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You Only Look One-level Feature (YOLOF)
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YOLO*?

BYOLO: Single shot object detectio®DNAd (715
« J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You Only Look Once: Unified,
Real-Time Object Detection,” in Proc. Of CVPR, 2016.
BYOLOv2: FCN1b. k-means(CKDIERR =Nz > H—R— A DR
« J. Redmon and A. Farhadi, “YOLO9000: Better, Faster, Stronger,” in Proc. Of CVPR,
2017.
BYOLOV3: K Da#H7/\wOR—> . FPNIIES, EEEHRE DFEH S DiEH

« J. Redmon and A. Farhadi, “YOLOv3: An Incremental Improvement,” in arXiv,
2018.

BYOLOV4: R BNTSOF7 1 AEEBA D HZLVRPD

« A. Bochkovskiy, C. Wang, and H. Liao, “YOLOv4: Optimal Speed and Accuracy of
Object Detection,” in arXiv, 2020.

« https://github.com/AlexeyAB/darknet
BYOLOVS: UltralyticsttdDOSSE=. FFAEENTIIRASTFE - #HmTIZD
L —ALAD—0OEE2EDNEV, AHKagglerKIFE
Mo https://qgithub.com/ultralytics/yolov5 | © Mobilty Technologies Co, Lta.
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YOLO*?

BYOLO: Single shot object detectiodNAF(F1&

e J. Redmqon_S_Divvala R Girshick and A Farhadi. “You Onl nce: Unified,
Real-Tim i oddi

Joseph Redmon @pjreddie - 2020F4F25H

.YO LOVZ . F( 3 Doesn't matter what | think! At this point @alexeyab84 has the canonical H:II
version of darknet and yolo, he's put a ton of work into it and everyone i
* ']Z'Oliidmc uses it, not mine haha. Proc. Of CVPR,
BYOLOV3: & @) sarim @1Sarim - 202044 H24H S i&
RIE55: @ak92501& A . .
 J. Redmg ERT: @3 in arXiv,
2018 @pjreddie do you approve?

BYOLOV4: XA T T4 AZEBBADHICUNTLTP D

« A. Bochkovskiy, C. Wang, and H. Liao, “YOLOv4: Optimal Speed and Accuracy of
Object Detection,” in arXiv, 2020.

« https://aithub.com/AlexeyAB/darknet

BYOLOVS: UltralyticsttdDOSSEZx., &EFEENTIEIRK TESE - HwmZ= D
L —LD—0EEDEEFEDMELV. AliihKagglerh KiFE

|Vb-|- https://github.com/ultralytics/yolovs | © Wbty Technologies Co. Lid
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YOLO*?

BYOLO: Single shot object detectiodNAF(F1&

« J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You Only Look Once: Unified,
Real-Time Object Detection,” in Proc. Of CVPR, 2016.

BYOLOV2: FCN1E. k-means(CKDYERkE=NIZ 7> H—X— XA DR

« J. Redmon and A. Farhadi, “YOLO9000: Better, Faster, Stronger,” in Proc. Of CVPR,
2017.

BYOLOV3: KD5@aH7/%/\w OR—2 . FPNBIIEIE. EEFEHREDRFEN S DIRH

« J. Redmon and A. Farhadi, “YOLOv3: An Incremental Improvement,” in arXiv,
2018.

BYOLOV4: R BNTSOF7 1 AEEBA D HZLVRPD

« A. Bochkovskiy, C. Wang, and H. Liao, “YOLOv4: Optimal Speed and Accuracy of
Object Detection,” in arXiv, 2020.

Alexey Bochkovskiy @alexeyab84 - 2020E5H23H

33 ., SO 4= O
| am an Al developed by @pjreddie to complete his Al without his [_F HEim TS0
participation

I v Eii I iEEDS; 7 C“El iU[3C0m7 Ul FalytiICS/yOIovVo ; © Mobility Technologies Co., Ltd.
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YOLO*? |
AlexeyAB/darknet @ issue
BYOLO: Single shot object detectioMDNATH &  semecmmsoe

@glenn-jocher Try to train and test this model with network resolution 832x832 (with random shapes).

