁʹ 5,300 ճ෼ͷαϯ
ϓϧΛ࢖༻͢ΔɽϕʔεϞσϧʹ͸ ResNet-18 Λ࢖༻͢
Δɽֶशճ਺͸ 10 ΤϙοΫɼ࠷దԽؔ਺ʹ AdamΛ࢖༻
͠ɼॳֶظश཰Λ 10−5 ͱ͢Δɽ·ͨɼֶश݁Ռʹ͸ɼ֤
ֶशΤϙοΫʹ͓͍ͯɼ࠷΋ূݕਫ਼౓͕͍ߴϞσϧͷධՁ
݁ՌΛ༻͍ɼͦΕͧΕ 5ճֶशͨ݁͠ՌͷฏۉΛ༻͍Δɽ

4.2 ஌෺ମʹର͢Δিಥ༧ଌͷఆྔతධՁط
֤Ϟσϧͷিಥ༧ଌͷਖ਼ղ཰ͷൺֱΛද 2ʹࣔ͢ɽ

ද 2: ೺࣋࢟੎ͷมԽ༗Γͷিಥ༧ଌͷਖ਼ղ཰
ख๏ Ϟσϧ৘ใ ϋϯυը૾ ਖ਼ղ཰ [%]

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

ఏҊख๏ - ! 87.10± 0.33

ఏҊख๏͸ϋϯυΧϝϥͷը૾Λར༻͠ɼਫ਼౓্͕͠޲
ͨɽ͜ͷ͜ͱ͔ΒɼϋϯυΧϝϥͷը૾Λར༻͢Δ͜ͱͰɼ
෺ମͷ೺࣋࢟੎΍େ͖͞ͷಛ௃Λଊ͍͑ͯΔ͜ͱ͕Θ͔Δɽ
ྫ͑͹ɼ഑ஔΤϦΞͷো֐෺ͷ഑ஔ͕ಉ͡Ͱ͋Δ͕ɼ෺ମ
ͷ೺࣋࢟੎͕ҧ͏৔߹ʹɼϋϯυΧϝϥʹΑͬͯ೺࣋࢟੎
͕ಘΒΕɼద੾ͳ༧ଌ͕ՄೳʹͳΔɽ

4.3 ΞςϯγϣϯϚοϓͷՄࢹԽʹΑΔఆੑతධՁ
࣍ʹɼਖ਼ղϥϕϧͱ༧ଌ݁Ռ͕ DCͷ৔߹ͷਖ਼ղྫͷΞ

ςϯγϣϯϚοϓͷՄࢹԽ݁ՌΛਤ 4ʹࣔ͢ɽ
RGB Depth Hand

ਤ 4: ΞςϯγϣϯϚοϓͷՄࢹԽ݁Ռ

ਤ 4ͷ RGBը૾Ͱ͸ɼো֐෺͕ଘ͠ࡏͳ͍৔ॴʹ஫ࢹ
ྖҬ͕ൃੜ͓ͯ͠Γɼฏ໘Λ஫͍ͯ͠ࢹΔ͜ͱ͕Θ͔Δɽ
·ͨɼDepth ը૾Ͱ͸ো֐෺ʹ஫ྖࢹҬ͕ൃੜ͓ͯ͠Γɼ
ো֐෺Λ஫͍ͯ͠ࢹΔ͜ͱ͕Θ͔Δɽ͜ͷ͜ͱ͔ΒɼRGB

ը૾ͱ Depth ը૾ͰҟͳΔಛ௃Λֶश͢Δ͜ͱͰɼਫ਼౓
ΒΕΔɽ࣍ʹɼϋϯυը૾ͷΞςϯγϣ͑ߟͱ্ͨ͠޲͕
ϯϚοϓͷՄࢹԽ݁ՌͰ͸ɼ೺࣋ͨ͠෺ମΛ஫͍ͯ͠ࢹΔ
͜ͱ͕Θ͔Δɽ͜ΕʹΑͬͯɼ෺ମͷछྨ΍େ͖͞ͱিಥ
ͷൃੜ͠΍͢͞ͷؔ܎ͳͲͷಛ௃Λֶश͍ͯ͠Δͱ͑ߟΒ
ΕΔɽ·ͨɼಛఆͷ෺ମͷΈʹΞςϯγϣϯ͕ൃੜ͢Δ܏
ɽ͜Ε͸ɼ೺࣋࢟੎ͨͬ͋޲ 1ͷঢ়ଶ΍େ͖͕͞খ͍͞෺
ମͳͲɼিಥͷ͕ੑݥة௿͍෺ମͱͦ͏Ͱͳ͍෺ମΛ۠ผ
͍ͯ͠Δͱ͑ߟΒΕΔɽ

4.4 InsertionʹΑΔΞςϯγϣϯϚοϓͷධՁ
ΞςϯγϣϯϚοϓͷ༗ޮੑͷূݕͷͨΊʹ Insertion

Λ݁ͨͬߦՌΛਤ 5ࣔ͢ɽ
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ਤ 5: InsertionʹΑΔΞςϯγϣϯϚοϓͷධՁ

Insertion͸ೖྗը૾ʹର͢ΔΞςϯγϣϯϚοϓͷ֤ϐ
Ϋηϧͷ஋Λᮢ஋ҎԼΛ 0ʹ͢ΔॲཧΛ͍ߦɼೖྗը૾Λ
ΞςϯγϣϯϚοϓͰϚεΫͨ͠࠶,ʹޙ౓ωοτϫʔΫʹ
ೖྗͯ͠ਪ࿦Λݧ࣮͏ߦͰ͋Δɽᮢ஋Λঃʑʹ૿Ճͤͨ͞
ΒɼΞςϯγϣϯ͕ೖྗը૾ͷॏཁͳ෦෼ʹൃੜ͔޲܏ͷࡍ
͍ͯ͠Δ͔͢ূݕΔ͜ͱ͕Ͱ͖ΔɽఏҊख๏͸ɼInsertion
ͷׂ߹͕௿͍৔߹ʹਫ਼౓͕௿Լ͠ɼInsertionͷׂ߹͕ 1ͷ
ͱ͖ʹਫ਼౓͕࠷΋͍͜ߴͱ͔ΒɼΞςϯγϣϯͷ஋͕͍ߴ
෦෼͕ɼೖྗը૾ͷॏཁͳ෦෼Λଊ͍͑ͯΔ͜ͱ͕Θ͔Δɽ

4.5 ະ஌෺ମʹର͢Δিಥ༧ଌͷఆྔతධՁ
ֶशʹ࢖༻͍ͯ͠ͳ͍ະ஌෺ମʹର͢Δিಥ༧ଌΛද 3

ʹࣔ͢ɽະ஌෺ମͰ΋ɼPonNetͱൺֱͯ͠ఏҊख๏Ͱ͸
ਫ਼౓্͕͓ͯ͠޲Γɼϋϯυը૾ʹΑΓ෺ମͷಛ௃Λଊ͑
͍ͯΔ͜ͱ͕Θ͔Δɽ

ද 3: ະ஌෺ମʹର͢Δিಥ༧ଌͷਖ਼ղ཰
ख๏ Ϟσϧ৘ใ ϋϯυը૾ ਖ਼ղ཰ [%]

PonNet - - 72.23
ఏҊख๏ - ! 74.06

5.͓ΘΓʹ
ຊڀݚͰ͸ɼϋϯυΧϝϥʹΑͬͯΞϐΞϥϯεϕʔε

Ͱ೺࣋෺ମΛଊ͑ΔϚϧνϞʔμϧ ABNΛఏҊͨ͠ɽ·
ͨɼ೺࣋෺ମͷΞϐΞϥϯεΛؚΉ෺ମ഑ஔλεΫͷিಥ
༧ଌͷͨΊͷσʔληοτΛ࡞੒ͨ͠ɽ࡞੒ͨ͠σʔληο
τͰֶशͨ݁͠ՌɼϋϯυΧϝϥΛ௥Ճͨ͠ωοτϫʔΫ
Ͱͷিಥ༧ଌͷਫ਼౓্͕ͨ͠޲ɽޙࠓ͸഑ஔલͷը૾͚ͩ
Ͱͳ͘഑ஔޙͷը૾Λར༻͢ΔͳͲɼ༷ʑͳ৚݅Ͱͷিಥ
༧ଌͱ৴པੑͷ্޲Λ໨͢ࢦɽ
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Grid-wise-attentionΛ༻͍ͨ෺ମݕग़ͷ֮ࢹతઆ໌ੑʹؔ͢Δڀݚ

TP20011 ໦ଜळే Լོٛࢁतɿڭಋࢦ

1.͸͡Ίʹ
෺ମݕग़͸ը૾্ͷ෺ମҐஔͱͦͷ໊শΛಛఆ͢Δٕज़

Ͱ͋Δɽࣗಈӡసʹ͓͚Δ҆શ֬อʹ͸าऀߦ΍ं྆ͷݕ
ग़͕͔ܽͤͳ͍ɽಛʹɼϨϕϧ 5ͷ׬શࣗಈӡసͷ࣮ݱʹ
͸ɼݕग़ਫ਼౓ͷ্͚ͩ޲Ͱͳ͘ɼαʔϏεΛڗड͢Δਓ͕
৴པͰ͖ΔΑ͏ʹݕग़݁Ռͷ൑அࠜڌΛࣔ͢ඞཁ͕͋Δɽ
ຊڀݚͰ͸ɼาऀߦΛݕग़ର৅ͱ͠ɼͦͷ൑அࠜڌΛΞ

ςϯγϣϯϚοϓͱͯ͠ग़ྗ͢Δख๏ΛఏҊ͢ΔɽఏҊख
๏͸ɼը૾ΛάϦουঢ়ʹ෼ׂ͠ɼ֤άϦουʹର͢ΔΞ
ςϯγϣϯϚοϓΛऔಘ͢Δɽ·ͨɼఏҊख๏Ͱ͸ɼऔಘ
ͨ͠ΞςϯγϣϯϚοϓΛಛ௃ϚοϓʹॏΈ෇͚ͯ͠Ґஔ
ਪఆΛ͜͏ߦͱͰɼݕग़ਫ਼౓ͷ্޲Λ࣮͢ݱΔɽ
2.ؔ࿈ڀݚ
෺ମݕग़ख๏͸ɼ෺ମͷҐஔਪఆͱΫϥε෼ྨΛಉ࣌ʹ

͏ߦ one-stageͱɼ෺ମͷҐஔਪఆΛͨ͠ޙɼ֤Ґஔʹର
ͯ͠Ϋϥε෼ྨΛ͏ߦ two-stage ͕͋Δɽone-stage ͷख
๏͸ɼ͍ߴਫ਼౓Λୡ੒ͭͭ͠ߴ଎Խ͞Ε͓ͯΓɼ෺ମݕग़
ͷ୅දతͳΞϓϩʔνͱͳ͍ͬͯΔɽone-stageݕग़ख๏ͷ
1 ͭͰ͋Δ Center and Scale Prediction(CSP)[1] ͸ɼา
ग़͢Δɽ͜ΕݕΛऀߦͷத৺ͱεέʔϧΛਪఆͯ͠าऀߦ
ʹΑΓɼখ͍͞෺ମ΍ΦΫϧʔδϣϯʹ݈ؤͳݕग़͕Մೳ
Ͱ͋Δɽ͔͠͠ɼCSPΛؚΉैདྷͷ෺ମݕग़ख๏͸ɼωο
τϫʔΫͷதؒ৘ใΛՄࢹԽͨ͠ࡍʹෳ਺ͷ෺ମΛಉ࣌ʹ
Λࣔͨ͠΋ͷͰ͋Δ͔ڌग़͢ΔͨΊɼͲͷ෺ମͷ൑அࠜݕ
ෆ໌Ͱ͋Δͱ͍͏໰୊͕͋Δɽ
3.ఏҊख๏
ຊڀݚͰ͸ɼը૾ΛάϦουঢ়ʹ෼ׂ֤ͨ͠άϦουʹ

ର͢ΔΞςϯγϣϯϚοϓΛऔಘ͢ΔGrid-wise-attention
ʹΑΔ෺ମݕग़ΛఏҊ͠ɼΞςϯγϣϯϚοϓ͔Β෺ମݕ
ग़ͷ൑அࠜڌΛࣔ͢ɽ

3.1.ωοτϫʔΫߏ଄
ఏҊख๏ͷωοτϫʔΫߏ଄Λਤ 1ʹࣔ͢ɽຊख๏ͷωο

τϫʔΫߏ଄͸ɼFeature extractorɼ֤άϦουʹର͢Δ
Ϋϥε֬཰ΛٻΊΔ Classification branch ͱ Grid-wise-
attention ʹΑΔॏΈ͚ͮʹΑ֤ͬͯάϦουʹର͢Δ෺
ମͷҐஔΛٻΊΔ Localization branch͔Βߏ੒͞ΕΔɽ

