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[1] Redmon, Joseph, and Ali Farhadi. "YOLO9000: better, faster, stronger." CVPR. 2017.
[2] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection.” ICCV. 2019.
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dense predictiondVEIHEREIRZ T EHIREL , tiMEERR BinflinHEROTESAE , BD "B (£ ) HiHXIREA B iR
2451

« RetinaNettRiEanchorfll BiRRIIoViEE I EAFFA

- FCOSIEEBiIRROCRIEEFBIFIREREIELFA

MAER . RESTE. ZASE

Method Prior Instance AP
scale | spatial
RetinaNet [ 10] anchor size & IoU IoU 36.3
FreeAnchor [25] anchor size & IoU | top-k weighting, IoU | 38.7
ATSS [24] anchor size & IoU | top-k, dynamic IoU | 39.3
GuidedAnchoring [20] dynamic anchor size & IoU IoU 37.1
FCOS* [19] center range radius 38.7
FSAF [27] anchor & center loss IoU & radius 37.2
AutoAssign (Ours) | Center Weighting | Confidence Weighting | 40.5

[1] Lin, Tsung-Yi, et al. "Focal loss for dense object detection.” ICCV. 2017.
[2] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection.” ICCV. 2019.
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Elabel assignmentfIRXIMFRIEES |, (Ba]LAH— M EERSFE—HIEF R UHE

N : ground-truth/ N ( BAaNR) |, A : prediction MY (IHERNEL) |, BEN <A
TE N PCECARRE

Myxa,  s.t. my €{0, 1}:Z”mij”0 =1
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© Hmy e (0,138, 3yflmyl|, = Timy; < 1 FR—"ApredictionEZ I —ground-truth
RISELBIHTAR , BEE—XNSHXER , Bl—1ground-truthXgizZ{>prediction
JERFIERSY : FeiFanchorARfghzground-truth , s8iFground-truthjR&anchorXy iz
AL , [l xmatch , 0F&7smismatch , -13&7Rignore

[1] Lin, Tsung-Yi, et al. "Focal loss for dense object detection.” ICCV. 2017.
[2] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection.” ICCV. 2019.
[3] Zhu, Benjin, et al. "AutoAssign: Differentiable Label Assignment for Dense Object Detection." arXiv:2007.03496.
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RetinaNet:

ATSS:
Qnxa = IoU(gt,-, anchorj)

Dyya = Dguclidean (center(gtl-) , center(anchorj))

= loU( gt;, anchor;
1, qy > 0.5 Qnxa (g i 1)
MN><A = 0, ql] <0.4 M _ 1, ql] > mean(qij) + Std(qij) s.t. j (S tOpkp(dij)
—1, others NxA 0, others
FCOS:
Dyxa =

Dchebyshev(center(gti) , center(anchorj))

1, d;; <radius A maX(A(gti,center(anchorj))) € [sp_l,sp]
Myxa =
0, others

[1] Lin, Tsung-Yi, et al. "Focal loss for dense object detection.” ICCV. 2017.
[2] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection.” ICCV. 2019.

[3] Zhang, Shifeng, et al. "Bridging the gap between anchor-based and anchor-free detection via adaptive training sample selection." CVPR. 2020.
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L= Z—"lijz(mijx L(gt; pred;)), s.t. m;j € {0, 1},Z||m,-j||0 <1

B3 LI my; € {0, 1} #2589 my; € [0,1]
540 : NoisyAnchor, IoU-Balanced Loss
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540 : FreeAnchor, AutoAssign
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[1] Li, Hengduo, et al. "Learning from noisy anchors for one-stage object detection." CVPR. 2020.
[2] Wu, Shengkai, and Xiaoping Li. "Iou-balanced loss functions for single-stage object detection.” arXiv:1908.05641.
[3] Lin, Tsung-Yi, et al. "Focal loss for dense object detection.” ICCV. 2017.

[4] Zhang, Xiaosong, et al. "Freeanchor: Learning to match anchors for visual object detection.” NeurIPS. 2019.

[5] Zhu, Benjin, et al. "AutoAssign: Differentiable Label Assignment for Dense Object Detection." arXiv:2007.03496.
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[1] Carion, Nicolas, et al. "End-to-end object detection with transformers.” ECCV. 2020.
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wEIAYlabel assignmentiAisZone-to-manylPLlg , iXSEMNEMIAZTE— NMSEENMSSELIfHmany-to-oneXE,
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1
L= Z_mijz(mijx L(gt;,pred;)), s.t. m;€{0, 1},Z||m,-j||0 < I,Z”mij”o =1

e EMAES AR
s L(gt;, pred;) MAEE , KiE m;; /M0 L —FNTFEA L costibipartite matching

[1] Erhan, Dumitru, et al. "Scalable object detection using deep neural networks." CVPR. 2014.
[2] Carion, Nicolas, et al. "End-to-end object detection with transformers.” ECCV. 2020.
[3] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.
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fEdense prediction EEAIREARBER iKk#fione-to-one label assignment , EYIRSEEEEIENMS ?