ﬂ Redmon, S. Divvala, R. Girshick, and A.
VAiiX NNl Obhiject Detection.” in Praoc. Of C &

7. Acknowledgements l Ultralytics CEO |}
The authors wish to thank Glenn Jocher for the | o | o msn g e nasovee

ideas of Mosaic data augmentation, the selection of |

hyper-parameters by using genetic algorithms and solving WengKinYiu commented on 5 Apr 2020 Colaborator @ -

the grid sensitivity problem https://github.com/ PN EI’\' @glennjocher

ultralytics/yolov3. n In 1h o of yolova5p. 95 very arg o h 1t epoch when compars 1 ylov3 55

2018.

BYOLOV4: R NI SOF7 4 AEEADHTZUNVRADD

« A. Bochkovskiy, C. Wang, and H. Liao, “YOLOv4: Optimal Speed and Accuracy of
Object Detection,” in arXiv, 2020.

« https://github.com/AlexeyAB/darknet
mYOLOVS: UltralyticsftdDOSSEx. FFAENTHESTFE - HmaT =D
L —ALAD—0OEE2EDNEV, AHKagglerKIFE
Mo https://github.com/ultralytics/yolov5 © Wbty Technologies Co. Lid
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YOLOv5®ablation study by @hirotomusiker

mhttps://www.kaggle.com/c/global-wheat-

detection/discussion/172436

MoT
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target
assign-| filter tiny
private public GIOU| plus 2 ment| boxes
(best conf| (best conf object- target| using w, (w>2,
condition threshold)| threshold) EMA| Ir decay ness grids| h ratios h>2)| mosaic hsv| scaling
w/o pseudo labeling 0.642 (0.5)[0.737 (0.5) |- - - - - - - -
pseudo labeling, default 0.672 (0.7)|0.760 (0.6) |v 4 4 4 4 4 4 v v
w/o EMA 0.671 (0.7)[0.761 (0.6) v 4 4 v 4 v v v
w/o Ir decay 0.673 (0.7)|0.756 (0.6) |v 4 4 4 v 4 v v
w/o GIOU objectness 0.663 (0.9)(0.758 (0.8) |v v v 4 v 4 v v
w/o 2 neighboring target
grids 0.665 (0.5)(0.750 (0.4) (v 4 v (4 v v v 4
w/o GIOU objectness
w/o 2 neighbor target grids | 0.656 (0.6)|0.751 (0.4) |v v 4 4 4 v v
anchor assignment using
loU 0.672 (0.7)(0.759 (0.6) |v v v v v v v v
w/o filtering tiny boxes 0.674 (0.7)|0.761 (0.6) |v v 4 v 4 4 v v
w/0 mosaic 0.672 (0.7)[0.757 (0.6) (v v 4 v 4 v v v
w/o hsv aug 0.668 (0.7)|0.760 (0.6) |v v v 4 4 4 v v
w/o scaling 0.673 (0.7)|0.762 (0.6) |v 4 4 4 v 4 4 v
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YOLO*?

BPP-YOLO: PaddlePaddlehirYOLO

« X. Long, et al., "PP-YOLO: An Effective and Efficient Implementation
of Object Detector," in arXiv, 2020.

« X. Huang, et al., "PP-YOLOv2: A Practical Object Detector," in arXiv,
2021.