ਤ 1 : ఏҊख๏ͷωοτϫʔΫߏ଄

͸͡Ίʹը૾ΛϕʔεωοτϫʔΫͰ͋ΔResNet-50ʹ
ೖྗ͠ɼಛ௃ϚοϓΛऔಘ͢Δɽ࣍ ʹɼಛ௃ϚοϓΛW×H
ͷάϦουঢ়ʹ෼ׂ͠ɼClassification branch ͷ৞ΈࠐΈ
૚ͱγάϞΠυؔ਺ʹΑΓάϦουຖʹ෺ମͷΫϥε֬཰
Λग़ྗ͢Δɽ͜ͷͱ͖ͷಛ௃ϚοϓΛGrid-wise-attention
ɼW͍͓ͯʹߏػ ×H ෼ͷݸ Queryɼϕʔεωοτϫʔ
Ϋ͔Βऔಘͨ͠ಛ௃ϚοϓΛ Keyͱͯ͠ɼQueryͱ Key
ͷ಺ੵʹΑͬͯΞςϯγϣϯϚοϓΛ W × H ෼औಘݸ
͢ΔɽҐஔ (i, j)ͷάϦουʹର͢ΔΞςϯγϣϯϚοϓ
Attentionij Λࣜ (1)ʹࣔ͢ɽ

Attentionij = softmax(QijK
T) (1)

औಘ͞ΕΔAttentionij͸ɼTransformer[2]ͱಉ༷ʹQuery
ͱ Keyͷྨࣅ౓Λද͢ɽ͜ͷॲཧΛશͯͷ Queryʹ͍ͭ

ɼ֤͍ߦͯ Query ʹର͢ΔΞςϯγϣϯϚοϓΛऔಘ͢
Δɽऔಘͨ͠ΞςϯγϣϯϚοϓΛϕʔεωοτϫʔΫ͔
Βऔಘͨ͠ಛ௃ϚοϓʹॏΈ෇͚͢Δɽ͜ΕʹΑΓɼ஫ࢹ
ྖҬΛྀͨ͠ߟ෺ମݕग़͕Ͱ͖Δɽͦͯ͠ɼLocalization
branchʹ͓͍ͯɼॏΈ෇͚͞Εͨಛ௃Ϛοϓ͔Β֤άϦο
υʹରͯ͠ͷ෺ମҐஔΛग़ྗ͢Δɽ1ͭͷ෺ମʹରͯ͠ෳ
਺ͷݕग़݁ՌΛग़ྗ͢Δ͜ͱΛ๷͙ͨΊʹɼඇ࠷େ஋཈੍
Λ༻͍Δɽ

3.2.ֶशํ๏
ఏҊख๏͸ɼग़ྗ֤ͨ͠άϦουʹରͯ͠ͷΫϥε֬཰

ͱ෺ମҐஔ͔ΒٻΊͨݕग़݁Ռʹର͢ΔΫϥε֬཰ͷଛࣦ
Lcls ͱਪఆҐஔͱਖ਼ղҐஔͷଛࣦ Lbox Λ༻ֶ͍ͯश͢Δɽ
Ϋϥε෼ྨʹ͸ Focal lossΛ࢖༻͢ΔɽFocal loss͸ɼߴ
͍໬౓Ͱೝࣝͨ͠Ϋϥεʹରͯ͠ɼখ͞ͳॏΈΛଛࣦʹ৐
ΔΑ͏͢ࢹ೉ͳΫϥεΛॏࠔΔɽ͜ΕʹΑΓɼೝ͕ࣝ͢ࢉ
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؆୯ͳΫϥεʹର͢ΔॏΈΛௐ੔͢Δύϥ
ϝʔλͰຊڀݚͰ͸ γ = 2ͱ͢ΔɽNc

k Λݕग़݁Ռ਺ɼgi
Λ i൪໨ͷݕग़݁Ռʹର͢Δਖ਼ղΫϥεɼlr Λ smooth L1
Lossɼbi Λ i൪໨ͷݕग़݁Ռͷ෺ମҐஔɼti Λ i൪໨ͷݕ
ग़݁Ռʹର͢Δਖ਼ղҐஔɼ I(·) Λਖ਼ղͱఆٛ͞ΕͨΞϯ
ΧʔͷΈʹ੍͢ݶΔࢦඪؔ਺ͱ͢Δɽp̂i ͸ɼi൪໨ͷݕग़
݁ՌͷΫϥε֬཰ pi Λ༻͍ͯࣜ (4)ͷ৚݅ͰٻΊΒΕΔɽ

p̂i =

{
pi if gi = 1
1− pi otherwise

(4)

3.3.෺ମݕग़ͷ஫ྖࢹҬͷऔಘ
Grid-wise-attentionߏػ͸Ґஔ (i, j)ͷάϦουʹର͢

ΔΞςϯγϣϯϚοϓ Attentionij Λऔಘ͢Δɽ͜ΕΛಛ
௃ϚοϓͷશͯͷҐஔʹରͯ͠ٻΊɼ̎࣍ݩʹ഑ஔ͢Δ͜
ͱͰΞςϯγϣϯϚοϓΛٻΊΔɽຊख๏ͷ෺ମݕग़͸ɼ
֤άϦουʹରͯ͠ͷΫϥε֬཰ͱ෺ମҐஔΛͨ͏ߦʹج
ΊɼάϦουຖʹݕग़݁ՌΛग़ྗ͢ΔɽͦͷͨΊɼᮢ஋ॲ
ཧ΍ඇ࠷େ஋཈੍Λద༻ͨ͠ޙʹ෺ମΛؚΉάϦουʹର
ͯ͠ͷΞςϯγϣϯϚοϓΛՄࢹԽ͢Δ͜ͱͰɼݕग़ର৅
ຖͷ൑அࠜڌΛऔಘ͢Δ͜ͱ͕Ͱ͖Δɽ

3.4.Ϛϧνεέʔϧߏ଄ͷಋೖ

ਤ 2 : Ϛϧνεέʔϧߏ଄

ຊख๏͸ɼਤ 2ʹࣔ͢Α͏ʹҟͳΔεέʔϧͷάϦου
Λ༻͍ͯଟॏղ૾౓Խ͢ΔɽϕʔεωοτϫʔΫ͔ΒҟͳΔ
εέʔϧͷಛ௃ϚοϓΛऔಘ͠ɼͦΕͧΕΛClassification
branch ͱ Localization branch ʹೖྗͯ͠Ξςϯγϣϯ
Ϛοϓͷऔಘͱ෺ମͷݕग़Λ͏ߦɽ͜ΕʹΑΓɼߴղ૾౓
ͷಛ௃Ϛοϓ͔Βখ͞ͳ෺ମΛݕग़ɼ௿ղ૾౓ͷಛ௃Ϛο
ϓ͔Βେ͖ͳ෺ମͷݕग़Λ͢Δ͜ͱ͕ՄೳͱͳΔɽ



ਤ 4 : ΞςϯγϣϯϚοϓՄࢹԽ݁Ռ

4.ධՁ࣮ݧ
ຊ࣮ݧͰ͸ɼఏҊख๏ʹΑΔΞςϯγϣϯϚοϓΛՄࢹ

Խ͢Δ͜ͱͰɼาݕऀߦग़ͷ൑அࠜڌΛࣔ͢ɽ·ͨɼఏҊ
ख๏ͷݕग़ਫ਼౓͔Βɼ஫ྖࢹҬΛྀͨ͠ߟาݕऀߦग़ͷ༗
ޮੑΛௐࠪ͢Δɽ

ཁ֓ݧ࣮.4.1
ֶशɼධՁʹ͸ɼֶश༻ʹ 2,975 ຕɼධՁ༻ʹ 500 ຕ

ͷը૾ΛؚΉ CityPersonsσʔληοτΛ༻͍ΔɽఏҊख
๏͸ֶशճ਺Λ 150ΤϙοΫɼ࠷దԽख๏Λ Adamɼॳظ
ֶश཰Λ 1.0× 10−5 ͱ͢Δɽ
ൺֱ࣮ݧͰ͸ैདྷͷ෺ମݕग़ख๏Ͱ͋Δ CSPΛ༻͍Δɽ

ఆྔతͳධՁࢦඪʹ͸ log-average miss rate Λ༻͍Δɽ
log-average miss rate͸ 1 ը૾͋ͨΓͷݕޡग़཰ (FPPI)
Λ 0.01 ͔Β 100 ͷൣғ಺͔Βର਺εέʔϧͰ౳ִؒʹऔ
ಘ͠ɼ֤஍఺ͷ FPPIʹର͢Δະݕग़཰ (Miss Rate)ͷฏ
ΊΔɽlog-averageٻΒ͔ۉ miss rate͕௿͍΄Ͳߴਫ਼౓Ͱ
͋Δ͜ͱΛࣔ͢ɽਖ਼ղͰ͋Δาऀߦͷ͕͞ߴ 250 pixel Ҏ
্ ͷ΋ͷΛ Largeɼ250 pixelະຬ͔ͭ 50 pixelҎ্ͷ΋
ͷΛMiddleɼ50 pixelະຬͷ΋ͷΛ Small͢Δɽ
·ͨɼΞςϯγϣϯϚοϓΛՄࢹԽ͠ɼ͘ڧ஫͢ࢹΔՕ

ॴΛجʹ൑அࠜڌΛਪଌ͢ΔɽҟͳΔεέʔϧͷಛ௃Ϛο
ϓ͔Βऔಘ͢ΔΞςϯγϣϯϚοϓΛೖྗಛ௃Ϛοϓͷղ
૾౓͕௿͍ॱʹ Scale1ɼ2ɼ3 ͱͯ͠ɼεέʔϧຖͷΞς
ϯγϣϯϚοϓΛൺֱ͢Δɽ

ग़ਫ਼౓ͷൺֱݕ.4.2
ैདྷͷาݕऀߦग़ख๏ͱఏҊख๏ͷൺֱ݁ՌΛද 1 ʹ

ࣔ͢ɽఏҊख๏͸MiddleɼSmallͰ͸ͦΕͧΕ CSPʹൺ
΂ 0.5ϙΠϯτɼ4.9ϙΠϯτ૿Ճ͍ͯ͠Δ͕ɼLargeͰ͸
12.4ϙΠϯτ௿Լ͓ͯ͠ΓɼશମͰ͸ 7.1ϙΠϯτ௿Լ͠ɼ
ਫ਼౓্͕͍ͯ͠޲Δɽ

ද 1 : ग़ਫ਼౓ͷൺֱʢlog-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 DETΧʔϒ͕ݪ఺ʹ͍ۙͨΊɼੑߴೳͰ͋Δͱ͍͑Δɽ

ਤ 3 : DETΧʔϒ

ͷΞςϯγϣϯϚοϓΛਤऀߦग़ͨ͠าݕ 4ʹࣔ͢ɽਤ
ͷΞςϯγϣϯϚοϓ͸ന࿮ͷάϦουʹରͯ͠ͷΞςϯ
γϣϯϚοϓͰ͋Γɼ੨৭ʹ͍ۙ΄Ͳऑ͘ɼԫ৭ʹ͍ۙ΄
Ͳ͘ڧ൓Ԡ͍ͯ͠Δ͜ͱΛࣔ͢ɽ ਤ 4(a)͔Β (d)ͷΞς
ϯγϣϯϚοϓ͔Βɼาऀߦͱਪଌ͞ΕΔର৅ͷମ෇ۙΛ
Δ͜ͱ͕Θ͔Δɽ·ͨɼਤ͍ͯ͠ࢹ஫͘ڧ 4(a)ɼ(b)Ͱ͸ɼ
֤εέʔϧຖʹରԠ͢Δେ͖͞ͷาऀߦʹରͯ͘͠ڧ஫ࢹ
͓ͯ͠Γɼਤ 4(c)ɼ(d)ͷ Scale3Ͱ͸ɼۙลͷาऀߦʹର
ͯ͠എܠΑΓ΋ऑ͘஫͍ͯ͠ࢹΔɽ͜ͷ͜ͱ͔Βɼຊख๏
͸ରԠ͠ͳ͍େ͖͞าऀߦͷݕޡग़Λ๷͗ͭͭɼาऀߦͷ
ମʹ஫໨ͯ͠ݕग़͍ͯ͠Δ͜ͱ͕Θ͔ΔɽҰํͰɼਤ 4(d)
ͷ Scale1ɼ2ͷΞςϯγϣϯϚοϓ͸ɼಉ͡าऀߦʹର͠
͍ͯͬ·ग़݁Ռ͕ॏෳͯ͠͠ݕΔͨΊɼ͍ͯ͠ࢹ஫͘ڧͯ
ΔɽScale͕ҟͳΔ͜ͱͰɼඇ࠷େ஋཈੍Ͱ࡟আ͖͠Εͣ
ग़ͱͳͬͨɽͦͷͨΊɼఏҊख๏͕ݕޡ CSPΑΓMiddle
ʹ͓͍ͯ௿͍ਫ਼౓ͱͳͬͨɽ·ͨɼਤ 4(e)ͷԕํͷখ͍͞
αΠζͷาऀߦʹର͢ΔΞςϯγϣϯϚοϓ͸ɼখ͞ͳ෺
ମͷݕग़͕Ͱ͖Δ Scale3 ʹ͓͍ͯ΋าऀߦʹରͯ͠஫ࢹ
Ͱ͖͍ͯͳ͍ɽ͜ͷ͜ͱ͔ΒɼఏҊख๏͕CSPΑΓ Small
ʹ͓͍ͯਫ਼౓͕௿͍ͷ͸ɼҰ෦ͷখ͞ͳ෺ମʹରͯ͠Ξς
ϯγϣϯ͕௿͍ͨΊͰ͋Δͱ͑ߟΔɽ
5.͓ΘΓʹ
ຊڀݚͰ͸ɼάϦουঢ়ʹ෼ׂ֤ͨ͠஍఺ʹର͢ΔΞς

