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DETR: End-to—End Object Detection with Transformers

Facebook Al

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier,  r------------ v et et e e et Ao

. N ) ackbone || encoder decoder it prediction heads | m—
Alexander Kirillov, and Sergey Zagoruyko, “End-to-End Object | sot ofimage featurest i | me—
Detection with Transformers,” ECCV 2020.
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object queries

Facebook Al Blog : https://ai.facebook.com/blog/end-to-end-object-
detection-with-transformers/

Official Code : https://github.com/facebookresearch/detr
Author’s Youtube : https://youtu.be/utxbUlo9CyY

(23 A=)

PR-284: End-to-End Object Detection with Transformers(DETR), Jin Won Lee
https://velog.io/@sjinu/=& 2| FEnd-to-End-Object-Detection-with-Transformers
https://keyoqg.tistory.com/32

12{Ciet DSBA DETR : http://dsba.korea.ac.kr/seminar/?mod=document&uid=1784

22



. —t0— i : : 23 At=] 12{tiety DSBADETR :
DETR: End-to-End Object Detection with Transformers http://dsba.korea.ac.kr/seminar/?mod=document&uid=1784

Object Detection

« Z0{ZI O|O|X|0]| CHSt O[ollE HIZCZ =Xil(object)S B X|ot 2, ollF =X|2| SHALL /X|Z K| =0l= task

« YOLOR fEE|= 1-stage detector?t Faster R-CNNC Z [ Hk|= 2-stage detectorZ2 3| Lt= 4= /U2 H, 0|F2| X}0|=
detector Q=0 S X|H S FXM5= RPN(Region=Proposal=Network) Zx ({5

- QHIMOZ 1-stage detector= F2 £ T 7} @2t real-time=task0l| =2 AI2E|= HHH, Mt Z00j|A 2-stage=detector0i|
Hlolf Cta FHEHOE

Building

0 982

m\ |

hal 085
I-'- .-%‘-.' e

How to Run Object Detection YOLOX on PyTorch with Docker on NVIDIA® Faster R-CNN
Jetson™ Modules?

https://www.forecr.io/blogs/ai-algorithms/how-to-run-object-detection-yolox-on- 73
pytorch-with-docker-on-nvidia%C2%AE-jetson%E2%84%A2-modules
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DETR: End-to—End Object Detection with Transformers

Object Detection Milestones

FSAF
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CornerNet FCOS SAPD
~ Anchor / /. / .
Free 2018 2019 2020 2021
VJ Det HOG Det DPM
/ / / +AlexNet SSD Retina Net YOLOVS
—— YoLovi / yorLov2 / yoLovs YOLO\M/
2001 2006 2008 2012
r One-stage L L / &
2016 2017 2018 2019 2020 2021
_ gnchgr - SPPNet Faster RCNN FPN Librs RCNN
ase RCNN / Fast RCNN Mask RCNN/CascadeRCNN Grid RCNN
Traditional Detection Methods - Two-stage [ =

2014 2015 2016 2017 2018 2019 2021

Deep Learning based Detection Methods
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DETR: End-to—End Object Detection with Transformers

Abstract

Present a new method that views object detection as a direct set
prediction problem.

Our approach streamlines the detection pipeline, effectively
removing the need for many hand-designed components like a
NMS(non-maximum suppression) procedure or anchor generation
that explicitly encode our prior knowledge about the task.

The main ingredients of DEtection TRansformer or DETR, are a set-
based global loss that forces “unique predictions” via bipartite
matching, and a transformer encoder-decoder architecture.

Given a fixed small set of learned object queries, DETR reasons
about the relations of the objects and the global image context to
directly output the final set of predictions in parallel.

The new model is conceptually simple and does not require a
specialized library, unlike many other modern detectors.

DETR demonstrates accuracy and run-time performance on par with
the well-established and highly-optimized Faster RCNN baseline
on the challenging COCO object detection dataset. Moreover, DETR
can be easily generalized to produce panoptic segmentation in a
unified manner.

2% Xt=] PR-284: End-to-End Object Detection with Transformers(DETR), Jin

Won Lee

DETR®| AI5{Ql Ojol=

Transformer?} O|2 OiF(Bipartite-matching) 7|8t \l22
detection /1

Object detection task”7} "EZ&ist 210|H 2| E Z|A St ot 1,

Classification X{& 7HHSHA| SioiAH0F SO = 24,

v’ 7|&9| Faster R-CNN, YOLOR} Z2 MEZXQI object detection
HE2 NMS S = E2 proposalsE Fei= IES X0 oHA|
OF 2 A7t HIOt6t= 222 Transformer encoder-decoder2t
Bipartite matching2 0|23l Uniquedt BISE3 3llol=, OfF ZtH
3 X2 0|201H IS

Inference code= 50& W22 #2 ZEZ O|F0{ M UCt Hxet

tic

ZRXOR 7HABIE CI2 taskol EH4I0] &1 (e.g. panopt
segmentation), Attention H|ZL|Z0]| 2|5 MHX MHE 0|50 O}
2t 2 X ©X|0) CisHA Faster R-CNNOf| H|3H O =2 M58 H0S

ol

NMS (Non-maximum suppression) : NMS= otLte| ZHH|0f| Z==
prediction= X|7{gt.

Panoptic segmentation : YHIX0| A|MHE| segmentation2 classE 2
segmentation2 StA| E|=0|, panoptic segmentation2 class2
segmentation0j|A{ & LIOt7t QIAEAHZ segmentation of= A
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DETR: End-to—End Object Detection with Transformers [y ,_ee] : (PETR)

Object Detection Classical Approach to Detection

« Predict a set of bounding boxes with labels, given an image Popular approach: detection := classification of boxes

sebil oS : (“surfooard”, bbox,)) * Requires selecting a subset of candidate boxes

Regression step to refine the predictions

Typically non differentiable

« ¢ BEEC 452 Al AXI= ISSS PostprocessingstZiLt, anchor

« Goal of Object detection= 24! = 2 object0]| CH3H a set of = . 1A Hl > , aneno
bounding boxes & category labels2 0|Z5H= Z{0|C}. 3iX} e setS C|AIQIGH7 LY, heuristicsStA| target boxesE anchor0f &35t=
detectorS2 0|2{3t set prediction problemS 7Hx 02 Ct2C}. H|(Bridging the gap between anchor-based and anchor-free detection

via adaptive training sample selection(2019))0| 3 H| 2|&¢tC}.

