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Al(relationship) & FAdMN = 24 &
A2 AHdES xSt H R Az
7] %9 ey gEo, R
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A= ko ooy, dAd/MYe A
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(material) 53 #2 ZF EAE9 Yt SAES ow g4 W "eE =As34 BAE
(left/right, front/behind)®}, 0¥ x| A2l A
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S Al Fdste §A 2] Ao dis] Aw So] EATE TR JIES Zolg= d9 Ak
star, harR wlxmb= o]y H3<¢l CLEVR EYARPN)Z FAEY £ =P A= ImageNet
v10[M4]E o] &3 ©x mdo Ae A4 Ad A3 LSVRC, PASCAL VOC & Wit& Az} <12 A
2 27| sk} A oA EA shgs fs dy ol&Ho
VGG16 &4 A% (Convolutional Neural
2. =X &4 ¥ 32 A EX 2HE Network, CNN)& 574 38t5 UWEHA(FLN)Z A
21 29 7R gttt 18a 94 At UESARPN)AA = &
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ODN)ell A= AlQtdl 7zt FH g9 ko] A& 4 st Refy AviE 24" % BA 94 U ES=A
Halya 9% ARE @AY, 4 &4 AH (Object Detection Network, ODN)e] &=t} =
Ul E 9] A (Attribute  Detection Network, ADN)el 4] A FA MEYAZ(ODN)IA = 28 F1 g el o]
= 7 FH Qg9 ke EATF HAE A, AE, A I Qbell 2FH Q= BAE AEHsy F o 4%
7], B¥ 5o SA4Es FAMIY. A TR & g v 9 B2 (bounding box)e] $1x¢F AV|E F
7 #A ZA A EYES Z(Relationship Detection At olE 3 = ©A UEHYA(ODN)>
Network, RDN)dA &= FH 49 & AA7](ROI (139 49 Zo] ZA A wed v FHS
pairing) & AAH WEF 3§ el EAE ] 7] A8 4z 9d 972 Z=(fully connected layer)¥}
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wet  FH=3 =(left/right), A%z ZFw
(front/behind) &2 &3 #AE FHs| A},

00 =X =X Y ELI
A £4 2 e B4 94 Bl Aty &
A "A, &4 g, B @A FAe] gEHow
o] &HE HAHoTAN (¥ 33} o] gy JAo
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Softmax &< F& W, vhed € x| ek 27 oj| EA o] 7Hd F dE 54 o #A7 jlS
ol 4x91 d4 WMH (x, y, width, height)E F74 3} Agole ol HtEE wWAlx IS E3 X
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precision -

relationship detection
Left/Right 0.50
Front/Behind 0.48

e =06

<E 2>9 A AxE Ayrd #H$(left/right) &
A ¢t A3 (front/behind) B Ao €A AF& =7} zHzt
50%, 48% = Hlu A =A UEIES & 5 At} 9]
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Recall
data Recall@50 Recall@75 | Recall@100
Train data 0.38 042 0.44
Validation data 0.38 042 0.45
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