BScaled-YOLOv4

« C. Wang, A. Bochkovskiy, and H. Liao, "Scaled-YOLOv4: Scaling
Cross Stage Partial Network," in Proc. of CVPR, 2021.

 https://github.com/WongKinYiu/ScaledYOLOv4
BYOLOR

« C. Wang, I. Yeh, and H. Liao, "You Only Learn One Representation:
Unified Network for Multiple Tasks," in arXiv, 2021.

 https://github.com/WongKinYiu/yolor

M—r (© Mobility Technologies Co., Ltd.
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=>What is this? —=> A Shiba Inu.
—>Where is the Shiba Inu?=In a room.
—>Where is she? =>In a room.
—What is she doing? = LOL.
—>What is her name? - A I

—Do you love her? —Yes! Sure! Of course!

Figure 1: Human beings can answer different questions from the
same input. Our aim is to train a single deep neural network that
can serve many tasks.
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You Only Look One-level Feature

Qiang Chen!%* Yingming Wang*, Tong Yang*, Xiangyu Zhang*, Jian Cheng!?3, Jian Sun*
INLPR, Institute of Automation, Chinese Academy of Sciences
2School of Artificial Intelligence, University of Chinese Academy of Sciences
3CAS Center for Excellence in Brain Science and Intelligence Technology
"MEGVII Technology

{giang.chen, jcheng}@nlpr.ia.ac.cn, {wangyingming, yangtong, zhangxiangyu, sunjian}@megvii.com

Q. Chen, et al., "You Only Look One-level Feature," in Proc. of CVPR, 2021.
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mFeature Pyramids Networks (FPN) (XXJLFRT —)LO4F 7 Rk
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BYOLOF(XYOLO TC(EdDDETEA !
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BYOLOFIXYOLOTIEd O FETEA !
« CNFETORITUIE
B_U\D(XRetinaNet T9
o BRI AEFFD TYOLOJZ. RetinaNet/Z & WL\D DIFMEIANRI (CIFE 1055
. SBIREFTRVTE
- Backbonefh'Darknet/5YOLO?
e BiRaD777>H—HkmeansTYESNTLV/=5YOLO?
e HeadlCO S RAEBDOMWERTI(IIR< ChboxDEFHEEEHDTZB5YOLOT
bbox & class734EH B 4 dDbranch(Z 72> T/=5RetinaNet?
 Loss? &itkdAnchor matchingdDFx ?
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AR ES VDR AR RE

mBackbone, Neck, HeadD# A SN B TYRIEEETILIIRIRTE D

Tutorial 4: Customize Models

We basically categorize model components into 5 types.

e backbone: usually an FCN network to extract feature maps, e.g., ResNet, MobileNet.

e neck: the component between backbones and heads, e.g., FPN, PAFPN.

e head: the component for specific tasks, e.g., bbox prediction and mask prediction.

e roi extractor: the part for extracting Rol features from feature maps, e.g., Rol Align.

e |oss: the component in head for calculating losses, e.g., FocalLoss, L1Loss, and GHMLoss.

https://mmdetection.readthedocs.io/en/latest/tutorials/customize models.html

M—r (© Mobility Technologies Co., Ltd.
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https://mmdetection.readthedocs.io/en/latest/tutorials/customize_models.html

MFIRHBEST ILDORBNRRIR
mBackbone, Neck, HeadD# A ENE TYMAMEHESTILIIRIETESD

Backbone Sparse Prediction

L - _'_'_'_'_'_'_'_'_'_'_'_'_'_'/7/ g ______________________________ |
 Backbone: N N

. N — x Neck: Head:
; ) 1/7\;,‘:' Jﬁfs?a?eé%ﬁ&% Multi-scaleD¥FHR W T 7 Multi-scaleD¥FH~X W T %
2 oj"?a‘:.'jjjj ‘ AR LTIARIRLTHS AU TREER 2 1)
(e.g. ResNet, Darknet) 9 (e.g. FPN, BiFPN) > \(e.g. YOLO/Retina head) >

ooooooooooooooooooo

A. Bochkovskiy, C. Wang, and H. Liao, "YOLOv4: Optimal Speed and Accuracy
of Object Detection," in arXiv, 2020. 17
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MFIRHBEST ILDORBNRRIR
mBackbone, Neck, HeadD# A ENE TYMAMEHESTILIIRIETESD