ϯγϣϯϚοϓΛऔಘ͢Δ Grid-wise-attention ʹΑΔา
ग़ख๏ͱͷൺֱݕऀߦग़ख๏ΛఏҊͨ͠ɽैདྷͷาݕऀߦ
Ͱ͸ɼఏҊख๏͕શମͰݧ࣮ 7.1ϙΠϯτਫ਼౓্͕ͨ͠޲
͜ͱ͔Βɼ஫ྖࢹҬΛྀͨ͠ߟॏΈ෇͚ʹΑͬͯߴਫ਼౓ͳ
าݕऀߦग़͕Ͱ͖Δ͜ͱΛࣔͨ͠ɽ·ͨɼ஫ྖࢹҬ͔Βา
Λࣔͨ͠ɽάϦουʹର͢ΔΞςϯγϣڌग़ͷ൑அࠜݕऀߦ
ϯϚοϓ͔Βຊख๏ʹΑΔาݕऀߦग़͸ɼରԠ͢Δେ͖͞
ͷาऀߦͷମ͕൑அࠜڌͱͳΔ͜ͱ͕Θ͔Γɼݕޡग़΍ະ
͸ɼ֤άϦοޙࠓग़͕ൃੜͨ͠ཁҼΛࣔ͢͜ͱ͕Ͱ͖ͨɽݕ
υʹҐஔͷ৘ใΛ༩͑Δ͜ͱͰΑΓର৅෺ମΛ஫͢ࢹΔΞ
ςϯγϣϯϚοϓͷ֫ಘͱෳ਺ΫϥεΛݕग़͢Δࡍͷ൑அ
ɽ͏ߦԽΛࢹͷՄڌࠜ
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1.͸͡Ίʹ
ਓମͷ࢟੎ਪఆ͸ɼ2࣍ݩը૾্ͷਓମͷؔઅҐஔΛਪ

ఆ͢Δ໰୊Ͱ͋ΓɼϞʔγϣϯΩϟϓνϟ΍ಈ࡞ೝࣝ౳ʹ༻
͍ΒΕΔɽ͜Ε·Ͱʹਓͷ࢟੎มԽʹରԠͨ͠ख๏͕ଟ਺
ఏҊ͞Ε͍ͯΔ΋ͷͷɼ͋Δ৚݅ԼͰ͸ؔઅҐஔΛਖ਼͘͠
ଊ͑ΒΕͳ͍͜ͱ͕͋Δɽྫ͑͹ɼҰ෦ͷؔઅʹରͯ͠Φ
Ϋϧʔδϣϯ͕ൃੜ͢Δγʔϯ΍ɼର৅ͷؔઅͱपғͷഎ
Ҽͱͯ͠ɼର৅ݪΒΕΔɽͦͷ͛ڍΔγʔϯ͕͢ࣅྨ͕ܠ
ͷؔઅ΍ؔ࿈͢Δ෦Ґ౳ͷಛ௃৘ใΛωοτϫʔΫ͕ਖ਼֬
ʹ೺ѲͰ͖͍ͯͳ͍͔ΒͰ͋ΔɽຊڀݚͰ͸ɼTransformer
͕ਓମͷؔઅʹର͢Δେہతͳؔੑ܎Λଊ͑΍͍͢ಛੑʹ
ண໨͠ɼTransformerʹΑΔؔઅʹର͢Δଟ༷ͳؔੑ܎Λ
ଊ͑ͨதؒಛ௃Λྀͨ͠ߟਓମͷ 2 ੎ਪఆΛఏҊ࢟ݩ࣍
͢Δɽ͜ΕΛϚϧνεέʔϧϞσϧͱͯ͠ߏங͢Δ͜ͱͰ
ؔઅʹର͢Δہॴతͳ͔ؔੑ܎Βؔઅಉ࢜ͷେہతͳؔ
Ͱ͖Δɽ·ͨɼ͋ΔؔઅͱͦͷؔઅྀߟʹͰΛಉ࣌·ੑ܎
ʹؔ࿈͢Δ෦Ґʹରͯ͠ΑΓண໨ͤ͞ΔͨΊʹ Attention
Convolution (Att-conv.)ΛఏҊ͢Δɽ

2.ਓମͷ ੎ਪఆͷैདྷख๏࢟ݩ2࣍
2 ੎ਪఆ͸࢟ݩ࣍ Convolutional Pose Machines[1] ͷ

ొ৔Ҏ߱ɼ֤ؔઅͷҐஔΛώʔτϚοϓͱͯ͠ग़ྗ͢Δख
๏͕Ұൠతͱͳ͍ͬͯΔɽ͜ΕΒैདྷͷख๏͸ɼෳ਺ͷ৞
ΈࠐΈ૚Λੵ૚͢Δ͜ͱͰɼؔઅपล͚ͩͰͳ͘ଞͷؔ
અͱͷؔੑ܎Λଊ͑Δ͜ͱ͕ग़དྷΔΑ͏ʹͳͬͨɽ·ͨɼ
TransformerΛ༻͍ͨ࢟੎ਪఆख๏΋ଟ͘ఏҊ͞Ε͍ͯΔɽ
TransPose[2]͸৞ΈࠐΈॲཧͰը૾ͷಛ௃Λଊ͑ͨޙɼ࿈
ଓͨ͠ Transformer Encoder ʹॱ࣍ೖྗ͢Δ͜ͱͰਓମ
ͷ ɽ͜ΕʹΑΓɼपลͷؔઅ͚ͩͰ͏ߦ੎ਪఆΛ࢟ݩ2࣍
ͳ͘ɼΑΓ཭Εͨؔઅͱͷେہతͳؔੑ܎Λଊ͑Δ͜ͱ͕
Ͱ͖͍ͯΔɽ

3.ఏҊख๏
࢟੎ਪఆʹ͓͍ͯɼΦΫϧʔδϣϯ΍എܠͱͷྨੑࣅ

ʹରԠ͢ΔͨΊʹ͸ؔઅͷಛ௃Λଊ͑Δ͚ͩͰͳ͘ɼؔઅ
ؒͷؔੑ܎΍͞ΒʹͦΕΒʹؔ࿈͢Δ෦Ґͱͷؔੑ܎Λ
ଊ͑Δ͜ͱ͕ॏཁͰ͋Δɽͦ͜ͰɼTransformer͕ਓମͷ
ؔઅʹର͢Δେہతͳؔੑ܎Λଊ͑΍͍͢ಛੑʹண໨͠ɼ
Transformerͷதؒಛ௃Λར༻ͨ͠ਓମͷ ੎ਪఆ࢟ݩ2࣍
ΛఏҊ͢Δɽຊख๏Ͱ͸ɼೖྗαΠζ͕ҟͳΔTransformer
Encoder͔Βग़ྗ͞Εͨதؒಛ௃Λू໿͢Δ͜ͱͰɼؔઅ
ʹର͢Δہॴతͳ͔ؔ܎Βؔઅಉ࢜ͷେہతͳؔ܎ͷ྆
ऀΛྀͨ͠ߟਪఆ͕Ͱ͖Δɽ·ͨɼର৅ͷؔઅͱͦͷؔ
࿈͢Δ෦Ґʹରͯ͠ΑΓண໨͢Δಛ௃Λ֫ಘ͢ΔͨΊʹ
Attention Convolution (Att-conv.)Λಋೖͨ͠Att-conv.
Transformer EncoderΛఏҊ͢Δɽ

3.1 ωοτϫʔΫߏ଄ͱதؒಛ௃ͷར༻
ఏҊख๏ͷωοτϫʔΫߏ଄Λਤ 1 ʹࣔ͢ɽఏҊख๏

͸ɼࣄલֶशࡁΈͷ ResNetͰߏ੒͞ΕͨόοΫϘʔϯʹ
ը૾Λೖྗͯ͠ɼਓମʹର͢Δಛ௃ϚοϓΛٻΊΔɽͦ͠
ͯɼಛ௃ϚοϓΛฏୱԽͨ͠ޙɼAtt-conv. Transformer
Encoder 1ɼ2ʹͯਓମͷہॴతͳಛ௃Λଊ͑Δɽͦͷޙɼ
Overlapping Patched Embedding[3]ʹΑΓ৞ΈࠐΈ૚ʹ
ͯಛ௃ϚοϓΛॖখ͠ɼAtt-conv. Transformer Encoder
3ʹೖྗ͢Δɽ͜͜Ͱ͸ɼؔઅʹର͢Δେہతͳؔੑ܎Λ
ଊ͑Δɽ͜ͷॲཧΛ 2 ճ܁Γฦ͠ɼॖখͨ͠ಛ௃Ϛοϓ
ͷαΠζΛ֦େ͢ΔͨΊʹɼ1ͭͷ৞ΈࠐΈ૚ʹΑͬͯ࣍
਺Λॖখલͷݩ 2 ૚ͷ Att-conv. Transformer Encoder

ਤ 1: ఏҊख๏ͷωοτϫʔΫߏ଄

ͱಉ༷ͷ࣍ݩ਺ʹ߹ΘͤͨޙɼUpsampling͢Δɽ4૚ͷ
Att-conv. Transformer Encoderͷ֤ಛ௃ϚοϓΛࣜ (1)
ͷΑ͏ʹ࿈݁͢Δɽ

F = F1 ⊕ F2 ⊕ F3 ⊕ F4 (1)

͜ΕʹΑΓہॴతͳؔ܎ͱେہతͳؔ܎ͷ྆ऀΛྀͨ͠ߟ
ಛ௃ϚοϓͱͳΔɽͦͷޙɼٯ৞ΈࠐΈ૚ͱ৞ΈࠐΈ૚ʹ
ΑΔॲཧΛ֤ؔͯ͠ࢪઅͷώʔτϚοϓΛग़ྗ͢Δɽ

3.2 Att-conv. Transformer Encoder
Att-conv. Transformer Encoderͷߏ଄Λਤ 2ʹࣔ͢ɽ

Att-conv. Transformer Encoder ͸ɼPosition Embed-
dingͷલʹɼ৞ΈࠐΈ૚Ͱಛ௃ϚοϓΛ Keyͱ Valueʹ
ม͢׵Δ Att-conv. Λಋೖͨ͠ Transformer Encoder Ͱ
͋Δɽ͜ΕʹΑΓɼEncoder ʹೖྗͨ͠ಛ௃Ϛοϓ͔Β
ΑΓॏཁͳྖҬͷಛ௃Λଊ͑ͨಛ௃ϚοϓΛ֫ಘͰ͖Δɽ
Att-conv.ʹΑΔॲཧͷޙɼ2D Sine Position Embedding
ʹΑΔҐஔ৘ใΛ Query ͱ Key ʹຒΊࠐΈɼͦΕΒΛ
Multi-Head Attentionʹೖྗ͢ΔɽQueryͱ Keyͷ಺ੵ
Λ Softmax ʹΑΓਖ਼نԽ͢Δ͜ͱͰɼ஫ྖࢹҬͰ͋ΔΞ
ςϯγϣϯϚοϓΛ֫ಘ͢Δɽ͜ͷΞςϯγϣϯϚοϓͱ
Valueͷ಺ੵ F ′ ΛٻΊɼMulti-Head Attentionͷग़ྗͱ
͢Δɽ

ਤ 2: Att-conv. Transformer Encoderͷߏ଄

3.3 ֶशํ๏
ఏҊख๏Ͱ͸ɼωοτϫʔΫޙ࠷ͷ৞ΈࠐΈ૚Ͱ֫ಘ͠

ͨਪఆώʔτϚοϓͱਖ਼ղώʔτϚοϓؒͷࠩޡΛ L2 Loss
ʹΑΓࢉग़͢ΔɽL2 LossΛࣜ (2)ʹࣔ͢ɽ͜͜Ͱɼŷi ͸
ਪఆώʔτϚοϓͰ͋Γɼyi ͸ਖ਼ղώʔτϚοϓͰ͋Δɽ

L =
1
n

n∑

i=1

(ŷi − yi)
2 (2)

ఏҊख๏͸ΤϙοΫ਺Λ 260ɼόοναΠζΛ 32 ͱͯ͠
ֶश͢Δɽ࠷దԽख๏ʹ͸ɼAdamΛ༻͍Δɽ·ͨɼॳظ
ͷֶश཰͸ 0.0001Ͱ͋Γɼ100ɼ150ɼ200ɼ250ΤϙοΫ
Ͱݮਰͤ͞ɼ࠷ऴతʹֶश཰ 0.00001Ͱֶश͢Δɽ