« 22| e 22 WS 7tA 8t o17| 2loiA surrogate taskE SHX| =
direct set prediction2 $85t= Y= H|QtSHC}, 0| end-to-end &st2
7|1A HHO|LL CHat Q1AM 22 dFo| S X8t 0= EfAF 0|2
XIEZ 0|BAX|Dt, O object detectionOfl= USULCE. 7|=O| A|EEL AN
X|Alo| THE JEfE F7tot7{LE(End-to-end people detection in crowded
scenes, Learning non-maximum suppression ), 243 Q= M52
HOFX| Tt & AF0[AM = 0| Gap= Z0| X} oL 26

v O£ =%, surrogate regressionl} classification problem2 4 &}
2 proposals (Faster R-CNN(2015), Cascade R-CNN(2019)),
anchors (Focal loss for dense object detection(2017)), E=
window centers (Objects as points(2019), Fully convolutional one-
stage object detection(2019))=S 5 2| gtC}.
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DETR in a nutshell Reframing the Task of Object Detection
* Direct set prediction formulation * DETR casts the object detection task as an image to set problem
* No geometric priors(NMS, anchors, ...) * Given an image, the model must predict an unordered set of all the

objects present , each represented by its class , along with a tight
bounding box surrounding each one.

Fully differentiable

. titi rfi
Competitive performance » This formulation is particularly suitable for Transformers

» Extensible to other tasks

) NMS T el o XHIY; sequence predictiondj A0|= SEHSGH
st 1MH 2 'direct set prediction problem'@ 2 CHEL} End-to-End =ul= Set 22 S ot transformer°| encoder-
|2k Ol= decoder 11X £ ZEHSISIC}. transform?) self-
Attention S5t attention mechanism(sequence Li elements
O|O|X|&ZHA| O|5H = AM0|2| B E pairwise ASXE22 DEZI5H= Of

HL|IE)2 0] &7t removing duplicate
prediction} Z2 set prediction?| X|2f2 £73|

transformer Ch27] €A ¢ 501 FAL
encoder-
decoder S, DETR 222 ot Hoj| 2= objectE 0=

- T N 617| {ldll, 0= object?t ground-truth object ALO|
set of image features set of box predictions bipartite matching loss 9| YAt O E(bipartite matching) S +=2iol=
a set loss function(02{ 72 £3H end-to-end
2 st&5EIC}. £75|, spatial anchor(?)Lt non-

Fig.1: DETR directly predicts (in parallel) the final set of detections by combining maximal suppression} Z+2 AtRX[AIS 017
a common CNN with a transformer architecture. During training, bipartite matching oliOf ot= O =Xt 9_4\_%2 HZIOZ N
uniquely assigns predictions with ground truth boxes. Prediction with no match should detection plpellne ZEAGHA| UL

yield a “no object” (@) class prediction. 27
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DETR: End-to—End Object Detection with Transformers [y ,_ee] : (PETR)

DETR’s feature compared to most work on direct set prediction

» Main features of DETR are the conjunction of 1) the bipartite o MWt ok R E=D|, Faster R-CNN2 A|l&0HA B2 +EHZ 23U 7|
matching loss and 2) transformers with (non-autoregressive) MZ0l, == Y7t GALC ES0| &5| E0HE HEIRIS0 = =06t 2
parallel decoding (BERT(2019), Parallel wavenet(2017), Mask- 2/ DETR 2 &2 119t H|ot M52 HRULCH(on COCO dataset). I Het
predict(2019) £ 7|AHY H1E) 6|=, DETR2 (00O} Transformer2| non-local computations I{=Z0])

) ] large object0]| st H=0] £2LY, small objects0f| st M52 12| £X|

. EH-‘?'-—E_— detection method&S1}= CI24|, DETRZ customized Iayer%_%' OIOICH ©al= 0|21 2X|7} Faster R-CNNOj| H25 FPNO| Juta} Z+2 st
Q= ofX| fCH, m2tA 7[2XQl CNNO|L} transformer classesE E&t AlOZ JIME £ 912 743} al=C}.

5t 0] 3t frameworkOf| A= reproduceE 4= QIL}.
* Training Settings2 7|Z2| object detectorg1t= 02| 20| A CI2LC

« 7|&9| (visual &2 £20}9]) direct set prediction H7=2 RNNZ Saff MES Due =750 7| 8t& AHES Q2 3HH, transformerd| Q!
autoregressive decoding0ll 3¥& FUCt 22| 2R matching loss = HXX09I decoding loss St AF5H0} 5iC}.
function2 ground truth object?| ‘Unique 0|S'2 SZs5t2 2 OIS H
objectS2| permutation(2A], £)0ll= HEIX| 7| IR0f, HEXo2 + DETRE| Design Ethos2 &/ L2 =&t Tasks2k 2 4= AULCL 2
autoregressive decoding taskE A& 4= ULt A0 A= pre-trained DETRZ| top= 7|HIO 2 Sk&E simple

segmentation head”} Panoptic Segmentation(Z|Z20 REME 22 ¢
2] 2 pixel-level recognition task)H|A ZAME Q= DEIZ Ms A QERCE
= A= 20 E AO|C}.
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Transformers Object Detection

» Transformers are a deep learning architecture that has gained » Z|Z object detection O = = 2-stage detector| AL proposal2 Of
popularity in recent years. 25t11, 1-stage detector?| AL AnchorZ 0|2517{Lt gridE Sal| object

» They rely on a simple yet powerful mechanism called attention, which ol SuE Rt
enables Al models to selectively focus on certain parts of their input « |2 A& 20 M= anchor®t anchor-freel| AXIE Aot =22 Lot
and thus reason more effectively CHO|M = 1-stage detector= %X Z objectE 3t01d If, anchor E&=

grid0|8 0| 3A Eotttn SHFCL. DETR2 012 283 HAHs|,

» Transformers have been widely applied on problems with sequential . ot
anchor Ci10]| input O[0|X[0{A X2l boxE GS3tCt.

data, and have also been extended to tasks as diverse as speech
recognition symbolic mathematics , and reinforcement learning.

» But, perhaps surprisingly, computer vision has not yet been sweptup > Set-based loss

by the Transformer revolution . 29 detector= bipartite loss= AFZ5HX|2t, 0|42 convolution 0|L}
fully-connected layer 2| A|Z CIZ prediction2| HHS HEH(HEH0|
2t HE|= 0|R= k-meansZ 2 2 &8t MO Z anchor sizeE 2¥ 44
57| H2)2] NMS post-processing2 M's S A|Z 20|20 SiCt.