. mAP mAR
Assignment | Rule Method w/NMS w/oNMS A | w/NMS w/oNMS A
One-to-many | Hand-designed | FCOS [42] baseline *| ~ 40.5 12.1 284 | 583 52.8 5.5

Hand-desiened | Anchor 37.2 35.8 1.4 57.0 59.2 +2.2
and-designed 1 Center 37.2 336 3.6 | 578 597 419
One-to-one
Foreground loss 38.3 37.1 -1.2 58.6 61.4 +2.8
Prediction-aware | POTO 38.6 38.0 -0.6 57.9 60.5 +2.6
POTO+3DMF 40.0 39.8 0.2 58.8 60.9 +2.1
Mixture ** | Prediction-aware | POTO+3DMF+Aux |  41.2 41.1 0.1 | 589 612 423

loss functionfllevaluation metrics{EEHA—E , EEEENNAIARE—LZD ( LLiff—LimNEE
LR , lossHA—ERbipartite matchingAY&{Ecost
Ikt , Ffi1E X T matching quality :

my; = ]l[j € .Q]-] . [probj(ci)]l_a . [IoU(gt,-, pred]-)]a

[1] Tian, Zhi, et al. "Fcos: Fully convolutional one-stage object detection.” ICCV. 2019.
[2] Lin, Tsung-Yi, et al. "Focal loss for dense object detection.” ICCV. 2017.
[3] Carion, Nicolas, et al. "End-to-end object detection with transformers.” ECCV. 2020.
[4] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.
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FH 22U VRIS : [prob]' = - [IoU]*
MAEIMNERTEIE - (1 - ) - [prob] + a - [IoU] ? ( NoisyAnchorskF T HUAT)

BigtaMlossBHCE lossFiloU losstapg, ,
Lget = Legs + ALreg
= —log(prob) — Alog(IoU)
= - log(probeoU’l)

MMLEFZ AT LAB L prob # IoU 2FMEXH

Table 4. The effect of various quality functions on COCO val set.
/" is used to distinguish between results without and with NMS.

‘Add’ and ‘Mul’ indicate two fusion functions.

S tHIT I T R R R ST Method | a | mAP APsg APz
02 | 36.0/36.2 55.7/57.0 38.7/38.3
Add 05 |37.3/37.8 549/574 40.5/40.4
0.8 |1 29.3/35.6 40.3/53.4 32.8/384
Mul | 0.8 | 38.0/38.6 552/57.6 41.4/41.3

[1] Li, Hengduo, et al. "Learning from noisy anchors for one-stage object detection." CVPR. 2020.
[2] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.

EGVI[:Ige



| One-to-many v.s. One-to-one MEGVIIJgn

one-to-onefiHB# :
- EEmRfeatureEsharp , JMBERIFREHERR S
« BT one-to-many , IFEE55 , WAIRERIE

FAIRIBOAS
3| A\3D Max Filteringt&i8ZR1IRE

+ 5| A\one-to-many auxiliary lossiZsg e
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[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.
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3D Max Filtering one-to-many auxiliary loss
o SHEZMEKREE | F3ImaxigER L EER « auxiliary lossB9E{Kassignment/3iEFHAKHE
o HBESINIERMIEIKEES « FiERauxiliary lossaTLAworkAyKiE

- BESINBERERME
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~

Regression
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[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.
[2] Zhou, Qiang, et al. "Object Detection Made Simpler by Eliminating Heuristic NMS." arXiv:2101.11782.
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7 (a) FCOS baseline (b) POTO
N l . I l . I
(c) POTO+3DMF (d) POTO+3DMF+Aux

[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.



Table 3. Results of POTO with different configurations of o and
spatial prior on COCO val set. o = 0 is equivalent to considering
classification alone, = 1 is equivalent to considering regression
alone. ‘center sampling” and ‘inside box” both follow FCOS [-2].
/" is used to distinguish between results without and with NMS.

a | center sampling inside box global
0.0 33.5/33.6 24.1/242 1.9/72.1
0.2 33.7/339 28.8/28.8 19.4/19.5
0.4 35.0/35.2 3277328 28.3/28.4
0.6 36.6/36.9 35.3/35.5 3477349
0.8 38.0/ 38.6 37.4/379 37.3/37.9
1.0 11.8/29.7 45/13.0 non-convergence

© o BfE , DFRNEMK , BENMSHIERS/) , (BEFHEESIER | o« KSHAE  H(VEEMELEA « =08
© £ o GENBRT , DEGRARVARY , B=ESINsEBEILEITZP R BB AT , IBF4EI1ERE

[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.
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Table 7. The experiments of the proposed framework with larger Table 8. The comparison of fully convolutional detectors on
backbone on COCO2017 test-dev set. The hyper-parameters of all CrowdHuman val set. All models are based on the ResNet-50
models follow the official settings. backbone. ‘Aux’ indicates the auxiliary loss.
Backbone | Model | mAP | FPS Method AP;; mMR Recall | FPS
RetinaNet [20] 40.7 | 13.6 RetinaNet [ 0] 81.7 57.6 88.6 16.5
2 43. . 2 . . . .
S 11 S A
| Ours (w/o NMS) | 429 | 159 ’ ' ' ' '
Ground-truth (w/ NMS) - - 95.1 -
RetinaNet [20] 44.5 6.4 POTO 57 5 3
ResNeXt-101+DCN | FCOS [47] 465 | 6.8 88. 0 966 -1
POTO+3DMF 89.0 50.3 964 | 213
| Ours (/o NMS) | 47.6 | 6.6 POTO+3DMF+Aux 89.2 496 96.6 | 213

CrowdHumanfground-truthf{NMS threshold=0.6 , 3595.1%fRecall , iIXtEENMSH;ERVIEIS_ IR

BEZEREFHEhttps://github.com/Megvii-BaseDetection/DeFCN

[1] Wang, Jianfeng, et al. "End-to-end object detection with fully convolutional network." arXiv:2012.03544.
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