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Faster R-CNN

* Fast R-CNN

* Feature Extraction, Rol Pooling, Classification, Regression T4 S End-to-End2 FOIA &8 9= pdl
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softmax regressor
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layer FCs
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featu e map VeCtor For each Rol
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Conv feature map .

FC Layer
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* Training
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* Backbone
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* Bipartite Matching
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* Bipartite Matching
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* GloU Loss

* loU Loss= 0|28+ Predicted Bounding Box7t W2l 3l= AL#tA] nedsta = &
- c\(AuB)=E Ao FAof| ] gl et T2 M G

C - - - ‘
Algorithm 1: Generalized Intersection over Union
c input : Two arbitrary convex shapes: A, B C S € R"
output: G'lol’
F 1 For Aand B, find the smallest enclosing convex object C,
where C C S e R"
((}D "‘éfj()} Tol/ |An B|
— 2 Toll =
(M = =AU B|
. ~|C\(AuU B)|
loU=0 loU=0 3 Glol ToU — cl
GloU =0 GloU=-0.7

Loy = 1- loU (0~1)
Laiou = 1- GloU (-1~1)
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* Hungarian Loss

* Bipartite Matching =5 0h= 22HE, 44 AATE T W= Lypgarans AHES
* Laten2t 7 AFEE 23] T
* Box Losset 7S #5 2 A oS HEA LogtermE AHE

set of box predictions bipartite matching loss

N
Luungarian (Y, 9) Z [_ 10gpa(i) i) + n{t:,#@}ﬁl;ux(bbb&(i))]

i=1
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* DETR Video (ECCV 2020, Nicolas Carion)

Convolutional
neural
network
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Experiments

* Results

* Faster RCNN®] ¥ O #o]EE BN} v n g
. ’35 EA o el = d 50l DY (Backbonel] DFA L LayerS AFE > Y] Fy 44 » 22 SAof tfftdy 44

A0l 3 = d50] 7+ (AttentionS AHE > Ao 57 niot > 2 240l et EF = 2 A E)
Model GFLOPS/FPS #params AP APso AP75 APs APy APL
RetinaNet 205/18 38M 387 58.0 41.5|23.3 [42.3|50.3
Faster RCNN-DC5 320/16 166M  39.0 60.5 42.3|21.4 [43.5]52.5
Faster RCNN-FPN 180/26 42M 40.2 61.0 43.8(24.2 |[43.5(52.0
Faster RCNN-R101-FPN 246/20 60M  42.0 62.5 45.9|25.2 |45.6 |54.6
RetinaNet+ 205/18 38M  41.1 60.4 43.7|25.6 |[44.8 |53.6
Faster RCNN-DC5+ 320/16 166M  41.1 61.4 44.3]22.9 [45.9]55.0
Faster RCNN-FPN+ 180/26 42M  42.0 62.1 45.5(26.6 |45.4 |53.4
Faster RCNN-R101-FPN+ 246/20 60M  44.0 63.9 47.8|27.2[48.1|56.0
DETR 86/28 41IM 42.0 62.4 44.2]20.5 |[45.8|61.1
DETR-DC5 187/12 41IM  43.3 63.1 45.9(22.5 [47.3|61.1
DETR-R101 152/20 60M  43.5 63.8 46.4[21.9 [48.0 [61.8
DETR-DC5-R101 253/10 60M  44.9 64.7 47.7]23.7 49.5|62.3
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* Encoder Attention
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* Encoder?] D}Z| T} Layer0l A Self Attention MapE S Al 2ttt O %
*+ Object52 A &3] 2elsts A2 AT £ 0US

* Encoder: A| 2 C}2 ObjectE 7 2& 2 24 DetectionS 20|35t t= 9

sel.attention(430, 600) self-attention(450, 830)

self-attention(520, 450) S 4 . self-attention(440, 1200)
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* Decoder Attention
* Decoder®] D}Z] 3} Layer0ll A Cross Attention MapE= Al Ztzbet 1H
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* The Qthers
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