+ direct set lossesZ AF25IH, [ 0|4 NMS1}A0| ZQQICtT SiCt. =29

XA=0| prior 2 E £0|= WS H=32 22| detectors2 OHE
proposal boxE £XHO 2 FII5t 10 QUCHT St}

29
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DETR: End-to—End Object Detection with Transformers [y ,_ee] J (PETR)

Streamlined Detection Pipeline
» Traditional two-stage detection systems, such as Faster

Region Proposal Network R-CNN
o » Predict object bounding boxes by filtering over a large
R-CNN Upits Bierne Detection-specific number of coarse candidate regions, which are generally
200,000 deduplicate comRonsils a function of the CNN features.
coarse . . . . .
proposals + Each selected region is used in a refinement step, which
involves cropping the CNN features in the location
defined by the region, classifying each region
CNN Crop Classify Deduplicate Predicted independently, and refining its location.
features (RolAlign) and refine proposals boxes and . . . . .
M L coarse proposals —> [P * Finally, a non-maximum suppression step is applied to
proposals remove duplicate boxes.
» DETR
DETR CNN Eo— o » Simplifies the detgctlon pipeline by leveraging a standard
features transformer boxes and Transformer architecture to perform the (potentially non-

mmd cencoder-decoder md classes

differentiable) operations that are traditionally specific to
object detection.

» Faster R-CNN2 RPN(Region Proposal Network)Zt NMS(Non-Maximum Suppression)2 AN Z|5X
Ol SH QIX|E GI=6t &, siY X|HS0| CHaH CrA| 8HH detections 4=3lid= 2ESt pipelines 7HX|11 QU
- DETRE 0|0|X|0f] 2t5t0] 2174 %0|11 HfZQl(absolute) YAIO 2 box setZ 0| S&OZM NMS2t 22
hand-crafted 24 S AIZ6HX| 820t end-to-end £+ E 15 += U -

|2
=
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DETR: End-to—End Object Detection with Transformers [N :

DETR

Two ingredients are essential for direct set predictions in detection: )
Convolutional Set of Transformer

neural — image e encoder-
network features decoder

_ J
— —

(1) a set prediction loss that forces unique matching between
predicted and ground truth boxes

(2) an architecture that predicts (in a single pass) a set of objects and
models their relation

Set of box
predictions

No object {0}

Bipartite matching loss

Fig. 1. DETR directly predicts (in parallel) the final set of detections by
combining a common CNN with a Transformer architecture.

During training, bipartite matching uniquely assigns predictions with
ground truth boxes. Predictions with no match should yield a “no object
class prediction.
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Object Detection Set Prediction Loss

 DETR infers a fixed size set of N predictions in a single pass
through the decoder, where N is set to be significantly large than
the typical number of objects in an image.

v One of the main difficulties of training is to score predicted objects
(class, position, size) with respect to the ground truth.

v Our loss produces an optimal bipartite matching between
predicted and ground truth objects, and then optimize object-
specific (bounding box) losses.

« Let us denote by y the ground truth set of objects, and y = {9}, the
set of N predictions.

» y also as a set of size N padded with @ (no object)
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DETR: End-to-End Ob]eCt Detection with Transformers http://dsba.korea.ac.kr/'seminar/?mod=document&uid=1784

1) Bipartite matching cost (feat. Hungarian Algorithm)

- Direct set prediction0iA Q35 £ 7IX| QA=
@ 0| =1} Ground truth AtO|0f| Z20| = 1:1 I§ES 7Hs7| SO} 51O,
@ BtHO| E20|M object set2 0| =511 IE9| ZHAHE R & 4 Q10{0F SICt,
|

+ 0|2 OtEA|7|= object detectorE 5t5A|7|7| 26 DETRE Hungarian $12|58 &
25 0|2 {22 Sl lossZS MO

Bipartite matching

A B i D A

* QAX|L|Of A~D7} 1~42] US St HOLOf BICt. Of2Y & A

ﬁ%% %7“?_"9%%[[”01[ g‘ |‘O| |.§ _;:c_lﬁodjl_r) 1 12 13 1 8 B
2 6 6 15 7

o C
3 16 5 15 12

. D

4 2 3 12 16
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DETR: End-to-End ObIGCt Detection with Transformers http://dsba.korea.ac.kr/'seminar/?mod=document&uid=1784

1) Bipartite matching cost (feat. Hungarian Algorithm)

« Object queryDICt S = Zut=((D Class 85, @ Box )1} ground truth set 2t Hungarian algorithm 7|2t O§&! 434
« O] i O§EIC| 7|Z=O & pair-wise matching costQl £, .icn S EE6HH, LaccnS A SO 2HO| £Y(6)E 312
« O|= Anchor?| H| W gfAlu Q@ ALSELE, anchore= SISt ground truth object?te] 52 0|=2 5{25t= HiH

DETR2 set prediction} ground truth 7+ LY OfE #3U5HH S== Hi Al

[ - o - - - - - -y

r . -
! decoder ! prediction heads |
1 :| :
I |
i (—\n‘\‘ FFN > C:i)s:v i
I -
I no ]
| transformer || FPN ™ object i
I
! decoder i\ e | c:f;s’ !
: ! = |

I
TR AR
' object queries : ! :

N
o= arg min E Ematch(yi- l}cr(z))
cESN
L"match(yi: ya(z)) = _]l{(:ﬁéﬁ}ﬁa(i) (C-i) +1 {(:z-yéﬁ}ﬁbox(bi: b(r(z))

Class 0|= Cost Box Z}H 0j|= Cost 34



DETR: End-to—End Object Detection with Transformers

1) Bipartite matching cost

» To find a bipartite matching between these two sets, we search for a
permutation of N elements, o € Gy with the lowest cost
N
o= arg min L na lel:_.’,//- .":J\[U\t :} 9 1
g mi Z st DN C)

v' Each Element i of ground truth set, v, = (¢, b,), where ¢; is the
target class label (which may be @) and b; = [0,1]* is a vector
that defines ground truth box center coordinates and its height
and width relative to the image size.

* Loacen = i Yoqy) is @ pair-wise matching cost between ground
truth y; and a prediction y,;, with index o (i) and this optimal
assignment is computed efficiently with Hungarian algorithm.

*  Lnatcn takes into account both the class prediction and the
similarity of predicted and ground truth boxes

Lmatch(yijya'(i)) = -1 {Ci_?‘—'@}ﬁd(i) + H{Cﬁt@}Lbox(biJ Bd(f))

 For the prediction with index o (i), s (c;) is a probability of class
¢; and b, (;) is the predicted box.

8% Xt=] PR-284: End-to-End Object Detection with Transformers(DETR), Jin
Won Lee

+  O[87 matchings &= 242 A4 modern detector?!
proposal(RPN)O|L} anchors(FPN)ZE ground truth objects0i| Of
2l5t= heuristic assignment rulest 22 Hat3 oLt CHE HE,
duplicates?} Si= direct set prediction=2 ¢/t 1-1 O0{Z!2 3t0t0f
otCh= Z0]C}.

o] 4

© ot QATINQALS &+ Eotkl= AS 0|2 iiE R

=M, cost?} 71 A =Lt

« ground truthOil NQ| 3 7|7} & £ A @(no object)7t F7tk| 17,
transformer?| decoder?t 0{|Z35t= Z4A|2| class?t ground truth
ZiA|off &2 M, lossZt KLOFEICE,

mjo

Sofl

plad

« L2 detector?} Lt2 /| 2| = prediction0| LI X| =L},

*  Object2t @ AIO|2] matching cost= prediction0f| 2|Z6tX| &=Lt
%, 0] ZL0j|A| cost= 284=0|Ct. Matching cost0i| log-
probabilities CH&l =& py;)(c;)E AHE . 0]= class prediction
term= Ly, (-) 2t 3ot THE0 ELHES ).