4.ධՁ࣮ݧ
ఏҊख๏ͷ༗ޮੑΛ֬ೝ͢ΔͨΊʹɼTransformerΛ༻

͍ͨ࢟੎ਪఆͷैདྷख๏Ͱ͋ΔTransPoseͱਫ਼౓ൺֱΛߦ
͏ɽσʔληοτʹ͸ɼMS COCOσʔληοτΛ༻͍Δɽ
ධՁํ๏͸ɼਪఆ࢟੎ͱਖ਼ղ࢟੎ͷద߹཰Ͱ͋Δ Average
Precision (AP)Λ༻͍Δɽ

4.1 ैདྷख๏ͱͷਪఆਫ਼౓ͷൺֱ
ैདྷख๏ͱͷධՁൺֱͰ͸ɼAP ͷଞʹωοτϫʔΫ

ͷύϥϝʔλ਺ͱྔࢉܭͰ͋Δ FLOPs (Floating point
operations) Λ༻͍ͯൺֱΛ͏ߦɽैདྷख๏ͱͷධՁൺֱ
݁ՌΛද 1ʹࣔ͢ɽఏҊख๏͸ɼTransformerΛ΋ͱʹ͠
ͨ 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๏ͱൺ΂ɼύϥϝʔλ਺͕গͳ͍ɽ·ͨɼैདྷख๏ͱ
ൺ΂ɼAP্͕͍ͯ͠޲Δ͜ͱ͕֬ೝͰ͖Δɽ͔͠͠ͳ͕
ΒɼεέʔϧͷॖখͳͲͷͨΊʹ৞ΈࠐΈ૚Λ௥Ճ͍ͯ͠
ΔͨΊɼTransPoseͱൺֱ͢Δͱύϥϝʔλ਺͕૿Ճͯ͠
͍Δɽ·ͨɼྔࢉܭͰ͋Δ FLOPs΋ಉ༷ʹ૿Ճ͍ͯ͠Δ
͜ͱ͕֬ೝͰ͖Δɽ

4.2 ΞςϯγϣϯϚοϓ͓ΑͼώʔτϚοϓͷՄࢹԽ
֤ EncoderͷΞςϯγϣϯϚοϓͷՄࢹԽྫΛਤ 3ʹࣔ

͢ɽ1૚໨ͱ 2૚໨ͷΞςϯγϣϯϚοϓͰ͸ɼTransPose
͕ਓମͷपลશମʹରͯ͠Ξςϯγϣϯ͕ൃੜ͍ͯ͠Δͷ
ʹର͠ɼఏҊख๏Ͱ͸ΑΓਓମͷ෦Ґ΍ؔઅʹΞςϯγϣ
ϯ͕ൃੜ͍ͯ͠Δ͜ͱ͕֬ೝͰ͖ΔɽఏҊख๏ͷ 3૚໨ͷ
ΞςϯγϣϯϚοϓͰ͸ɼਓମͷؔઅʹΞςϯγϣϯ͕ൃ
ੜ͍ͯ͠Δ͜ͱ͕֬ೝͰ͖Δɽ4૚໨ͷ TransPoseͷΞς
ϯγϣϯϚοϓͰ͸ɼ෦Ґ΍ؔઅͷ·ΘΓʹہॴతʹΞς
ϯγϣϯ͕ൃੜ͍ͯ͠ΔɽҰํɼఏҊख๏ͷΞςϯγϣϯ
Ϛοϓ͸ɼؔઅҐஔͷपลͷଞʹɼਓ෺͕།Ұ஍໘ʹ઀͠
͍ͯΔࠨ଍ʹΞςϯγϣϯ͕ൃੜ͍ͯ͠Δ͜ͱ͕֬ೝͰ͖
Δɽ͜ΕΒͷ͜ͱ͔ΒఏҊख๏Ͱ͸ɼਓମͷؔઅʹର͢Δ
ਪఆʹ͓͍ͯॏཁͳ෦෼Λը૾த͔Βଊ͑Δ͜ͱ͕Ͱ͖ͨ
ͱ͍͑Δɽ
ਪఆώʔτϚοϓͷՄࢹԽྫΛਤ 4ʹࣔ͢ɽ੺࿮ͰғΜ

଍टͷਪఆ݁Ռʹ஫໨͢ΔͱɼTransPoseͰ͸ɼෳ਺ࠨͩ
ՕॴʹϐʔΫ͕ൃੜ͍ͯ͠ΔɽͦΕʹର͠ɼఏҊख๏Ͱ͸
ϐʔΫ͕ҰέॴͰ͋Δ͜ͱ͕֬ೝͰ͖ɼఏҊख๏ʹΑΔվ
ળΛఆੑతʹ֬ೝͰ͖Δɽ

4.3 Att-conv.ͱதؒಛ௃ͷ༗ແʹΑΔਪఆਫ਼౓
Att-conv. Transformer Encoder ͷಋೖͱதؒಛ௃Λ

ར༻ͨ͠ωοτϫʔΫߏ଄͕ɼ࢟੎ਪఆʹ͓͍ͯ༗ޮͰ͋
Δ͔Λ࣮ݧʹΑΓௐࠪ͢ΔɽAtt-conv.ͱதؒಛ௃ͷར༻
ํ๏ʹΑΔਪఆਫ਼౓Λද 2ʹࣔ͢ɽAtt-conv.Λಋೖͨ͠
ωοτϫʔΫ͸ɼಋೖ͍ͯ͠ͳ͍ωοτϫʔΫͱൺֱͯ͠

ද 2: Att-conv.ͱதؒಛ௃ͷར༻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 pt্ͨ͠޲ɽ·ͨɼதؒಛ௃Λ࿈݁ͯ͠ར༻͠
ͨωοτϫʔΫͰ͸ɼAP͕ 1.0 pt্ͨ͠޲ɽ͜ͷ͜ͱ͔
Βɼதؒಛ௃Λར༻͢Δํ͕ Att-conv.Λಋೖ͢Δ͜ͱΑ
Γ΋Ө͕ڹେ͖͍͜ͱ͕͑ߟΒΕΔɽ·ͨɼ྆ํͷख๏Λ
૊Έ߹ΘͤͨωοτϫʔΫͰ͸ AP ͕ 1.3 pt Δ্ͨ͢޲
Ίɼ྆ํͷߏ଄Λಋೖ͢Δ͜ͱ͕࠷΋༗ޮͰ͋Δͱ֬ೝͰ
͖Δɽ·ͨɼதؒಛ௃Λ࿈݁ͯ͠ར༻ͨ͠ωοτϫʔΫͱ
྆ํͷख๏Λ૊Έ߹ΘͤͨωοτϫʔΫ͸ɼAP50 Ͱ͸ਫ਼
౓ͷมԽ͸ࠩޡఔ౓͕ͩɼAP75 ͓Αͼ APʹ͓͍ͯਫ਼౓
ΔͨΊɼਖ਼ղؔઅҐஔʹΑΓ͍ۙͮͨਪఆ্͕͍ͯ͠޲͕
Ͱ͖͍ͯΔͱ͑ߟΒΕΔɽ

5.͓ΘΓʹ
ຊڀݚͰ͸ɼTransformer ʹΑΔதؒಛ௃Λྀͨ͠ߟ

ਓମͷ 2 .੎ਪఆΛఏҊͨ͠ɽ·ͨɼAtt-conv࢟ݩ࣍ Λ
Transformer Encoderʹಋೖ͢Δ͜ͱͰɼର৅ͷؔઅͱͦ
ͷؔ࿈͢Δ෦Ґʹରͯ͠ΑΓண໨͢Δಛ௃Λ֫ಘ͢Δ͜ͱ
ΛՄೳͱͨ͠ɽධՁ࣮ݧͰ͸ɼఏҊख๏͸ैདྷख๏Λ௒͑
Δਪఆਫ਼౓Λୡ੒͠ɼ·ͨɼಋೖ֤ͨ͠ߏ଄ʹ͓͍ͯ΋ಋ
ೖલʹൺ΂ਫ਼౓্͕͓ͯ͠޲ΓɼఏҊख๏ͷ༗ޮੑΛ֬ೝ
ͨ͠ɽޙࠓͷ՝୊ͱͯ͠ɼதؒಛ௃ʹର͢Δଛࣦͷద༻ͳ
Ͳ͕͛ڍΒΕΔɽ
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Self-AttentionΛ༻͍ͨ఺܈σʔλ͔ΒͷηϚϯςΟοΫηάϝϯςʔγϣϯʹؔ͢Δڀݚ

TP20015 ླ໦وେ Լོٛࢁतɿڭಋࢦ

1.͸͡Ίʹ
શํҐ LiDAR͔Βऔಘͨ͠ σʔλʹରͯ͠܈఺ݩ3࣍

ηϚϯςΟοΫηάϝϯςʔγϣϯΛ͜͏ߦͱͰɼಓ࿏౳ͷ
੩త෺ମɼं྆΍ਓ౳ͷಈత෺ମΛ೺ѲͰ͖Δɽ͜ΕʹΑ
ΓɼࣗಈӡసͰඞཁͳं྆पลͷશํҐʹ౉Δڥ؀Λೝࣝ
͢Δ͜ͱ͕Ͱ͖Δɽ͜ͷͱ͖ɼશํҐ LiDAR͔Βऔಘͨ͠
ྔࢉܭͱ๲େͳ͢ࢪσʔλͷ֤఺ʹରͯ͠ॲཧΛ܈఺ݩ3࣍
͕ඞཁͱͳΔɽͦͷͨΊɼ3࣍ݩ఺܈σʔλΛٙࣅը૾ʹม
଎ߴͱͰ͜͏ߦɼηϚϯςΟοΫηάϝϯςʔγϣϯΛ͠׵
Խͨ͠ख๏͕ఏҊ͞Ε͍ͯΔɽैདྷख๏͸ σʔ܈఺ݩ3࣍
λΛٙࣅը૾΁ม͢׵Δࡍʹଟ͘ͷ఺܈σʔλ͕ܽམ͢Δ
͜ͱ͔Βɼখ෺ମ (ըૉ਺͕গͳ͍ਓ΍ඪࣝΫϥε)ͷࣝผ
ਫ਼౓͕௿Լ͢Δ޲܏ʹ͋ΔɽຊڀݚͰ͸ɼScan-Unfolding
ʹΑΔϓϩδΣΫγϣϯख๏͓Αͼ Self-Attention Block
͍ͨͮجʹ 1Dimentional Self-Attention Block(1D-SAB)
Λಋೖͨ͠ηϚϯςΟοΫηάϝϯςʔγϣϯΛఏҊ͢Δɽ
ఏҊख๏ʹΑΓɼٖࣅը૾ม࣌׵ͷ఺܈σʔλͷܽམΛ཈
੍্ͨ͠Ͱɼ఺ؒ܈ͷؔੑ܎Λྀ͢ߟΔ͜ͱͰੑߴೳԽ͕
଴Ͱ͖Δɽظ
2.ؔ࿈ڀݚ

ηϚϯςΟοΫηͯ͠׵ը૾ʹมࣅσʔλΛٖ܈఺ݩ3࣍
άϝϯςʔγϣϯΛ͏ߦख๏ͱͯ͠ɼSalsaNext[1]͕͋Δɽ
SalsaNext ͸ɼSalsaNet ΛϕʔεʹɼContext Moduleɼ
Pixel-Shuffle LayerΛಋೖ͠ɼ͍ࣝߴผਫ਼౓ͱϦΞϧλΠ
ϜੑΛ࣮͍ͯ͠ݱΔɽContext Module͸ɼάϩʔόϧͳ
৘ใΛऔಘ͢Δ͜ͱͰɼࣝผਫ਼౓ͷ͍ͯ͠ݙߩʹ্޲Δɽ
·ͨɼPixel-Shuffle Layer͸ɼग़ྗ͞Εͨಛ௃ϚοϓΛฒ
ͼସ͑ͯΞοϓαϯϓϦϯάΛ͢ΔͨΊॏΈΛ࣋ͨͣɼܭ
ΈࠐͰ͖Δɽ͞ΒʹɼSalsaNextͰ͸৞Έݮ࡟ίετΛࢉ
ॲཧʹ Dilated Convolution Λ༻͍Δ͜ͱͰɼReceptive
fieldΛ֦େ͢Δࡍͷύϥϝʔλ਺ͷ૿ՃΛ཈͑ɼϦΞϧλ
ΠϜੑΛ֫ಘ͍ͯ͠ΔɽSalsaNext͸ σʔλΛ܈఺ݩ3࣍
ɼଟ͘ͷσʔλ͕ܽམ͢Δ͜ͱ͔ʹࡍΔ͢׵ը૾ʹมࣅٙ
Βɼখ෺ମͷࣝผਫ਼౓͕௿͍ͱ͍͏໰୊఺͕͋Δɽ
3.ఏҊख๏
શํҐLiDAR͔Βऔಘͨ͠఺܈σʔλ͸ɼԣํ޲ʹີͰ

͋Δɽ͜ͷಛੑʹΑΓɼมޙ׵ͷٖࣅը૾΋ɼԣํ޲ʹର͢
Δ఺܈σʔλͷܽམ͕গͳ͍ɽͦ͜ͰɼຊڀݚͰ͸ɼখ෺ମ
΁ͷࣝผਫ਼౓Λ্ͤ͞޲ΔͨΊɼԣํ޲ʹͷΈண໨ͨ͠ॲཧ
Λ͏ߦ 1Dimentional Self-Attention Block(1D-SAB)Λಋ
ೖͨ͠ 1D-Salsa Self-Attention Network(1D-SalsaSAN)
ΛఏҊ͢Δɽ
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ਤ 2: ྫ׵ը૾΁ͷมࣅσʔλͷٖ܈఺ݩ3࣍
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ਤ 3: 1D-SABͷߏ଄