Dense Prediction

2

l_____________________________/7/ A N 3 \ ______________ |
EET LT Neck: Head: A

R—R ERBISANEE | . B T
)L, Multi-scaled4F Multi-scale D5~ Y T Multi-scalediFEY v &

Input Backbone Sparse Prediction

v E A ADLTIRIRLTHT AT L/_C@Hjﬁ%%’a?tljj]
- (e.g. ResNet, Darknet) (e [FPY B K(e.g. YOLO/Retina head) y

(© Mobility Technologies Co., Ltd.

r 1 A. Bochkovskiy, C. Wang, and H. Liao, "YOLOv4: Optimal Speed and Accuracy
of Object Detection," in arXiv, 2020. 18
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Feature Pyramid Network (FPN)

BB TR E A BBEDEHA S RL [CHRET BT ET
IO CISEN v T DRI T S

-, FREREE - {5

/ e.g. Faster R-
/ y; CNN, YOLO
A

(a) Featurized image pyramid (b) Single feature map
FFERODR S © 8§ RS
RERE . & RERE B
e.g. SSD FPN
. . . Nearest neighbor l\
(c) Pyramidal feature hierarchy (d) Feature Pyramid Network CRASE JE R -

T. Lin, P. Dollar, R. Girshick, K. He, B. Hariharan, and S. Belongie, "Feature Pyramid
Networks for Object Detection," in Proc. of CVPR, 2017.
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Path Aggregation Network (PANet)
BT >FDlow-levelDIEHZzE=RY N IJ—DO2K(CIEIEETED

low-level DFFIDAIGIE(C ‘short cut’ path
____________ 100 layer< 50w & ZVEDCTHITD

@ | i T© @

Backbone FPN Bottom-up path

S. Liu, L. Qi, H. Qin, J. Shi, and J. Jia, "Path Aggregation Network for Instance Segmentation," in Proc. of CVPR,
2018.

M—r (© Mobility Technologies Co., Ltd.
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Path Aggregation Network (PANet)
BT >FDlow-levelDIEHZzE=RY N IJ—DO2K(CIEIEETED

low-level DFFIDAIGIE(C ‘short cut’ path
____________ 100 layer< 50w Z{ED THhlTD
@ | 4 e L@
! | ¥ ¥ _~ class
QNM
3X3 conv
Lo g—o

b / x 1 3x3 conv 'g¢
ssaper =yt o stride= N /
Backbone FPN Bottom-up path \ /

S. Liu, L. Qi, H. Qin, J. Shi, and J. Jia, "Path Aggregation Network for Instance Segmentation," in Proc. of CVPR,
2018.

M—r (© Mobility Technologies Co., Ltd.
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Bi-directional Feature Pyramid Network (BiFPN)

BPANetZzfGB%{E. BE—##EE Dskip connection.
top-down+bottom-upZ 1€ 1 —I)LEUTEDIRT
(H—E>a1—-I)LEULTERD TR EN BIEE(C)

repeated blocks repeated blocks

Pr O—0O—>
Ps O ’é B

y
Ps O >O |
P4 O |
P: O—@—

(a) FPN (b) PANet (c) NAS-FPN (d) BiFPN

M. Tan, R. Pang, and Quoc V. Le, "EfficientDet: Scalable and Efficient Object Detection," in Proc. of CVPR, 2020.

M—r (© Mobility Technologies Co., Ltd.
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Bi-directional Feature Pyramid Network (BiFPN)

BPANetZ= fGlZ{L. [E—ERERE Dskip connection,
top-down+bottom-upZ 1€ 1 —I)LEUTEDIRT
(HE—E2a1—-I)LEULTERDZ E TR BN EIEE(D)