« 0| & Hungarian loss(0|2 J2iZ0A 2= MH0| LSt potential
9| St0|Ct) 2 P& A2 DjZI6HH, linear combination of a
negative log-likelihood £ Sdl class?} box2| lossE 2| otLCt.

S [0
(= HO|X]) .



DETR: End-to—End Object Detection with Transformers

2) Loss Function — Hungarian Loss

» Compute the loss function, the Hungarian loss for all pairs matched in

the previous step

* Alinear combination of a negative log likelihood for class prediction
and a box loss

[ 100 Pa(z)(c ) +1 {c¢; I(B}Lbux (bu ba(t))]
(=1 Class 0= Box &tH 0=

Box Loss2te| #3= 2ol 0|
£ 0f21 H2| Log term At

LHunga'rian (yr 9) =

'MZ

» ¢ is the optimal assignment computed by Eq. (1)

* In practice, the log prob. term is down weighted when ¢; =@ by a

factor of 10 to account for class imbalance.

23| Xt=] PR-284: End-to-End Object Detection with Transformers(DETR), Jin
Won Lee, & 112{C{stw DSBA DETR

Jon

=

i
mjo

& 6'E 0|8l

I
Ay

QM Hungarian algorithmQ = &2 " X|X 9| 0
2|5t loss H|At

QUHIXMOI object detection task0f|A2| loss2}t
Loss + Box 0| Loss)E|L},
bounding box loss0f| GloUZE
A& slotQ] Ji4=(N=100)0| H|oH objecte| Iiz=7t &}
7H) 0l SeA=¢21 A7} &M B (Imbalanced)

0|Z i Z85}7| 25 Faster-RCNN2| sub-sampling2t SAtSH S 1S 2|3l
SoHA 991 AL weightS 108 20| &t

[ASHA HOl(Class G|=

ZF7t5t0 box2| AH LU0 =25t loss MO
Moo= (Hx 7

“

][]
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DETR: End-to—End Object Detection with Transformers

Bounding Box Loss

« Unlike many detectors that do box predictions as a Aw.r.t. some initial + YHIHQOI detector®| A 2] bounding box loss= 0f|=1} ground truth 7t2]
guesses, DETR make box prediction directly ATHX(A)Q! HE 2 F7|E 0|26t ™| (e.g. Anchor A ZS/= boxE
o L
« The most commonly used £, loss will have different scales for small 0L S50/, Z0ft 7[7/0f ground truth Of ZH7HRIAL=7))
H

and large boxes even if their relative errors are similar. « HIH DETRE| Z2 HIfAQI bounding box2| ZtH ! 3 7|Z direct oA 0

=5 =% IS 25 = OIH}X{O
+ To mitigate this issue, DETR use a linear combination of the £, loss ;18}%%2 EHCI;QIF E‘ IE; =4 I(I)_SSdEIHM Al ?t‘l—p&' ! LJ I(_)SS ilosﬂlscale =
and GloU (generalized loU) loss that is scale invariant./ J0| E2% — GloU(Generalized Intersection over Union) AtE

Lpox (P b)) = LiouLiow(bi bogy) [+ ALe||bi = bogo |l

Box Loss0j| Ci gt ablation study Z1}

Table 4: Effect of loss components on AP. We train two models turning off £, loss, and

~ ‘ba(z’) M le | B(ba(i)a ?)2) \ ba(i) U le GIoU loss, and observe that ¢y gives poor results on its own, but when combined with
Eiou ba i ,bz' =1- ~ — = GIoU improves APy and APp. Our baseline (last row) combines both losses.
& b U b B(byco), b
[bo(i) U bil | B(bo i), bi)| class 61 GIoU | AP A | APso A | APs APu APL
GloU(Generalized Intersection over Union) loss v v 358 -48 | 573 44 | 137 398 579
v v 39.9 -0.7 61.6 0 19.9 43.2 57.9
v v v 40.6 - 61.6 - 19.9 44.3 60.2

— GloU7t 29| 455 Jliidot= Hio| S8 F&s =
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43| X}2) D25t DSBA DETR :
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GloU
p ” ~ . 3 ” - s ; ”
/ / / |C\ (AU B)|
| I I GloU = IoU — \
n \ |C|
\ 7 \ \
Y 7 T \
I, =8.41 I, =841 I, =841
loU= 0.26 loU= 0.49 IoU= 0.65
GloU= 0.23 GloU= 0.41 GloU= 0.65 v £ ooi0| HX|X| U=(loU=0) B2 =
lossE Ho|s st&0f 0|88 £~ U2

UHIHO 2 loUZ =0|7] YI5H L,
LossE AlE5LLL 0]= 4 M2 IoUE
JHMshk= o) 2 &=40] Qi

Y Lgox =1—GloU

+
40 ZojHl HES

Box7} @X|X| ¢S
2 gich

HFY

[

19t 5O
m

Generalized Intersection over Union: A Metric and A Loss for Bounding Box Regression, H Rezatofighi et al., 2019
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DETR Architecture

Extract a feature Make the final
representation detection prediction

transformer
decoder

transformer
encoder

O SO O O S
Dooooo---0

object queries

- ———

Fig. 2: DETR uses a conventional CNN backbone to learn a 2D representation of an input image. The model
flattens it and supplements it with a positional encoding before passing it into a transformer encoder. A
transformer decoder then takes as input a small fixed number of learned positional embeddings, which we
call object queries, and additionally attends to the encoder output. We pass each output embedding of the
decoder to a shared feed forward network (FFN) that predicts either a detection (class and bounding box) or
a “no object" class.
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e Class Bounding Box

A 4
Architecture of DETR’s Transformer FFN FFN
Decod
» The detailed description of the transformer used in DETR, with e ..M.if? c A B :
positional encodings passed at every attention layer E o RdarLiNorm E
» Image features from the CNN backbone are passed through ' A '
the transformer encoder, together with spatial positional e ! FFN '
encoding that are added to queries and keys at every i A .
multihead self-attention layer. ‘TE;‘E‘ZCI‘E_r _______________ - i) T E
e Then, the dgc_:oder receive_s queri_es (initia_lly set to zero), : N RadlINoOmn : : A E
output positional encoding (object queries), and encoder : § , : Mult: Head ARention '
memory, and produces the final set of predicted class : EN : : VA a E
labels and bounding boxes through multiple multihead self- ' = " o\ >$ $<—I
attention and decoder-encoder attention. The first self-attention ' - ; . T :
layer in the first decoder layer can be skipped. F Add &*N""" ; I Add &1"\'0"" :
. Multi-Head Self-Attention ' \ Multi-Head Self-Attention E
: 7 W " : 7 Q :
5 W | (I,.F$:I_.
T r _________ I s s :
%) (] N b