3.1.ॲཧͷྲྀΕ
ਤ 1ʹॲཧͷྲྀΕΛࣔ͢ɽ·ͣɼ3࣍ݩ఺܈σʔλΛϓ

ϩδΣΫγϣϯʹΑΓٙࣅը૾΁ม͢׵Δɽ࣍ʹɼٙࣅը
૾΁มͨ͠׵σʔλΛ 1D-SABʹೖྗ͠ɼ఺ؒ܈ͷؔੑ܎
Λྀͨ͠ߟॲཧΛ͏ߦɽೖྗνϟϯωϧ͸ɼ(x, y, z)࠲ඪɼ
൓ࣹڧ౓ɼڑ཭஋ͷ 5νϟϯωϧͰ͋Δɽͦͯ͠ɼ1D-SAB
͔Βग़ྗͨ͠ಛ௃ϚοϓΛɼContext ModuleΛऔΓআ͍
ͨ SalsaNext ʹೖྗ͠ɼ৞ΈࠐΈॲཧ౳Λ͏ߦɽͦͷޙɼ
softmaxؔ਺ʹͯΫϥε֬཰Λࢉग़͠ɼηάϝϯςʔγϣ
ϯΛ͏ߦɽ

3.2.લॲཧɿ3࣍ݩ఺܈σʔλͷٖࣅը૾΁ͷม׵
ఏҊख๏Ͱ͸ɼϓϩδΣΫγϣϯख๏ʹScan-Unfolding[2]

Λ༻͍Δɽਤ 2ʹɼैདྷख๏ͱ Scan-UnfoldingʹΑΔม
Λࣔ͢ɽਤྫ׵ 2(a)தͷന࿮ʹࣔ͢Α͏ʹɼैདྷख๏Ͱ͸
ɼଟ͘ͷσʔλࡍΔ͢׵ը૾΁มࣅσʔλΛٖ܈఺ݩ3࣍
͕ܽམ͢ΔɽScan-Unfolding Ͱ͸ɼ·ͣ 3 σʔ܈఺ݩ࣍
λͷ֤఺ͷٖࣅը૾্ʹ͓͚Δԣํ޲ͷ࠲ඪͷΈΛࢉग़͢
Δɽ࣍ʹɼԣํ޲ͷ֤ྡ઀఺ؒͷ෯Λࢉग़͠ɼҰఆ෯Ҏ্
ͷ৔߹ɼϨʔβ ID͕มΘͬͨͱΈͳ͠ɼॎํ޲ͷ࠲ඪΛ
Լ΁Ҡಈ͢Δɽ͜ͷΑ͏ʹϓϩδΣΫγϣϯ͢Δ͜ͱͰɼ
ɼܽམΛ཈੍Ͱ͖Δɽ͠ݮը૾্ͷ఺ͷॏͳΓΛ௿ࣅٙ

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

தʹ੺͍೾ઢͰࣔ͢Α͏ʹɼٙࣅը૾ΛϨʔβ ID͝ͱʹ
σʔλͱΈͳ͠ɼ1D-SABʹೖྗ͢Δɽೖྗαܗ೾ݩ1࣍
Πζ͸ɼ1×w(ٖࣅը૾ͷԣ෯)× c(νϟϯωϧ਺ɿ5)Ͱ͋
Δɽೖྗͨ͠σʔλ͸ 1఺ͣͭॲཧ͠ɼରԠ͢Δ఺ʹର͢
Δ Self-AttentionΛࢉग़͢Δɽਤ 3ͷ੺৭ͷ஋Λॲཧͷ஫
໨఺ͱͨ͠ͱ͖ɼ྘৭͕ۙ๣఺ 1ɼ੨৭͕ۙ๣఺ 2ͱͳΔɽ
֤ۙ๣఺ʹରͯ͠ઢܗม׵ͷͨΊɼPointwise Convolution
ॲཧΛ͏ߦɽ·ͨɼॏΈܾఆͷͨΊʹ஫໨఺ͱۙ๣఺Λֶ
शՄೳͳؔ਺ ϕ,ψ ΁ೖྗ͢Δɽͦͯ͠ɼϕ,ψ Λ༻͍ͯؔ
਺ؔ܎ δ ΛٻΊΔɽؔؔ܎਺ δ ͷఆٛࣜΛࣜ (1) ʹࣔ͢ɽ
͜͜Ͱɼx͕஫໨఺ɼxt ͕ۙ๣఺Λࣔ͢ɽ

δ(ϕ(x),ψ(xt)) = ϕ(x)− ψ(xt) (1)

ͦͷޙɼϚοϐϯάؔ਺ γ ʹΑͬͯνϟϯωϧ਺Λ 1ͭ໨
ͷग़ྗͱ߹ΘͤΔɽͦͯ͠ɼ্ड़ͷಛ௃ྔͱͷཁૉੵΛࢉ
ग़͢Δɽ͜ͷॲཧΛۙ๣఺෼͍ߦɼͦΕΒΛ૯࿨͢Δ͜ͱ
Ͱ Self-Attention Map(SAM)Λੜ੒͢Δɽੜ੒ͨ͠ SAM
͸ɼPointwise ConvolutionॲཧʹΑΓೖྗνϟϯωϧ਺
ͱಉ͡νϟϯωϧ਺ʹ͢Δɽ͜ͷग़ྗʹɼεΩοϓߏػͱ
ͯ͠ೖྗσʔλΛՃ͠ࢉɼ࠷ऴग़ྗͱ͢Δɽ1D-SABΛ༻
͍Δ͜ͱͰɼ఺ؒ܈ͷॏཁͳҐஔʹେ͖ͳॏΈΛ༩͑ɼ఺
Δ͜ͱ͕Ͱ͖Δɽྀ͢ߟΛੑ܎ͷؔؒ܈



(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๏ʹ͓͚Δਫ਼౓ͱॲཧ଎౓ͷؔ܎άϥϑ

4.ධՁ࣮ݧ
ධՁ࣮ݧʹΑΓɼఏҊख๏ͷ༗ޮੑΛ͢ূݕΔɽ

ཁ֓ݧ࣮.4.1
ຊ࣮ݧͰ͸ɼैདྷख๏ͱͷਫ਼౓ൺֱ͓Αͼॲཧ଎౓ͷ

ൺֱΛ͏ߦɽൺֱ͢Δैདྷख๏͸ɼఏҊख๏ͱಉ༷ʹٙ
ը૾ϕʔεͷख๏Ͱ͋Δࣅ SqueezeSegɼSqueezesegV2ɼ
RangeNet++ɼSalsaNextͰ͋Δɽ1D-SABͷ༗ޮੑͷݕ
ূͷͨΊɼSalsaNextͷϓϩδΣΫγϣϯʹ͸Scan-Unfolding
Λ༻͍Δɽֶशઃఆͱͯ͠ɼֶशճ਺Λ 300 epochɼόο
ναΠζΛ 24ͱ͢Δɽଛࣦؔ਺ʹ͸ΫϩεΤϯτϩϐʔ
ֶظɼॳ͠༺࢖దԽख๏ʹ͸MomentumSGDΛ࠷ɼࠩޡ
श཰͸ 0.01ͱ͢Δɽֶश࣌͸ 1 epoch͝ͱʹ ਰ͞ݮ0.01
ͤΔɽධՁࢦඪʹ͸ɼ֤఺܈ʹରͯ͠ηάϝϯςʔγϣϯ
ͨ݁͠Ռͱ֤఺܈ͷਖ਼ղϥϕϧͷॏͳΓ཰ (IoU)Λ༻͍Δɽ

4.2.σʔληοτ
σʔληοτʹ͸ɼશͯͷ఺܈σʔλʹରͯ͠Ξϊςʔγ

ϣϯ͕͞ࢪΕ࣮ͨڥ؀σʔληοτͰ͋ΔSemanticKITTI[3]
Λ༻͍ΔɽSemanticKITTI ͸ɼ22 γʔϯ 43,000 ϑϨʔ
ϜͰߏ੒͞ΕΔɽ͜ͷ͏ͪɼγʔϯ 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๏ͷਫ਼౓ɼਤ 4ʹ SalsaNextͱ

ఏҊख๏ͷηάϝϯςʔγϣϯ݁ՌྫΛࣔ͢ɽ
1D-SAB ͷ༗ޮੑͷධՁ: ද 1 ͔ΒɼఏҊख๏͸ Sal-
saNextͱൺֱͯ͠mIoU͕ 1.1pt্ͨ͜͠޲ͱ͕Θ͔Δɽ
·ͨɼΫϥε͝ͱͷਫ਼౓Λൺֱ͢Δͱɼ19Ϋϥεத 7Ϋϥ
εͷ IoU্͕ͨ͠޲ɽதͰ΋ɼখ෺ମͰ͋Δ bicycleɼmo-
torcycleɼpersonɼbicyclistɼmotorcyclistɼtraffic signͷ
IoU্͕ͨ͠޲ɽಛʹɼmotorcyclistͷ IoU͸ 14.4ptͱ
Λ֬ೝͨ͠ɽ্޲େͱͳΔਫ਼౓࠷
ैདྷख๏ͱͷਫ਼౓ൺֱ: ද 1͔ΒɼఏҊख๏͸ैདྷख๏ͱ
ൺֱͯ͠mIoU͕࠷΋͍͜ߴͱ͕Θ͔Δɽ·ͨɼΫϥε͝

ͱͷਫ਼౓Λൺֱ͢Δͱɼ19Ϋϥεத 8Ϋϥεͷ IoU͕࠷΋
ͳͬͨɽಛʹɼbicyclist΍motorcyclistɼtraffic͘ߴ sign
ͱ͍ͬͨখ෺ମͷਫ਼౓͕େ্͖ͨ͘͠޲ɽ
ఆੑతධՁ: ਤ 4 ʹɼSalsaNext ͱఏҊख๏ʹΑΔηά
ϝϯςʔγϣϯ݁ՌྫΛࣔ͢ɽਤதͷന࿮ͷ෦෼͸ traffic
signΫϥεͷਖ਼ղྫ͓Αͼࣝผ݁ՌͰ͋ΔɽSalsaNext͸ɼ
traffic signΛҰ෦Λ fenceͱࣝޡผͨ͠ɽҰํɼఏҊख๏
͸ traffic signͱਖ਼ࣝ͘͠ผͰ͖ͨɽ

4.4.ॲཧ଎౓ͷൺֱ
ਤ 5ʹɼ֤ख๏ʹ͓͚Δਫ਼౓ͱॲཧ଎౓ͷؔ܎άϥϑΛ

ࣔ͢ɽॲཧ଎౓ͷܭଌ͸ɼNVIDIA Quadro RTX A6000
Λ༻͍ͯͨͬߦɽਤ 5ʹࣔ͢Α͏ʹɼఏҊख๏ͷॲཧ଎౓͸
77.6HzͱͳΓɼSalsaNextΑΓ 18.0Hzߴ଎Ͱ͋ͬͨɽ͜
Ε͸ɼSalsaNext͔ΒऔΓআ͍ͨContext ModuleΑΓ΋ɼ
1D-SABͷࢉܭॲཧ͕গͳ͍͔ΒͰ͋ΔɽશํҐ LiDAR
͸௨ৗ 5Hzʙ20HzͰճస͠ͳ͕ΒσʔλΛऔಘ͢ΔͨΊɼ
ఏҊख๏͸ϦΞϧλΠϜੑΛ֬อͰ͖ͨɽ·ͨɼॲཧ଎౓
଎ͳߴ΋࠷͕ SqueezeSeg͸ɼද 1͔ΒmIoU͕࠷΋௿͍ɽ
SqueezeSegV2΋ಉ༷ʹɼॲཧ଎౓͸ఏҊख๏ΑΓߴ଎ͩ
͕ɼmIoU ͸ఏҊख๏ΑΓ 20.0pt ௿͍ɽࣗಈӡసλεΫ
Ͱ͸ɼਫ਼౓ͱॲཧ଎౓͸ڞʹॏཁͳࢦඪͰ͋ΔͨΊɼ͜ͷ
྆໘͔Β͑ߟΔͱఏҊख๏͸ηϚϯςΟοΫηάϝϯςʔ
γϣϯʹ࠷΋༗ޮͰ͋Δͱ͑ݴΔɽ
5.͓ΘΓʹ
ຊڀݚͰ͸ɼখ෺ମ΁ͷਫ਼౓্޲Λ໨తͱͨ͠ 1D-SalsaSAN

ʹΑΔηϚϯςΟοΫηάϝϯςʔγϣϯΛఏҊͨ͠ɽධՁ
Βɼ1D-SABʹΑΓશମతͳηάϝϯςʔγϣϯਫ਼͔ݧ࣮
౓্͕͠޲ɼಛʹখ෺ମͷਫ਼౓͢ݙߩʹ্޲Δ͜ͱ͕֬ೝ
Ͱ͖ͨɽ·ͨɼॲཧ଎౓͸ SalsaNextΑΓ্͠޲ɼࣗಈӡ
సʹඞཁͳϦΞϧλΠϜੑ΋े෼֬อ͞Ε͍ͯΔ͜ͱΛࣔ
ͨ͠ɽޙࠓͷ՝୊ʹ͸ɼσʔλΦʔάϝϯςʔγϣϯ౳ʹ
ΑΔ͞ΒͳΔࣝผਫ਼౓ͷ্޲΍ଞͷσʔληοτΛ༻͍ͨ
ධՁ࣮ݧʹΑΔఏҊख๏ͷ൚Խੑͷ֬ೝͳͲ͕͛ڍΒΕΔɽ
ݙจߟࢀ
[1] C.Tiago, et al., “SalsaNext: Fast, Uncertainty-aware

Semantic Segmentation of LiDAR Point Clouds for Au-
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[2] T.Larissa, et al., “Scan-based Semantic Segmentation
of LiDAR Point Clouds: An Experimental Study”, IV,
2020.