P O—O—> PY&{}&:E::
PGO >é - PGC>_>

-

NAS-FPN: Learning Scalable Feature Pyramid Architecture
for Object Detection

repeated blocks repeated blocks

Golnaz Ghaisi Tsung-YiLin Ruoming Pang Quoc V. Le
Google Brain

{golnazg, tsungyi, rpang, qvl}@google.com

\ (c) NAS-FPN (d) BiFPN

M. Tan, R. Pang, and Quoc V. Le, "EfficientDet: Scalable and Efficient Object Detection," in Proc. of CVPR, 2020.

(© Mobility Technologies Co., Ltd.
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mBackbone, Neck, HeadD#EAHEHHE TYIMAIRS

HETILIERIRTED

MoT
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Backbone

Dense Prediction

Sparse Prediction

Lo _‘_‘:_'_'_'_'_‘_'_‘_':_‘/7/ __________
 Backbone: N

NR—=RAERDBIDSADFETE
)L, Multi-scaledD4FE
< T

- (e.g. ResNet, Darknet)

A. Bochkovskiy, C. Wang, and H. Liao, "YOLOv4: Optimal Speed and Accuracy
of Object Detection," in arXiv, 2020. 24

nologies

2

Neck:
Multi-scaleD4FHI~ W T %

ABDLTCOxRORLTHES
9 (e.g. FPN, BiFPN)

\

4

Head:

Multi-scaleD¥FHHX W T %
AN U TREERZ
(e.g. YOLO/Retina head)

(© Mobility Technologies Co., Ltd.



B X0 —)LDHead DFHHN W T DRSS (CAEBD [Anchor] WEERSINTLS
« Anchor: $FEDFRHFDOYIMADH =R 9 DEPm
« Bounding box (bbox) DY X TEEENSD. YOLOV3(ZA=3, RetinaNet(ZA=9
BAnchor®bbox &matching)L—)LICK DT [RZAnchordD<FwEtHE ] HYVRED
o BAnchorPESWVWDSHBAXDOMAEZREIANREN (RIREIT RS TRV

\l

—————————————————————————————————

: / | Anchorl® AnchorAdD Anchorl® AnchorAdD
. class | DS AEFEE | DS AEREE 1&H U 7zbbox BRHE U beX
| SUb’E) wxed L sl wsn 1 sl wxr |- (K channels) (K channels) (X, ¥, w, h) (X, ¥, w, h)
X256 | x4 X256 IR E
box_) \QZE |
' subnet / :
| . . . | T
(c) class subnet (top) (d) box subnet (bottom) \

RetinaNetdHead

MoT N
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Anchor&@matching

BAnchor&@matching& (. ground truth (GT) d&objectz
EDANchorMRHIARE (RIARE TR hzERHDTOTEX
s CNICEDFHERYIDEZICESVWDSOREMNIBINRES

mRetinaNet C(&:--

« IoUR0.5LL EDAnchorh &I RE (positive Anchor)
« IoUN'0.4L FDAnchor(dtRit 9 RETIE/RLY (negative Anchor)
« EE55THERWANchorzixd CEFEE (AANER)

« FUFUDANnchor(C(ZESSADOORZMNMNT D EBAREY

BFE(C KD TmatchingFE(ICHE DML ENWD DD
« Digging into Sample Assignment Methods for Object Detection

« https://speakerdeck.com/hirotohonda/digging-into-sample-
assignment-methods-for-object-detection

« The devil is in the details:---

M—r (© Mobility Technologies Co., Ltd.
26

Mobility Technologies
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https://speakerdeck.com/hirotohonda/digging-into-sample-assignment-methods-for-object-detection

s S D5k

mFeature Pyramids Networks (FPN) (XXJLFRT —)LO4F 7 Rk
BIBDCEICKDMEENELELTWNBEBODN TN N1  MME
<€ COIRUNT