Image features e _ '
- TR

o “
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e Backbone : Image to Input

« Starting from the initial image ximg€R3"H0"W0 (with 3 color
channels), conventional CNN backbone generates a lower resolution
activation map feRCxHxW

Hy Wo

» Typical value DETR use are C=2048 and H,IW = 32" 2

CNN (Backbone)

"~ 2048

C Image Feature maps

W=W,/32

Flatten

[

W@ xHWH

Sequence,
for Encoder

Won Lee

e Transformer Encoder

* 1x1 convolution reduces the channel

dimension of fFERCXHXW from C to d.
Creating a new feature map z, & R>H>*W,
d is smaller than C

* The encoder expects a sequence as input
hence the spatial dimensions of z; is
collapsed into one dimension, resulting in
a d x HW feature map.

» Since the transformer architecture is
permutation invariant, DETR supplement
it with fixed positional encodings that are
added to the input of each attention layer.

* Encoders attention mechanisma 7|dtO =2
feature map?2| pixeld} pixelZt2| ZAHE st&

* Locality S0 CNN1} L7 globaldt FE
£ 520 RM 0|0|X|S 035t T, S5
object detection - taskdj| A StSEICE 1
O|O|X| Li objecto| 2{x|, 2A & et5otA &

» Experiment — Encoder self-attention

mEm E E E EE E E ... ———————-

Encoder

8% Xt=] PR-284: End-to-End Object Detection with Transformers(DETR), Jin

> Add & Norm

-

R ——

N

)
[ FFN
——3
->| Add & Norm
4

Image features

2y

OC{OQQQ

QOO

yf 0O |
‘('J()()(‘)CJOQ

AOOOOO0

5

[N R ———— Y

Spatial positional
Aneadina
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e Transformer Encoder

» TransformerQ| encoder= permutation invariant 57| 20| EZ 7t X|0|E LIEIE &= =5 positional encoding0| Z
« DETRO|A= 2D fixed sine positional encodingS A2 (VIT =20|A= 1Dt 2D 7t M5 X0|= Q2|0|oIX| E=2
« O E encoder layerOtCt positional encoding= query, key0f| Ci5t0] /2O Z Al

1D positional encoding (Standard Transformer 1))
XN

sinusoid_table[:, ©::2] = np.sin(sinusoid_table[:, ©::2]) # dim 2i
sinusoid_table[:, 1::2] = np.cos(sinusoid_table[:, 1::2]) # dim 2i+1 mmm
return torch.FloatTensor(sinusoid_table).unsqueeze(@) t
https://github.com/jadore801120/attention-is-all-you-need-pytorch Encoder Layer
(Attention + Add + Norm + FFN)
2D positional encoding (DETR 2)) , A
pos_x = ),(_embed[:J iy b3y “.:n.:] / dim Lk seq, J seq; ) Seq3 ) seq;, seq; ) SQQ:-I ) seq, J seq; ) Squ J
pos_y = y_embed[:, :, :, None] / dim_t f 1‘
pos_x = torch.stack((pos_x[:, :, :, @::2]).sin(), pos_x[:, :, i, 1::2).cos()), dim=4).flatten(3) Pos, " Pos, Pos; ' Pos, | Pos, = Pos; |
pos_y = torch.stack({pos_vi:, i, &, 0@::2).5in(), pos_¥[:s :, 3, 1::2]).cos()), dim=4).flatten(3) - -
pos = torch.cat({pos_y, pos_x), dim=3).permute(0, 3, 1, 2) seq, | seq, | Segs seq, | seq, Seqs seq; | seq, Seq, J
/ 7 . 4 V. V.

return pos

Value Key Query

https://qgithub.com/facebookresearch/detr v
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DETR: End-to—End Object Detection with Transformers

e Transformer Decoder

Class Bounding Box

* The decoder follows the standard architecture of the FEN
transformer, transforming N embeddings of size d using multi
headed self and encoder decoder attention mechanisms. Decoder

......................

» The difference with the original trans former is that our model
decodes the N objects in parallel at each decoder layer

->| Add & Norm |

: 1
» Since the decoder is also permutation invariant, the N input | F;N |

@ FFN
Feed forward networkE £l headE8 2%

embeddings must be different to produce different results — > Add & Norm |

® Encoder-Decoder Attention
Multi- Head Attention Encoder2| Z1t=1} query slot 2F attention= S5H
ol
=

1‘ 5 $ 0= query?t O{ 2|{X|0|M objectE &S 4= U2 X &

s[ Add & Norm : @ Decoder Self-Attention
: Self attentions E8l| query slot 2t &tH| &k&
]

I Multi-Head Self-Attention | : (X7 self attentionS S/0j7F §1.00Z XHHE As 0] SIS
]

VA K Q
£‘J—$:|—* @ Object query ¥

* These input embeddings are learnt positional encodings that |
we refer to as object queries, and similarly to the encoder,
they are added to the input of each attention layer |

o>

20

olr

« Decoder?| &2 0ot Y272 2ot 0[0|X| LHOY| EXH5H=
object| Z2HA 2 QX2 Est=

« Permutation invariantst transformer2| £4 IIE0| L240] M=
Soi0f MR L2 Z2REA 5)8 & 4 god2, 7| rojmeees
i i @ )

« a5 715¢t positional encoding(object query)a SHESHA =7|3t spau:%;ml -ot,,-e.a q:f.es.
0}04 UAZCZE A (E decoder2 2= 10/ set0/2Z,
posmonal embedding”0/2F= 212 9/0/7} &1S)

r

ATH
N
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e Transformer Decoder

» Object Queries
Object query= & H
» Decoder?|

(® Encoder-decoder attention=
ofet X (EAI7t =

(@ Self-attentiongs

=

i

QAZ(0ll S =B

0

83 xise| olas

St
I]HK|O AoHoI‘ _J'\_ OIO Xlg igal_}l

Treasure map(image)

2EX|= (0[o]x])

?