[3] B.Jens, et al., “SemanticKITTI: A Dataset for Seman-
tic Scene Understanding of LiDAR Sequences”, ICCV,
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ηϚϯςΟοΫηάϝϯςʔγϣϯʹ͓͚ΔϚϧνυϝΠϯֶशʹؔ͢Δڀݚ

TP20017 ਖ਼໦ᠳେ Լོٛࢁतɿڭಋࢦ

1.͸͡Ίʹ
ηϚϯςΟοΫηάϝϯςʔγϣϯ͸ɼϐΫηϧϨϕϧ

ͰͷΫϥεࣝผΛ͜͏ߦͱͰɼΦϒδΣΫτͷछྨ͚ͩͰ
ͳ͘ܗঢ়΋ೝࣝ͢Δ͜ͱ͕Ͱ͖ΔɽֶशͱҟͳΔγʔϯͳ
ͲυϝΠϯͷมԽ͕ੜ͡Δͱೝࣝਫ਼౓͸ஶ͘͠௿Լ͢Δͨ
Ίɼର৅ͱͳΔυϝΠϯ͝ͱʹϞσϧΛֶश͢Δඞཁ͕͋
ΔɽͦͷͨΊɼ༷ʑͳ஍ҬͰӡ༻͞ΕΔࣗಈӡసγεςϜ
ʹ༻͍Δ৔߹ɼ஍Ҭ͝ͱʹͦΕͧΕͷσʔλͰֶशͨ͠Ϟ
σϧ͕ඞཁͱͳΓɼϝϞϦίετ͕͘ߴͳΔɽͦ͜Ͱຊݚ
Ͱ͸ɼ୯ҰͷϞσϧͰෳ਺ͷυϝΠϯσʔλΛֶश͢Δڀ
ͨΊʹɼϚϧνϔουߏ଄Λಋೖͨ͠ηϚϯςΟοΫηά
ϝϯςʔγϣϯΛఏҊ͢Δɽ֤ϔου͸ɼσʔληοτݻ
༗ͷΫϥεΛग़ྗ͢Δɽ͜ΕʹΑΓɼΦϒδΣΫτΫϥε
͕ҟͳΔσʔληοτΛಉ࣌ʹֶश͢Δ͜ͱ͕ՄೳͱͳΔɽ
ఏҊख๏͸ɼϕʔεϞσϧͱൺ΂ͯ 1.28 ഒͷύϥϝʔλ
૿ՃͰෳ਺ͷυϝΠϯʹରԠՄೳͳϞσϧΛ࣮ݱͰ͖Δ͜
ͱΛ֬ೝͨ͠ɽ
2.ηϚϯςΟοΫηάϝϯςʔγϣϯ
ηϚϯςΟοΫηάϝϯςʔγϣϯͷ୅දతͳख๏ͱ͠

ͯɼDeepLab v3+[1]͕͋ΔɽDeepLab v3+͸ɼEncoder-
Decoderߏ଄ͱɼAtrous Spatial Pyramid Pooling (ASPP)
Λ࠾༻͍ͯ͠ΔɽASPP ͸ɼҟͳΔ Dilation ͷ৞ΈࠐΈ
ॲཧΛฒྻͰ͍ߦɼಛ௃ϚοϓΛ౷߹͢Δ͜ͱͰɼҟͳΔ
Receptive fieldΛྀ͢ߟΔॲཧͰ͋Δɽै དྷͷηϚϯςΟο
Ϋηάϝϯςʔγϣϯ͸ɼະֶशͷυϝΠϯʹରͯ͠ೝࣝ
ਫ਼౓͕௿Լ͢Δ໰୊͕͋ΔɽMSeg[2]͸ɼσʔληοτ͝
ͱͰ෇༩͞Ε͍ͯΔϥϕϧΛڞ༗ϥϕϧʹมֶͯ͠׵श͢
Δ͜ͱͰϚϧνυϝΠϯֶशΛ࣮͍ͯ͠ݱΔɽ͔͠͠ɼڞ
༗ϥϕϧͷ࠶ఆٛʹ͸ίετ͕͔͔Δ͜ͱ΍ɼҰ෦ͷΫϥ
ε͸࡟আ͞ΕΔ໰୊͕͋Δɽ
3.ఏҊख๏
ຊڀݚͰ͸ɼσʔληοτΛߏ࠶ங͢Δ͜ͱͳ͘ෳ਺ͷ

υϝΠϯΛಉ࣌ʹֶश͢ΔͨΊʹɼυϝΠϯݻ༗ͷग़ྗ͕
ՄೳͳϚϧνϔουߏ଄Λಋೖͨ͠ηάϝϯςʔγϣϯख
๏ΛఏҊ͢ΔɽఏҊख๏ͷωοτϫʔΫߏ଄Λਤ 1ʹࣔ͢ɽ

༗ωοτϫʔΫڞ.3.1
༗ωοτϫʔΫ͸ɼ୯ҰͷϞσϧͰෳ਺υϝΠϯ৘ใΛڞ

༗͢Δ෦෼Ͱ͋Δɽ͜ڞ ͷڞ༗ωοτϫʔΫʹ͸ɼResNet101
Λ Backbone ʹͨ͠ DeepLab v3+[1] Λ༻͍Δɽ·ͨɼ
ResNet101ͷResidual BlockʹDomain Attention (DA)
module[3]Λద༻͢ΔɽDA module͸ɼυϝΠϯʹର͢Δ
AttentionʹΑΓɼڞ༗ͨ͠υϝΠϯ৘ใ͔Βೖྗʹର͠
ͯॏཁͳಛ௃දݱΛ֫ಘ͢ΔߏػͰ͋ΔɽDA moduleͷߏ
଄Λਤ 2ʹࣔ͢ɽDA module͸ɼSE AdapterͱDomain
AssignmentʹΑͬͯߏ੒͞ΕΔɽSE Adapter͸ɼෳ਺ͷ
SE moduleͰߏ੒͞Ε͍ͯΔɽͦΕͧΕͷग़ྗΛ࿈݁͢Δ
͜ͱͰશυϝΠϯͷදۭؒݱΛܗ੒Ͱ͖ΔɽDomain As-
signment͸ɼGAPͱશ݁߹૚ͱιϑτϚοΫε૚Ͱߏ੒
͞Ε͓ͯΓɼυϝΠϯʹదԠͨ͠ॏΈΛ֫ಘ͢ΔɽGAPͷ
ͷશ݁߹૚͔Βͷग़ྗ͸ɼSEޙ Adapterͷ SE moduleͷ
਺ͱಉ͡ʹͳΔɽ֫ಘͨ͠ॏΈ͸ SE Adapterͷग़ྗͱ৐
ग़͢Δɽ͜ΕʹΑΓɼSEࢉɼSigmoidؔ਺Ͱ͠ࢉ Adapter
͔ΒυϝΠϯʹదԠͨ͠ॏΈϕΫτϧ͕֫ಘͰ͖Δɽ

3.2.υϝΠϯʹରԠͨ͠Ϛϧνϔουߏ଄
ҰൠతͳηάϝϯςʔγϣϯωοτϫʔΫ͸ɼ͋Β͔͡

Ίఆٛͨ͠Ϋϥεʹର͢Δग़ྗΛ͏ߦγϯάϧϔουߏ଄
Ͱ͋ΔͨΊɼΫϥε਺͕ҟͳΔσʔληοτΛಉ࣌ʹֶश
Ͱ͖ͳ͍ɽͦ͜ͰɼҟͳΔΦϒδΣΫτΫϥεΛ࣋ͭσʔ
ληοτ΋ಉ࣌ʹֶश͢ΔͨΊϚϧνϔουߏ଄ΛఏҊ͢
Δɽڞ༗ωοτϫʔΫͰ֫ಘͨ͠ಛ௃ϚοϓΛσʔληο
τݻ༗ͷग़ྗϔουʹೖྗ͢ΔɽͦͷͨΊσʔληοτݻ
༗ͷύϥϝʔλ͸ɼग़ྗϔουͷΈʹͳΔɽ͜ΕʹΑΓɼ
ಛ௃நग़ث͸ڞ༗ͱͳΔͨΊɼσʔληοτ૿ՃʹΑΔύ
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ਤ 2: Domain Attention moduleͷߏ଄

ϥϝʔλ਺ͷ૿ՃΛ཈͑Δ͜ͱ͕Մೳͱ͢Δɽ

3.3.ଛࣦؔ਺
ҰൠతͳϚϧνυϝΠϯֶश [3]Ͱ͸ɼҟͳΔυϝΠϯ

Λ࣋ͭσʔλΛॱ൪ʹೖྗͯ͠ɼ֤ϔουͰଛࣦΛࢉग़͠ɼ
ஞ࣍ٯ఻೻Λ͏ߦɽ͜ͷͱ͖ɼσʔληοτຖʹύϥϝʔλ
఻೻ͤ͞Δॱ൪ʹΑͬͯಛఆͷσʔٯ৽͞ΕΔͨΊɼߋ͕
ληοτʹόΠΞε͕͔͔ΔՄೳੑ͕͋Δɽͦ͜Ͱɼશͯ
ͷυϝΠϯσʔλΛೖྗͯ͠ɼ֤ϔουͰग़ྗͨ͠ଛࣦΛ
఻೻͢ΔMixٯΒ͔ͯ͠ܭ߹ LossΛ࢖༻͢ΔɽxΛ֤υ
ϝΠϯͷೖྗαϯϓϧɼLCE ΛΫϩεΤϯτϩϐʔଛࣦؔ
਺ͱͯ͠ɼN छྨͷυϝΠϯΛֶश͢Δࡍͷɼଛࣦؔ਺ L
͸ࣜ (1)ͷΑ͏ʹٻΊΔ͜ͱ͕Ͱ͖Δɽ

L =
N∑

n=1

LCE(xn) (1)

શͯͷυϝΠϯͷଛࣦ͔Βٯ఻೻͢Δ͜ͱͰɼυϝΠϯݻ
༗ͷภΓΛ๷͙͜ͱ͕Ͱ͖Δɽ
4.ධՁ࣮ݧ
ຊষͰ͸ɼෳ਺ͷσʔληοτΛ༻͍ͯఏҊख๏ͷ༗ޮ

ੑΛࣔͨ͢Ίʹɼෳ਺ͷσʔληοτΛ༻͍ͯධՁ࣮ݧΛ
ɽ͏ߦ

ཁ֓ݧ࣮.4.1
੒͞Ε͍ͯΔߏ͸ɼಉҰͷΦϒδΣΫτΫϥεͰʹݧ࣮

CityscapesɼBDDɼSynscapesͷ૊Έ߹ΘͤͱɼҟͳΔΦ
ϒδΣΫτΫϥεͰߏ੒͞Ε͍ͯΔ CityscapesɼA2D2ɼ
IDDͷ૊Έ߹ΘͤΛ༻͍Δɽֶशճ਺͸ 100 epochɼධՁ
ඪʹ͸mIoUΛ༻͍Δɽ֤σʔληοτʹؚ·ΕΔσʔࢦ
λ਺͸ҟͳΔͨΊɼ1epoch ͋ͨΓʹ༻͍Δσʔλ਺Λֶ
शຕ਺͕࠷΋ଟ͍σʔληοτʹ߹ΘͤΔ͜ͱͰσʔλ਺
Λௐ੔͢Δɽ࠷దԽʹ͸ɼϞʔϝϯλϜΛ 0.9ɼॏΈݮਰ
Λ 0.0001 ʹઃఆͨ͠ SGD Λ༻͍Δɽֶश࣌ͷϛχόο
ν͸ɼಉ͡σʔληοτͷσʔλͷΈͰߏ੒͢Δɽ



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

ਤ 3: ηϚϯςΟοΫηάϝϯςʔγϣϯ݁Ռͷൺֱ

ද 1: ಉҰΫϥε਺ͷσʔληοτͰͷਫ਼౓ͱύϥϝʔλ਺ [%]

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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mIoU

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.ಉҰΫϥεΛ࣋ͭσʔληοτͰͷֶश
ຊ࣮ݧͰ͸ɼCityscapesɼBDDɼSynscapesΛର৅σʔ