)RR (C ST DB bREEZ (multi-scaleD77 > N—aE5 C
T) DEFRBHNICRENTND EIAN—&BNAZ MPT

B CEYILFRAT—)LDFFHEZE D TR (BN DIRERRD T,
single-scale Tmulti-scale(CILiE 9 D&t s ZED< BH |
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BRIEXNeckZz LEH

= — N " s — o B
C4 — VO — PS5 wvio — PS5 b\‘slﬁﬂ"bb
FPN . 35.9 mAP rs 35.0 mAP s =2 A— L,
DYzt
(a) Multiple-in-Multiple-out (b) Single-in-Multiple-out
mRAT— Bi— 24—
)IIEI%II.-I:I LI cs . €5 . 4
E_ Zb—_ 4 MiSo SiSo o )b@ﬁﬁ&’&
LOBEE . 23.9 mAP - 23.7 mAP FOFFH
7 W e 7
(c) Multiple-in-Single-out (d) Single-in-Single-out
Ha) & (b)) ZERITDE, WILFRT—ILOFFHZME T D EICKDRE
TCEXFTRELRW

H(a) & (0). (b) & (d) ZLEE 9 B Esingle output(C KD HEEEIR TFHFE L LY
M—I- ) (© Mobility Technologies Co., Ltd.
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FPN
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WaHRmaU
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P4
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U>dmultiple outputTX X X°A ?
lMuItlpIe output(FETEENKE L)

- Backbone =" Encoder ——> Decoder

(Neck) (Head)
140 45
Backbone Encoder Decoder —e—Speed
. 40
Multiple output
» 35
(FHeadMEEL)
30

25

Single output(cd 3 & N Single output CHEE
W DI CETDIFEZ
IREITDH

BENTHS

RetinaNet RetinaNet YOLOF
SiSo(C=256) SiSo(C=512) SiSo(C=512)
23.7mAP 24.6mAP 37.7mAP
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RDHX TH

RetinaNet RetinaNet+HR QueryNet

Backbone Backbone P2

FPN FPN

Backbone

P2 P2_saved
P3 P3_saved

FPN
P3

LR
37.46 AP 38.53 AP 38.36 AP

13.6 FPS 4.8 FPS 14.0 FPS

Figure 2. The FLOPs distribution of different module when using
ResNet-50 backbone. In RetinaNet, the computational cost on the
high-resolution P3 accounts for 43% of the total cost; when the
higher-resolution P> is added, they together account for 74% of
the total cost. Our QueryDet can effectively reduce the computa-
tion on those features by 99%, leading to a fast inference speed
and keeping a high detection accuracy. Note LR stands for the
low-resolution P, to Ps.

C. Yang, Z. Huang, and N. Wang, "QueryDet: Cascaded Sparse Query for Accelerating High-Resolution Small
Object Detection," in arXiv, 2021.
https://speakerdeck.com/keiku/guerydet-cascaded-sparse-query-for-accelerating-high-resolution-small-object-

detection
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(a) ResNet (b) feature pyramid net (c) class subnet (top) (d) box subnet (bottom)
layer name | output size 18-layer | 34-layer | 50-layer | 101-layer | 152-layer
convl 112x112 Tx7, 64, stride 2

BT — )L B CTEH
33 max pool, stride 2 F E
1x1, 64 1x1,64 | 1x1,64
comv2x | S6x56 | [ 3x3,64 3x3, 64 : : ’ j:tﬁd) d
[3X3,64 ]xz [3X3,64 ]xs [ 3x3, 64 ]x3 [ 3%3,64 |x3 [ 3x3,64 |x3 === ea

1x1,256 1x1,256 | 1x1,256 |

- : - : 1x1, 128 1x1,128 | 1x1, 128 | h I*&256
conv3x | 28x28 gig 32 x2 gig gg x4 | | 3x3,128 | x4 3x3,128 | x4 3x3,128 |x8 @ a nne 1