®
Where is &7
Where is treasure

It turns out experimentally that it will tend to reuse a given slot to predict

=

objects in a given area of the image

|EI

DETR: End-to—End Object Detection with Transformers

S7| 5t 12 (slot)Q 2 Azist 4 U,
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O ZHHot0] z1Mo| LE
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e Transformer Decoder

|XI/2|0il CHSt O[5H(global reasoning)2t

« DecoderQ| 2t %%_%% 0|0
=0] ZIXto| HA|(9E)S stEot0 &% 7H(N) P29 WY 22 &4,

% A O|0[X|Z ofLte] contextZ OIR
P

« 2 AUH|Y 242 FENO| EHY £ £X0| 0|55t X2 FF + =H(Q| $Ix]
2 Z26}lH, NLP2} ZH0| 2O Z A7t =XHotA| OJQEE auto-
regressive otX| 242 set-prediction=2 =&

—— e —————————— ———y —— e —————

:r decoder I:rpredlction heads
I 1

| I

: FFN
I

I

! FFN
- transformer !

|

| decoder i' FEN
1 /!

I 1
YT TR
. . !

I ,:
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e Prediction feed-forward networks (FFN) and Auxiliary Decoding Losses

» The final prediction is computed by a 3-layer perceptron with ReLU and hidden

Class Bounding Box

dimension d
* The FFN predicts the normalized center coordinates, height and width of the box. o
 Authors add prediction FFNs and Hungarian loss after each decoder layer. All _?f_‘i‘ie_r ________________
predictions FFNs share their parameters. ,| Add & Norm | ¥
: 1
ol FFN [
L ——F !
' -)l Add & Norm | '
* I

Multi-Head Attention

ﬁ&—

->| Add & Norm |

1.

| Multi-Head Self-Attention |

......t‘t-......-....

......................

(IR 1)

Object queries
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A.6 PyTorch inference code

O 00~ ;O ;o WK -

W WWWWWwwNeNNNNDNRNDNNRNDLDH H o e e e =
DO h W= O ®© OO R W O OO0 ERWN O

import torch

from to
from to

rch import nn
rchvision.models import resnet50

class DETR(nn.Module):

def

def

detr =

inputs
logits,

__init__(self, num_classes, hidden_dim, nheads,

num_encoder_layers, num_decoder_layers):
super () .__init__Q)
# We take only convolutional layers from ResNet-50 model
self.backbone = nn.Sequential (*list(resnet50(pretrained=True).children())[:-2])
self.conv = nn.Conv2d (2048, hidden_dim, 1)
self.transformer = nn.Transformer (hidden_dim, nheads,

num_encoder_layers, num_decoder_layers)

self.linear_class = nn.Linear(hidden_dim, num_classes + 1)
self.linear_bbox = nn.Linear(hidden_dim, 4)
self.query_pos = nn.Parameter(torch.rand(100, hidden_dim))
self.row_embed = nn.Parameter(torch.rand(50, hidden_dim // 2))
self.col_embed = nn.Parameter(torch.rand(50, hidden_dim // 2))

forward(self, inputs):

x = self.backbone(inputs)

h = self.conv(x)

H, W = h.shape[-2:]

pos = torch.cat([
self.col_embed[:W] .unsqueeze(0).repeat(H, 1, 1),
self.row_embed[:H] .unsqueeze (1) .repeat(i, W, 1),

], dim=-1).flatten(0, 1).unsqueeze(1)

h = self.transformer(pos + h.flatten(2).permute(2, 0, 1),

self.query_pos.unsqueeze (1))
return self.linear_class(h), self.linear_bbox(h).sigmoid()

8% Xt=] PR-284: End-to-End Object Detection with Transformers(DETR), Jin
Won Lee

 Listing 1: DETR PyTorch inference code. For clarity it
uses learnt positional encodings in the encoder instead
of fixed, and positional encodings are added to the input
only instead of at each transformer layer. Making these
changes requires going beyond PyTorch implementation
of transformers, which hampers readability.

DETR (num_classes=91, hidden_dim=256, nheads=8, num_encoder_layers=6, num_decoder_layers=6)
detr.eval()

= torch.randn(1, 3, 800, 1200)
bboxes = detr(inputs)
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DETR (ECCV2020) : https://www.youtube.com/watch?v=utxbUlo9CyY 1:40 ~ 2:36

End-to-End Object Detection with
Transformers

Nicolas Carion Francisco Massa Gabriel Synnaeve Nicolas Usunier Alexander Kirillov Sergey Zagoruyko
Facebook Al Facebook Al Facebook Al Facebook Al Facebook Al Facebook Al

FACEBOOK Al
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Experiments

» Experiments on COCO 2017 detection and panoptic segmentation
dataset. There are 7 instances per image on average , up to 63
instances in a single image in training set.

» Two different backbones are used: a ResNet-50(DETR) and a
ResNet-101(DETR R101).

+ Dilation to the last stage of the backbone also used for increasing the
feature resolution: DETR-DC5 and DETR-DC5-R101 (dilated C5
stage)

» This modification increases the resolution by a factor of 2, thus
improving performance for small object, at the cost of a 16x higher

cost in the self attentions of the encoder, leading to an overall 2x
increase in computational cost.
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Experiments : DETR vs Faster R-CNN

Faster RCNN1t2| z|CHot o+a| MOl H|WE QJal], 7|=2X QI
Faster RCNN 220 02t 22 QAE 7t
Table 1: Comparison with Faster R-CNN with a ResNet-50 and ResNet-101 backbones on (® Bounding box loss functiond| g-IOU LossZ &7}

the COCO Va“détlon set. @ DETR st& A2t SYSt crop augmentation=S 37t
We use torchscript Faster R-CNN and DETR models to measure FLOPS and FPS. Results ® S 7l training schedule(x3) 0|2510] &k

without R101 in the name correspond to ResNet-50.
3717t 2 X0 CHSHA|= Faster RCNN CHH| 2 M2

SR, 37|17t A2 =Xl Holid= K2 d55 718

Model GFLOPS/FPS #params AP APso AP75|APs|APu|APy.
Faster RCNN-FPN 180,26 42M 402 61.0 43.8{24.2|43.5|52.0|[«— 1\ Gelcin Detectron2 [50]
Faster RCNN-R101-FPN 246/20 60M 42.0 62.5 45.9|25.2]45.6]54.6
Faster RCNN-DC5+ 320/16 166M 41.1 61.4 44.3]22.9]45.9]55.0 g"\leNm‘d‘fj'elsecﬁt‘ﬁféfha"";gesu'tzf°r FaStertRi
Faster RCNN-FPN+ 180/26 12M  42.0 62.1 455 |26.6|45.4|53.4| [ CNN models with Glo d[th ]’lra” om orops train-
Faster RONN-R101-FPN+ 246,20 60M  44.0 63.9 47.8/27.2|48.1|56.0 S'L“higl‘j%me”a'on’a” € long uxtraining
DETR 86/28 41M 420 62.4 44.2]20.5]45.8]61.1 .
DETR models achieve comparable results to