ληοτͱͯ͠༻͍Δɽද 1ʹೝࣝਫ਼౓ͱύϥϝʔλ਺ͷ
ൺֱɼද 2ʹ CityscapesͰͷΫϥεผਫ਼౓ɼਤ 3ʹ֤ख
๏ͷηϚϯςΟοΫηάϝϯςʔγϣϯ݁ՌΛࣔ͢ɽ
γϯάϧϔουߏ଄ͱͷൺֱ Ϛϧνϔουߏ଄ͷ༗ޮ

ੑΛ֬ೝ͢ΔͨΊʹɼγϯάϧϔουߏ଄ͱͷਫ਼౓ൺֱΛ
ɽද͏ߦ 1ΑΓɼϚϧνυϝΠϯֶशΛ͏ߦͱ͖ɼϚϧν
ϔουߏ଄Ͱͳ͍৔߹ɼBDDͰ͸͍ߴਫ਼౓Λୡ੒͕ͨ͠ɼ
Cityscapes ͱ Synscapes Ͱ͸ਫ਼౓͕௿Լͨ͜͠ͱ͕Θ͔
Δɽ͜ΕΒͷ͜ͱ͔Βɼ1ͭͷσʔληοτʹภͬͨϞσ
ϧͱ͍͑ΔɽҰํɼఏҊख๏Ͱ͸ɼશͯͷσʔληοτʹ
ରͯ͠࠷΋͍ߴਫ਼౓ͱͳΓɼόϥϯεΑֶ͘श͞Ε͍ͯΔ
͜ͱ͕Θ͔Δɽ

DA moduleద༻ʹΑΔൺֱ ද 1ΑΓɼϚϧνϔου
଄ͷωοτϫʔΫʹɼDAߏ moduleΛద༻͢Δ͜ͱͰɼશ
ͯͷσʔληοτͰ DA moduleͳ͠ͷϚϧνϔουߏ଄
ωοτϫʔΫΑΓ΋ೝࣝਫ਼౓্͕ͨ͠޲ɽ·ͨɼCityscapes
ͱ BDDͰ͸ɼγϯάϧυϝΠϯͰֶशͨ͠Ϟσϧͱൺֱ
ͯ͠ೝࣝਫ਼౓্͕ͨ͠޲ɽද 2ΑΓɼΫϥε͝ͱͷਫ਼౓Λൺ
ֱ͢Δͱɼ19Ϋϥεத 16Ϋϥεͷ IoU্͕ͨ͠޲ɽroad
΍ skyͱ͍ͬͨେ͖ͳ෺ମ͚ͩͰͳ͘ɼpole΍ personͱ
͍ͬͨখ෺ମͷਫ਼౓΋্ͨ͠޲ɽ·ͨɼਤ 3ͷఆੑධՁΛ
ൺֱ͢ΔͱɼDA moduleΛద༻͢Δ͜ͱͰ buildingͱޡ
ೝ͍ࣝͯ͠Δ poleΫϥεΛਖ਼͘͠ೝࣝͰ͖͍ͯΔɽ
ύϥϝʔλ਺ͷൺֱ σʔληοτ୯ମͰֶशͨ͠γϯ

άϧυϝΠϯͷϞσϧ͸ɼύϥϝʔλ਺͕σʔληοτͷ
਺͚ͩ૿Ճ͢Δɽද 1ΑΓɼఏҊख๏Ͱ͸ڞ༗ͷωοτϫʔ
ΫΛ࢖༻͢Δ͜ͱͰɼγϯάϧυϝΠϯͷϞσϧΛෳ਺༻
ҙ͢Δ৔߹ΑΓ΋ύϥϝʔλ਺Λ ɽͨ͠ݮ࡟57.10%
͜ΕΒͷ݁ՌΑΓɼఏҊख๏ʹΑΓϕʔεͷਫ਼౓Ҏ্ɼ

·ͨ͸ಉ౳ͷਫ਼౓Λ͔ۇͳύϥϝʔλ਺ͷ૿ՃͰୡ੒͢Δ
͜ͱ͕Ͱ͖ͨɽ

4.3.ҟͳΔΫϥεΛ࣋ͭσʔληοτͰͷֶश
࣍ʹɼҟͳΔΫϥεΛ࣋ͭσʔληοτΛಉ࣌ʹֶशՄ

ೳ͔࣮͢ݧΔɽ࣮ݧʹ͸ɼ19Ϋϥεͷ Cityscapesɼ18Ϋ

ද 3: ҟͳΔΫϥε਺ͷσʔληοτͰͷਫ਼౓ [%]

Cityscapes A2D2 IDD

γϯάϧυϝΠϯ 77.57 78.08 67.80
ఏҊख๏ 77.84 77.74 68.27

ϥεͷ A2D2ɼ26Ϋϥεͷ IDDΛ༻͍Δɽ·ͨɼϞσϧ
͸ 4.2 અͷ࣮ݧͰߴਫ਼౓Ͱ͋ͬͨɼDA module Λద༻͠
ͨϞσϧΛ࢖༻͢ΔɽγϯάϧυϝΠϯͱͷਫ਼౓ൺֱΛද
3ʹࣔ͢ɽද 3ΑΓɼγϯάϧυϝΠϯͷਫ਼౓ͱ΄΅ಉ౳
ͷਫ਼౓Ͱ͋Δ͜ͱΛ֬ೝͨ͠ɽ͜ͷ݁ՌΑΓɼҟͳΔΫϥ
εΛ࣋ͭσʔληοτͰ΋ಉ࣌ʹֶशՄೳͰ͋Δ͜ͱΛ֬
ೝͨ͠ɽ
5.͓ΘΓʹ
ຊڀݚͰ͸ɼҟͳΔυϝΠϯΛಉ࣌ʹֶश͢ΔϚϧν

ϔουߏ଄ͷηϚϯςΟοΫηάϝϯςʔγϣϯख๏Λఏ
Ҋͨ͠ɽσʔληοτ͝ͱʹग़ྗϔουΛ༻ҙ͢ΔϚϧν
ϔουߏ଄ͷಋೖʹΑΓɼҟͳΔΫϥεΛ࣋ͭσʔληο
τʹରͯ͠΋୯ҰͷϞσϧͰֶश͢Δ͜ͱΛՄೳͱͨ͠ɽ
͸ɼଞͷϕʔεωοτϫʔΫ΁ͷద༻ʹΑΓ൚༻ੑΛޙࠓ
֬ೝ͢Δɽ
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ϚϧνΤʔδΣϯτڧԽֶशΛ༻͍ͨσουϩοΫ໰୊ͷղܾʹؔ͢Δڀݚ

TP20014 ࢤڧ౻ޒ Լོٛࢁतɿڭಋࢦ

1.͸͡Ίʹ
༺Δ࣮໰୊ʹద͢ࡏԽֶशΛෳ਺ͷΤʔδΣϯτ͕ଘڧ

͢ΔࡍɼΤʔδΣϯτͷ૬࡞ޓ༻Λྀ͢ߟΔඞཁ͕͋Δɽྫ
ͱͯ͠ෳ਺ͷं͕྆͏ަ͖ߦ৔໘ͰͷࣗಈӡసλεΫͳͲ
ΒΕΔɽ͜ͷΑ͏ͳλεΫʹ͸ɼϚϧνΤʔδΣϯτ͛ڍ͕
Խֶशڧ (Multi Agent Reinforcement LearningɿMARL)
ͱݺ͹ΕΔऺ܈ͷߦಈΛֶश͢Δख๏͕༻͍ΒΕΔɽֶश
ͷࡍʹɼෳ਺ͷΤʔδΣϯτ͕ࣗݾརӹͷΈΛ༏ઌ͢Δͱɼ
σουϩοΫ͕ൃੜ͢ΔλεΫͰ͸ΤʔδΣϯτಉ͕࢜ি
ಥ͠ɼֶशͷఀ଺΍ہॴղ΁ͷؕΓ͕͜ىΔɽຊڀݚͰ͸ɼ
MARLʹਂ૚ֶशΛಋೖ͢ΔࡍʹɼωοτϫʔΫΛ୯ҰϞ
σϧͱͯ͠ΤʔδΣϯτ͝ͱʹϒϥϯνΛ෼͚ͯಉֶ࣌श
͢Δख๏ΛఏҊ͢Δɽࣗಈӡసʹ͓͍ͯσουϩοΫ͕ൃ
ੜ͢Δڥ؀Λର৅ͱ͠ɼఏҊख๏ͷ༗ޮੑΛ֬ೝ͢Δɽ͞
ΒʹɼMask-Attention Λಋೖ͠ɼֶशʹΑͬͯ֫ಘߏػ
Խ͠ɼͲͷΑ͏ʹɼσοࢹΛՄڌಈʹ͓͚Δ൑அࠜߦͨ͠
υϩοΫΛճආͨ͠ͷ͔Λ֬ೝ͢Δɽ
2.Mask-Attention A3C

Mask Attention A3C(Mask A3C)[2]͸ɼਂ૚ڧԽֶश
ͷ୅දతͳख๏Ͱ͋Δ Asynchronous Advantage Actor-
Critic(A3C)[1]ʹAttentionߏػΛಋೖ͠ɼΤʔδΣϯτͷ
൑அࠜڌͷ֮ࢹతઆ໌ΛՄೳͱ͢Δख๏Ͱ͋ΔɽMaskA3C
͸ɼํࡦΛग़ྗ͢Δ Policy branchͱঢ়ଶՁ஋Λग़ྗ͢Δ
Value branch ͦΕͧΕʹ Mask-Attention Λಋೖ͢ߏػ
ΔɽMask-Attention ͸ɼதؒ૚ͷಛ௃Ϛοϓߏػ F (st)
ʹରͯ͠ɼΞςϯγϣϯϚοϓ M(st) Λ༻͍ͨϚεΫॲ
ཧΛߏػ͏ߦͰ͋ΓɼMask-Attention Λಋೖֶͯ͠ߏػ
श͢Δ͜ͱʹΑΓɼਪ࿦࣌ʹɼ൑அࠜڌͷ֮ࢹతઆ໌ͱͳ
ΔΞςϯγϣϯϚοϓ͕֫ಘͰ͖ΔɽΞςϯγϣϯϚοϓ
ΛՄࢹԽ͢Δ͜ͱʹΑΓɼωοτϫʔΫͷ஫ྖࢹҬ͕֬ೝ
Ͱ͖Δɽಛ௃Ϛοϓʹର͢ΔΞςϯγϣϯϚοϓΛ༻͍ͨ
ϚεΫॲཧΛࣜ (1)ʹࣔ͢ɽMask-Attention͸ɼFeature
extractor͔Βͷಛ௃Ϛοϓʹର͠ɼ1× 1×νϟωϧ਺ͷ
৞ΈࠐΈ૚ͱ sigmoidؔ਺ʹΑΓ֫ಘ͍ͯ͠Δɽ

F ′(st) = F (st) ·M(st) (1)

3.ఏҊख๏
ϚϧνΤʔδΣϯτڧԽֶशʹ͸ɼҟͳΔΤʔδΣϯτ

͕ͦΕͧΕͷࣗݾརӹΛٻΊͯ͠·͏͜ͱʹΑΔσουϩο
Ϋ໰୊͕͋Δɽಠཱͨ͠ωοτϫʔΫΛෳ਺༻ֶ͍ͯशΛ
ͳ͍͕ͨߏػ৔߹ɼଞΤʔδΣϯτͷֶशΛ൓ө͢Δ͏ߦ
ΊࣗݾͷֶशͷΈΛߦྀͨ͠ߟಈʹΑΓɼσουϩοΫͷ
ճආߦಈ֫ಘ͕஗Εͯ͠·͏ɽͦ͜Ͱɼ୯ҰωοτϫʔΫͰ
ΤʔδΣϯτ͝ͱʹ Actor-CriticΛϒϥϯν෼͚ͯ͠ಉ࣌
ʹֶशΛ͏ߦϚϧνϒϥϯνߏ଄ΛఏҊ͢Δɽ·ͨɼΤʔ

Conv.

M
axpool+Relu

Conv.

M
axpool+Relu

Conv.

M
axpool
+Relu

speed

curvature

Feature extractor

ConvLSTM

Conv.
Conv.

Sigm
oid

Conv.

Relu
Relu

FC
FC

!"#$%&

'(#)*

Actor-Critic

agent 1 value branch

Mask-Attention

ConvLSTM

Conv.
Conv.

Sigm
oid

Conv.

