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End-to-End Object Detection with Transformers
N Carion et al., ECCV, 2020
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Background
J DETR (DEtection with TRansformers)

¥ Transformer2} 0|2 043 (Bipartite-matching) 2|¥2| ME& detection 3£
+  Object detectionF direct set-prediction®| M= H20HH, end-to-end 2 ¥ = A geometric prior?} Ba 81X 4&E
(RPN, NMS2} 22 hand-crafted HIX|LI02I0] B §1F)

v PEHOR IFEEHE CHE taskl EE0| & 1 (e.g. panoptic segmentation), HEIM HFLIEH Sl HYY Y28
o8& mat 2 EX| Bxof CisiM Faster R-CHNOJ H|SH B 2 WE& 2013
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Architecture
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Architecture
J Decoder: Object Queries
*  Object querye 2 HEE B2 #Ft 22(slot)2= A48 - 20,
v Decoder?| @ Encoder- dn._ccer attention=

@ Self-attentionS B8 XHAIE o) HEHE 02 M| SLERSH £ o] UCHY O

S 00IZ[=] oE BE = F22 EH0FE X (AP 0= #X|0f S B0 =8 ),
12 E FHE + UE X8 et o

2§ AR (Object Queries)

SEX= (0)o|x])
AR

Enc-dec attention

= &
HE0| ol@o 2lE 210|C
Transforme
Encoder
>
= ; * f
Self attention
= L{2t 0j0] U= HiE
CHE 2§ Zhopee) ‘ﬁ

It turns out experimentally that it will tend to reuse 3 given siot fo predict objects in 2 given area of the image
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Training Process
J Bipartite Matching (feat. Hungarian Algorithm)

¥ Dbject queryOiCh 0= ¢ FH2E(D Class B2, @ 2 )2 ground truth set 2F Hungarian algorithm 2|4 0§ %
¢ 0] o ojAl2| 7| E2 2 pair-wise matching cost®l Lo, § HEBO0, £, § £4515H EE 0| (58 &8
¥ O] Anchore] H| 2 ghaln) LAKSHLE anchor= S8 ground truth object2le| S8 o &8 S| 861 g
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Experiments
J DETR vs Fastfr R=CNN

«  Faster RCNNZI2| Z|CHst E2| 22l B @ 2(8H, 7|22 2] Faster RCNN 230 of2fiet 22

@ Bounding box loss function®l o-10U Loss& 53}
@ DETR %g A2 =T crop augmentations 32}
@ Ci% 3! training schedule(x3)& 0| 85104 &5

¥ 32|71 2 S0 CHslA = Faster RCNN Cid| 2 458 §aRe L 377t 2 S disiM = =2

* -DC5: Dilated Convolution &2 <» Higher Resolution

Model GFLOPS/FPS #params AP APso AP:: APz APy APL
Faster RCNN-DC5 320/16 166M 390 605 423 21.4 43.5 525
Faster RCNN-FPN 180,26 42M 402 GL.D 43.3 24.2 43.5 520
Faster RCNN-R101-FPN 246,20 60M 42,0 625 459 252 456 54.6
Faster RCNN-DC5+ 320/16 166M  41.1 614 44.3 229 459 55.0
Faster RONN-FPN+ 180,26 42M 420 621 45.5 266 45.4 53.4
Faster RONN-R101-FPN+  246/20 6oM [IT0)63.9 47.8[27.2)45.1
DETR 86,28 AIM 420 624 44.2 205 458 61.1
DETR-DCS 18712 41M 433 63.1 45.9 225 47.3 61.1
DETR-R101 152/20 GOM 435 GI8 46.4 219 48.0 618
DETR-DC5-R101 253/10 60M  [a4.9)64.7 47.7 [237 49.5623]
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DETR for Panoptic Segmentation
J What is Panoptic Segmentation?
¥ Panoptic segmentation® @ 0]0|X] L{S] R& T & AHHo| HEE class2 B/ S5M= semantic segmentation},

@ S class LiME M2 ChE AR 7 #3E instance segmentation TE 7i'd
¥ Faster R-CNNH| mask head& Ci#f Mask R-CHN 3£ & 1 &%%20|, "DETRE] decoder HEHE M mask head & £715104
segmentation task?px| E5E 5 ICH”

{b) semantic segmentation

(c) instance segmentation (d) panoptic segmentation

* Panoptic Segmentation, A Kirillov et al, 2018
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