DETR-DC5 187/12 41M 433 63.1 45.9[22.5/47.3|61.1 . . .
DETR.R101 152520 6OM 435 638 46.419190l480l618 «——— heavily tuned Faster R-CNN baselines, having

: 3 = : ’ g g y lower AP_S but greatly improved AP_L.
DETR-DC5-R101 253/10 60M  44.9 64.7 47.7|23.7|49.5|62.3 —> but greatlyimp -

3 - 50
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Deformable DETR (ICLR2021) https://arxiv.org/abs/2010.04159

Deformable DETR: Deformable Transformers for End-to-End Object Detection
Xizhou Zhu, Weijie Su, Lewei Lu, Bin Li, Xiaogang Wang, Jifeng Dai

DETR has been recently proposed to eliminate the need for many hand-designed components in object detection while
demonstrating good performance. However, it suffers from slow convergence and limited feature spatial resolution, due to the
limitation of Transfarmer attention modules in processing image feature maps. To mitigate these issues, we proposed
Deformable DETR, whose attention modules only attend to a small set of key sampling points around a reference. Deformable
DETR can achieve better performance than DETR (especially on small objects) with 10 times less training epochs. Extensive
experiments on the COCO benchmark demonstrate the effectiveness of our approach. Code is released at this https URL.

e
Method Epochs | AP APsy APss| APs |APy APy | params FLOPs GES‘T]LES I"f;;)esnce Eae?:)irléglszps'lr'lg?/\?itﬁfDETR o
Faster R-CNN + FPN 109 420 62.1 45502661454 534| 42M 180G 380 26 COCO 2017 val set. DETR-DC5+
DETR 500 [42.0 624 442)205/458 61.1| 41IM  86G 2000 28 denotes DETR-DCS5 with Focal
DETR-DC5 500 (433 63.1 459225473 61.1| 41IM 187G 7000 12 Lossand 300 object queries
DETR-DCS 50 |353 55.7 36.8]152(375 536| 4IM 187G 700 12
DETR-DC5™* 50 (362 57.0 37.4|163(392 539| 41IM 187G 700 12
Deformable DETR 50 |438 626 47.7|264[47.1 580| 40M 173G 325 19
+ iterative bounding box refinement | 50 (454 64.7 49.0) 268483 61.7| 40M 173G 325 19
++ two-stage Deformable DETR S0 462 652 50.0|2881492 61.7| 40M 173G 340 19
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Number of Encoder Layers

+ Without encoder layers, overall AP drops by 3.9 points, with a more
significant drop of 6.0 AP on large objects

» By global scene reasoning, the encoder is important for disentangling
objects.

Table 2: Effect of encoder size. Each row corresponds to a model with varied number
of encoder layers and fixed number of decoder layers. Performance gradually improves
with more encoder layers.

#layers  GFLOPS/FPS #params AP APso APs APwm APy

0 76/28 33.4M 36.7 574 16.8 39.6 54.2
3 81/25 37.4M 40.1 60.6 18.5 43.8 58.6
6 86/23 41.3M 40.6 61.6 19.9 44.3 60.2
12 95/20 49.2M 41.6 62.1 19.8 44.9 61.9
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Encoder Self Attention » Back to Encoder

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

Fig. 3: Encoder self-attention for a
set of reference points. The
encoder is able to separate
individual instances. Predictions
are made with baseline DETR
model on a validation set image.

self-attention(440,1250)

self-attention(520,450)

EncoderE AIE6HX| R= B U 4~5 AP ZAJt OO, £E35| 2 =H|(APL)O| CH 3._ detection As0| 2 A XNotE
 DETRZE] attention mechanismO| 0|0|X| L} SX|= 'ﬂEI(dlsentangIe)oth e[}

| &
« Attention mapS S5l Encoder0iA{5E 0]0] EXHIE 0L M FEoll Y2 —’.‘— UL,

o M2tM StEE UHHE S Key?} ValueZ A23H= Decoder?t detection 5t= IME2 & O gA IS0 &
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DETR: End-to—End Object Detection with Transformers

Number of Decoder Layers

» A single decoding layer of the transformer is not able to compute any

cross correlation between the output elements, and thus it is prone to

making multiple predictions for same object . — NMS improves

performance « Decoder layer7} ZHAELZE 0|5 MET Tt 50HX|H, £5| objectE 7t2]
AHE L & 55512 2 NMS(Non-Maximum=Suppression)2 715}

PRI LLLLL LLs, POt 0= 2t gis
9 Ry i * Decoder’t 2X|Z EX|ot= st Y= Solf Z} object=2| T
- 60 (extremities)0fl {HINE IH === Sh5E|H,
10l 58 * object’t @R|= AR (occluded) HEE attentions FX| LTE SISES
> 56 o stolgt 4 QIg
38 51 < Z encoder?f global=attention=2 Saff 0|0|X| LiS| S MIE & L= &,

L — AP No NMS ' decoder= A 2 2 H|Q| BoundaryE £ £E0HEF attention= F|

36 =e= AP NMS=0.7 5|
APsq No NMS
o= AP5o NMS=0.7
34 = :
1 2 3 4 5 6

decoder layer

Fig. 4: AP and AP50 performance after each decoder layer. A single long schedule
baseline model is evaluated. DETR does not need NMS by design, which is
validated by this figure. NMS lowers AP in the final layers, removing TP predictions,
but improves AP in the first decoder layers, removing double predictions, as there

is no communication in the first layer, and slightly improves AP50. >
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» Decoder?t ObjectZ Detectiondt= Training 282 Sal| Zt objectE2
extremities(Y 0| AttentionS IH FTE= SHEE|H,

* Object’t X|= ALR2(occluded) HEE attention=2 FTXA| LS SigES
sl 4 Qg

* Z encoder’} global attention= ol 0|0|X| LHe| E2H|E & L= =,
decoder= Z2iA L 2H|2| BoundaryE & =515 attention TH &

Decoder Attention

» Decoder attention is fairly local, meaning that is mostly attends to
object extremities such as heads or legs.