Relu
Relu

FC
FC

!"#$%&

'(#)*

Actor-Critic

agent 1 value branch

Mask-Attention

agent 1 policy branch

agent 1 policy branch

ਤ 1: Ϟσϧશମͷߏ଄

δΣϯτຖͷ Actor-CriticʹMask-AttentionߏػΛ૊Έ
తͳઆ໌ΛՄ֮ࢹର͢ΔʹࡦΉ͜ͱʹΑΓɼಘΒΕͨํࠐ
ೳͱ͢Δɽ

3.1.Ϛϧνϒϥϯνߏ଄
ఏҊख๏ͷωοτϫʔΫߏ଄Λਤ 1ʹࣔ͢ɽϚϧνϒϥ

ϯνߏ଄͸ɼFeature extractor Λڞ༗͠ɼߦಈΛܾఆ͢
Δ Actor-CirticΛΤʔδΣϯτ͝ͱʹϒϥϯν෼͚͢Δߏ
଄Ͱ͋Δɽ֤ Actor-Critic͸ಠཱ͓ͯ͠ΓɼͦΕͧΕׂΓ
౰ͯΒΕͨΤʔδΣϯτͷߦಈΛग़ྗ͢Δɽڥ؀಺ʹଘࡏ
͢ΔֶशΛ͏ߦΤʔδΣϯτͷ਺͚ͩ Actor-CirticΛ༻ҙ
͠ɼఏҊख๏Λ༻͍ͯશମͷ੍ޚɼֶशΛಉ࣌ʹ͏ߦɽఏ
Ҋख๏ͷωοτϫʔΫ͸ं྆෇ۙͷௗᛌը૾ɼ଎౓ͱۂ཰
Λೖྗͱ͢ΔɽఏҊख๏Λ༻͍Δ͜ͱͰɼෳ਺ͷࢹ఺Λߟ
ྀ͢Δ͜ͱ͕ՄೳͱͳΓɼϚϧνΤʔδΣϯτڥ؀ʹ͓͚
Δ૬खΛ࠷ྀͨ͠ߟదͳߦಈΛ֫ಘ͢Δ͜ͱ͕Ͱ͖ΔɽҎ
ԼʹఏҊख๏ͷֶशͷྲྀΕΛࣔ͢ɽ

1. ΤʔδΣϯτͷ਺͚ͩϒϥϯν෼͚ͨ͠ϞσϧΛ࡞੒

2. ֤ΤʔδΣϯτͷঢ়ଶΛରԠ͢Δϒϥϯν΁ೖྗ

3. ΤʔδΣϯτຖʹใुΛ஝ੵ

4. ΤʔδΣϯτ͝ͱʹଛࣦؔ਺Λࢉܭ

5. ରԠ͢Δϒϥϯνٴͼ৞ΈࠐΈ૚ʹࠩޡΛ఻೻

3.2.Mask-Attentionͷಋೖ
ఏҊख๏͸ɼਤ 1 ʹࣔ͢Α͏ʹɼΤʔδΣϯτ͝ͱͷ

Actor-Criticʹ Mask-AttentionߏػΛಋೖ͢ΔɽMask-
Attentionߏػ͸ɼதؒ૚ͷಛ௃Ϛοϓʹରͯ͠ɼAttention
Λ༻͍ͨϚεΫॲཧΛߏػ͏ߦͰ͋ΓɼֶशʹΑͬͯΞς
ϯγϣϯϚοϓ͕֫ಘՄೳͱͳΔɽΞςϯγϣϯϚοϓΛ
ՄࢹԽ͢Δ͜ͱʹΑΓɼΤʔδΣϯτͷ஫ྖࢹҬΛදࣔ͢
Δ͜ͱ͕Ͱ͖ΔɽຊڀݚͰ͸ɼΤʔδΣϯτͷߦಈʹର͢
Δ஫ྖࢹҬΛ֬ೝ͢ΔͨΊɼPolicyϒϥϯνͷΈʹMask-
AttentionߏػΛಋೖ͢Δɽ·ͨɼೖྗը૾ʹର͢Δۭ࣌ؒ
৘ใ͕ܽམ͠ͳ͍Α͏֤ Actor-Criticʹ͸ɼConvLSTM
Λ༻͍Δɽ
4.ධՁ࣮ݧ
σουϩοΫ͕ੜ͡Δ 4γʔϯΛର৅ʹͨ͠ධՁ࣮ݧΛ

ɽ͏ߦ

ڥ؀ݧ࣮.4.1
ຊڀݚͰ͸ɼࣗಈӡసڥ؀ʹ͓͍ͯɼσουϩοΫ͕ੜ

͡Δ 4γʔϯ (ਤ 2)Λର৅ͱ͢Δɽγʔϯ 1ɼ3ɼ4͸ද 1ɼ
γʔϯ 2 ͸ද 2 ʹࣔ͢ใुϧʔϧʹֶ͍ͯͮجशΛ͏ߦɽ
͢΂ͯͷڥ؀͸ɼ૸ߦϨʔϯΛਖ਼͘͠૸͠ߦɼଞंʹিಥ
͢ΔͱࣦഊͱͳΔڥ؀ͱͳ͍ͬͯΔɽ͢΂ͯͷڥ؀ʹ͓͍
ͯɼ੍͢ޚΔΤʔδΣϯτ਺Λ 2ͱ͢Δɽߦಈ͸଎౓૿ݮ
ܭ߹มԽͳ͠ͷ૊Έ߹ΘͤͰݮ཰૿ۂͼٴ 9 ௨ΓͰ͋Γɼ
େ଎౓͕࠷ 3m/sɼ࠷௿଎౓͕-1m/sɼ࠷େۂ཰͕ 0.25ɼ࠷
௿ۂ཰͕-0.25 ͱ͢Δɽ

ཁ֓ݧ࣮.4.2
֤γʔϯͷڥ؀ʹֶ͓͍ͯशΛੵྦྷ͍ߦใुͷൺֱΛߦ

͏ɽൺֱख๏͸ɼ௨ৗͷڧԽֶशͰ͋Δ A3CɼMARLʹ
͓͚Δैདྷख๏Ͱ͋ΔMADDPGɼఏҊख๏ͷܭ 3ͭͰ͋
ΔɽͦΕͧΕͷख๏͝ͱʹɼγʔϯ 1Ͱ͸ɼ2.0 × 107 ε
ςοϓɼγʔϯ 2 Ͱ͸ɼ2.0 × 107 εςοϓɼγʔϯ 3 Ͱ

ද 1: ใुϧʔϧ 1
ใु஋

ΰʔϧใु +10

தؒ஍఺ʹۙͮ͘ +2

িಥϖφϧςΟ -10

૸ߦκʔϯ཭୤ϖφϧςΟ -10

཭ʹΑΔϖφϧςΟڑؒं -3

ද 2: ใुϧʔϧ 2
ใु஋

ΰʔϧใु +10

ं྆ͷલਐ +0.5

ߦଆ௨ࠨ +1.5

িಥϖφϧςΟ -10

଎౓มԽʹΑΔϖφϧςΟ -0.5

཭ʹΑΔϖφϧςΟڑؒं -3



制御⾞両 その他⾞両 道路 障害物＆道路外 ゴール 中間地点

シーン4シーン3シーン2シーン1

ਤ 2: ֤γʔϯຖͷֶशڥ؀ɿยଆҰंઢͰɼݟ௨͠ͷѱ͍ಓ࿏ʹ࿏றं͕྆ఀं͍ͯ͠Δγʔϯ (γʔϯ 1)ɼ

૸ंߦઢʹো֐෺͕͋Γɼରं޲Λආ͚ͯ૸͢ߦΔγʔϯ (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: ޲ํߦԽ݁Ռɿ໼ҹ͸֤ं྆ͷਐࢹಈͷՄߦ

͸ɼ5.0× 106 εςοϓɼγʔϯ 4Ͱ͸ɼ5.0× 107 εςο
ϓֶशΛ͏ߦɽ͢΂ͯͷڥ؀ʹ͓͍ͯɼΤϐιʔυͷऴྃ
৚݅͸ΤʔδΣϯτ͕ಓ࿏֎ɼো֐෺ٴͼଞं྆ʹিಥ͠
ͨ৔߹ͱ 1.0× 105 εςοϓܦաͰऴྃͱ͢Δɽ

4.3.ྦྷੵใुʹΑΔൺֱ
֤γʔϯ 100ΤϐιʔυධՁΛͨͬߦ৔߹ͷฏੵྦྷۉใ

ुΛද 3ʹࣔ͢ɽද 3͔Βɼશͯͷγʔϯʹ͓͍ͯఏҊख
๏Λ༻͍ͨΤʔδΣϯτ͕࠷΋͍ߴใुΛಘΔ͜ͱ͕Ͱ͖
͓ͯΓɼA3CٴͼMADDPGͱ 300఺Ҏ্ͷείΞ͕ࠩ
͋Δɽ͜Ε͸ɼఏҊख๏ͷΈσουϩοΫΛճආ͢Δ͜ͱ
ͰɼใुΛ૿΍͢͜ͱʹ੒ޭ͍ͯ͠ΔͨΊྦྷੵใु͕େ͖
ͼMADDPGͰ͸ɼσοٴɼA3CʹٯΔɽ্͍ͯ͠޲͘
υϩοΫঢ়ଶΛճආͰ͖ͣɼہॴղ΁ؕͬͯ͠·͍ͬͯΔ
ͨΊ (ྦྷੵ)ใु͕௿Լ͍ͯ͠Δɽ͜ΕΒͷ͜ͱ͔ΒఏҊख
๏ͷ༗ޮੑ͕֬ೝͰ͖Δɽ

4.4.ఏҊख๏ͷϞσϧΛ༻͍ͨఆੑతධՁ
γʔϯ 1ʹ͓͚ΔσουϩοΫൃੜ࣌ͷΤʔδΣϯτͷ

ಈͱΤʔδΣϯτ͝ͱͷΞςϯγϣϯϚοϓΛਤߦ 3ɼ4
ʹࣔ͢ɽ͜͜Ͱ੺ं͕྆ΤʔδΣϯτ 1Ͱ͋Γɼ੨ं͕྆
ΤʔδΣϯτ 2Ͱ͋Δɽਤ 3͔ΒɼΤʔδΣϯτ 2͕ t+1
͔Β t+3 ·Ͱ଴͠ػɼΤʔδΣϯτ 1 ͕௨Γա͗Δͱಈ
͖ग़͍ͯ͠Δɽ͜ΕΑΓɼσουϩοΫΛճආ͢ΔͨΊʹ
ΤʔδΣϯτ 2͸ΤʔδΣϯτ 1͕௨Γա͗ΔͷΛ଴ͭͱ
͍͏૬खΛྀͯ͠ߟσουϩοΫΛճආ͢ΔߦಈΛ֫ಘͰ
͖͍ͯΔͱ͑ߟΒΕΔɽ·ͨɼਤ 4͔ΒɼσουϩοΫ͕
ൃੜͨ͠৔໘ʹ͓͍ͯɼΤʔδΣϯτ 1͸पғͷಓͱઌͷ
ಓΛ஫͠ࢹɼΤʔδΣϯτ 2͸ɼࣗ਎ͱଞं྆Λ஫ͯ͠ࢹ

ਤ 4: ΞςϯγϣϯϚοϓͷՄࢹԽ݁Ռ

͍Δ͜ͱ͕֬ೝͰ͖Δɽ͜ͷ͜ͱ͔ΒɼΤʔδΣϯτ 1͸
૬खΛؾʹͤͣɼઌʹಓΛਐΉΤʔδΣϯτͰ͋ΓɼΤʔ
δΣϯτ 2͸૬खͱࣗ෼Λ஫͠ࢹɼ҆શӡస͢ΔΤʔδΣ
ϯτͰ͋Δͱ͑ߟΒΕΔɽ͜ΕΒͷ͜ͱ͔ΒɼఏҊख๏Λ
༻͍Δ͜ͱͰɼσουϩοΫ͕ൃੜͨ͠৔߹ɼ૬खΛྀߟ
ͯ͠σουϩοΫʹΑΔিಥΛճආ͢ΔΤʔδΣϯτΛ֫
ಘ͢Δ͜ͱ͕ՄೳͱͳΔɽ·ͨɼMARLʹ͓͍ͯɼ૬खͱ
ҟͳΔࢹ఺Λ࣋ͪɼҟͳΔߦಈΛ͜͏ߦͱͰɼσουϩο
Ϋ໰୊Λղܾ͍ͯ͠Δͱ͍͏͜ͱ͕֬ೝͰ͖ͨɽ
5.͓ΘΓʹ
ຊڀݚͰ͸ɼଞΤʔδΣϯτͷֶशΛྀ͢ߟΔϚϧν

ΤʔδΣϯτڧԽֶशͷख๏Λ༻͍Δ͜ͱͰɼσουϩο
Ϋ͕ൃੜ͢Δڥ؀ʹ͓͚Δ໰୊Λղܾͨ͠ɽࣗಈӡసʹ͓
͍ͯσουϩοΫ͕ൃੜ͢Δڥ؀ͰఏҊख๏ͷ༗ޮੑΛࣔ
ͨ͠ɽ·ͨɼMask-Attention Λ༻͍ͯΤʔδΣϯτຖͷ
σουϩοΫΛճྀͯ͠ߟΛ֬ೝͨ͠ͱ͜Ζɼ૬खΛࡦํ
ආ͢ΔߦಈΛ֫ಘ͍ͯ͠Δ͜ͱ΋֬ೝͰ͖ͨɽޙࠓͷ༧ఆ
ͱͯ͠͸ɼΑΓଟ༷ͳڥ؀ʹ͓͚Δ࠷దͳߦಈͷ֫ಘ΍ɼ
ΑΓ૬खΛྀ͠ߟɼڠௐߦಈΛ͏ߦϞσϧͷ࣮ݱͳͲ͕ڍ
͛ΒΕΔɽ
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