Fig. 6: Visualizing decoder attention for every predicted object (images from COCO val set). Predictions are made with
DETR-DC5 model. Attention scores are coded with different colors for different objects. Decoder typically attends to
object extremities, such as legs and heads. Best viewed in color. 55
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Importance of Positional Encodings

Table 3: Results for different positional encodings compared to the baseline (last row), which has
fixed sine pos. encodings passed at every attention layer in both the encoder and the decoder.
Learned embeddings are shared between all layers. Not using spatial positional encodings leads
to a significant drop in AP. Interestingly, passing them in decoder only leads to a minor AP drop.
All these models use learned output positional encodings.

spatial pos. enc. output pos. enc.
encoder decoder decoder AP A | APs5o A
none none learned at input | 32.8 -7.8 | 55.2 -6.5
sine at input sine at input learned at input | 39.2 -1.4 | 60.0 -1.6
learned at attn. learned at attn. learned at attn. 396 -1.0 1| 60.7 -0.9
none sine at attn. learned at attn. 39.3 -13 | 60.3 -14
sine at attn. sine at attn. learned at attn. 40.6 - 61.6 -
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Loss ablations

Table 4: Effect of loss components on AP. We train two models turning off [; loss, and GloU loss,
and observe that l; gives poor results on its own, but when combined with GloU improves AP,,
and AP, . Our baseline (last row) combines both losses.

class ¢4 GloU | AP A | APsx A | APs APu APy

v v 35.8 -4.8 57.3 -4.4 13.7 39.8 57.9
v v 39.9 -0.7 61.6 0 19.9 43.2 57.9
v v v 40.6 - 61.6 - 19.9 44.3 60.2
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Analysis

» Decoder output slot analysis
* DETR learns different specialization for each query slot.
= Generalization to unseen numbers of instances
» There is no image with more than 13 giraffes in the training set.

* This experiment confirms that there is no strong class
specialization in each object query.

£ S

*COCO H|0|E{Allof| CHSt decoder slot1007 & 2071 A|2tSt (T O 2 2 Box, OE: 4202 2 Box, Z=:A2 Box)

prediction slots in DETR decoder. Each box prediction is represented as a point with the coordinates of its

8% Xt=] PR-284: End-to-End Object Detection with Transformers(DETR), Jin

Fig. 5: Out of distribution generalization for rare
classes. Even though no image in the training set

e\ fi i - : B has more than 13 giraffes, DETR has no difficulty
Fig. 7: Visualization of all box predictions on all images from COCO 2017 val set for 20 out of total N = 100 generalizing to 24 and more instances of the same

class.

center in the 1-by-1 square normalized by each image size. The points are color-coded so that green color
corresponds to small boxes, red to large horizontal boxes and blue to large vertical boxes. We observe that

each slot learns to specialize on certain areas and box sizes with several operating modes. We note that
almost all slots have a mode of predicting large image-wide boxes that are common in COCO dataset.
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Increasing the Number of Instances

* While the model detects all instances when up to 50 are visible, it
then starts saturating and misses more and more instances.
Notably, when the image contains all 100 instances, the model only
detects 30 on average, which is less than if the image contains only
50 instances that are all detected.

I T
——dog
0 person

60 |-|— apple .

% of missed instances

20 40 60 30 100
Number of visible instances

Fig. 12: Analysis of the number of instances of various classes

missed by DETR depending on how many are present in the image.

We report the mean and the standard deviation. As the number of

instances gets close to 100, DETR starts saturating and misses 59
more and more objects
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DETR for Panoptic Segmentation Panoptic Segmentation, A Kirillov et. al., 2018

« Similarly to the extension of Faster R CNN to Mask R CNN, DETR « Panoptic segmentation2
can be naturally extended by adding a mask head on top of the @ O|O0|X| Ljo] BE mAMIS AFKO| Kol classE E25H= semantic
decoder outputs. segmentation},

@ SYetclassUUM = MZ C}E HNIZ FH=0ol= instance
segmentation2 &%l 7{'4

» Faster R-CNNO| mask headZ | Mask R-CNN X & JE3H=0],
“‘DETRZ| decoder Z1=0]| mask headE 71510 segmentation
task71X| &g = ACH”

(b) semantic segmentation

(a) image

(c) instance segmentation (d) panoptic segmentation
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DETR for Panoptic Segmentation

(O DETRE| decoder’} &= ot A= (object queries)= encoderd| 2|5 encoding & Zdt=1t attention £~&
@ OUM L2 attention map= 7|HtC = (421 resolution?| feature mapit2| HALS £ masked imageE

® i masked image?| TAOICt argmaxE &350 £ objectz2| 23 43
2 XMEGHE Feature map
(Different Resolution)

Encoded image Resnet features
(d x H/32 x W/32) Res5 Resd Res3 Res2

. L

Decoder?| Z41it= o
= & g -5
= = P 0 0 = =
t y = < % % & o)
— 1 SIERSASEREE <
8 = g? et [¢5] = (e%] (- = g-
o 3 2 Bl +| B| +| B |+ (%)
= a| | ] 1@ | @ [£| |2 o

S| o o 12 | [Z] o [
= 52 BB e 3

> B > o o
— Py z T o) 3
= @ I = ) o
: [e) = = = = x

Input image > = g

(B x HxW)
Box embeddings Attention maps FPN-style CNN Masks logits
dxN) (N x M x H/32 x W/32) (N x H/4 x W/4)
Fig. 8: lllustration of the panoptic head. A binary mask is generated in parallel for each detected object, then 61

the masks are merged using pixel-wise argmax.
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Panoptic Segmentation Results

Table 5: Comparison with the state-of-the-art methods UPSNet [51] and Panoptic FPN [18] on the

COCO val dataset We retrained Panoptic FPN with the same data augmentation as DETR, on a 18x
schedule for fair comparison. UPSNet uses the 1x schedule, UPSNet-M is the version with
multiscale test-time augmentations

Sch Rch’PQ_St SQst R.QSt

Model Backbone| PQ  SQ RQ |PQ™ AP
PanopticFPN++  R50 | 424 79.3 51.6|49.2 824 588323 748 406 |37.7
UPSnet R50 [ 425 78.0 52.5| 48.6 79.4 59.6 | 33.4 759 41.7|34.3
UPSnet-M R50 [43.0 79.1 52.8|48.9 79.7 59.7 | 34.1 782 42.3|34.3
PanopticFPN++  R101 | 44.1 79.5 53.3[51.0 83.2 60.6 | 33.6 74.0 42.1 |39.7
DETR R50 [43.4 79.3 53.8|48.2 79.8 59.5|36.3 785 453 |31.1
DETR-DC5 R50 [44.6 79.8 550|494 80.5 60.6 |37.3 78.7 46.5 | 31.9
DETR-R101 R101 | 45.1 79.9 55.5 50.5 80.9 61.7|37.0 785 46.0|33.0

*  PQ(Panoptic Quality) 7|& EA| SOTA 2&(PanopticFPN)2 Y= M2 7|5
™

+ 53| stuff(sky, tree S)0l L5 Ef D CH| B £2 H5(PQ™)S 7IS3IRO

global reasoning0| 0|2{et 50| 2 Fek= O|X=E AL Ol

, encoder attention2]
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Panoptic Segmentation Results

light

giraffe!

counter

Sink

Fig. 9: Qualitative results for panoptic segmentation generated by DETR-R101. DETR produces
aligned mask predictions in a unified manner for things and stuff.
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