L %3, 128 ] L 2%, 126 ] 1x1,512 1x1,512 | 1x1,512 |

- ; i ; 1x1,256 1x1,256 ] 1x1,256 | /1l
convdx | 14x14 gig ;gg x2 gig ;ig x6 3x3,256 | x6 3x3,256 | x23 3x3,256 |x36 Res N etd)c 3#§1£&0)

[ %3, 250 ] [ 2%, 250 ] 1x1, 1024 1x1,1024 | 1x1,1024 |

- - - - 1x1,512 1x1,512 1x1,512 3k (3:128
convSx | 7x7 333,512 | o || 333,512 | sl 503510 | x3 3x3,512 | x3 3x3,512 | x3 Cha N n6|;:r

[ 3x3,512 | [ 3x3,512 | 1x1, 2048 1x1, 2048 1x1, 2048

, , , e =1 o .
T avorage pool. 1000 6, softmax . (|:|-|_ (3:41:1) obility Technologies Co., Ltd.

FLOPs 1.8x10° 3.6x10° | 3.8x10° | 7.6x10° | 11.3x10°
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C54F D\ IE T E DNEDKREZTEHIESNTULNSD
BRetinaNet T(dstride-2Dconv TYERR =11/zreceptive fielddD XK=
INFEIN W JP6, P7ZFIFAL TL\B

REHDIFHN W T &2 Bz <7 VRDYOLOF T (Idilated
convolution Creceptive fieldZiiK9I D E&EIRE

BResidualtBE &9 D& TINSWYMAREBESI EHis 1/ —
---------- — (S

P>
g

(2)

C54¥(Cdilated conv
¥ C54FEiCdilated conv + skip

(b)

- = o e— e— = = = = - —_— l
(c)
scales > N B N B .
CS=> X=> X=— =——>X=> X=> X=—>O—>—>P5
. — ™ — ) —
scales of objects scale range covered by feature
Projector Residual Blocks x4
M—I- © Mobility Technologies Co., Ltd.
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B“we set IoU thresholds in Uniform Matching to ignore large
IoU (>0.7) negative anchors and small IoU (<0.15) positive
anchors.”

BiF(CRERTH—FIIOUNKRELLIRBD T H—HR=ECHD
¢ INBICXT L TnegativeiRlosszZMFTDDIIEIA L <R

BRetinaNet®E., B8 AT — )LD HZFHIT DIEE. RSRBYAKRZ
LT RSy T (HERIRE T, T H—(EBRD LS ([CHH <
BACE AL CULVRULEED CDRBIRE(SEEE T (LR
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FLEFE

BAdaptive Training Sample Selection (ATSS)

« Anchor-based’aFE&EAnchor-free’dFED/I N T A - > ADE(T
(B4 I3l EETFE &) positive, negative Anchorz €& Y D
matching 7LV X LDETH D C x5

EZGTHEI(C. B> H—EDloUEDFistE==E(SEIGE (Cpositive,
negative N7 1> 93 7'—&)0) ULEVMEZRE I DFEZIRE

mg + vy = 0.219
my = 0.122
my = 0.312
0.23 4 0 23
v, = 0.097
oos 007
o o
evel

11 Level2 Level3 Level4 evel 1 Level2 Level3 Level4 Level 5

(a) ()

Figure 3: Illustration of ATSS. Each level has one candidate
with its IoU. (a) A ground-truth with a high m, and a high
vg. (b) A ground-truth with a low m, and a low v,.

S. Zhang, C. Chi, Y. Yao, Z. Lei, and S. Li, "Bridging the Gap Between Anchor-based and Anchor-free Detection
via Adaptive Training Sample Selection," in Proc. of CVPR, 2020.
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BYOLO, YOLOv2(&positiveldbest match® 14D

BDETR(Z/\>>HU7>77)LT U X aTglobalh DIEEARY/RAnchor &
dOmatchingZzs&iE{b U CL\S

BYOLOF(ZpositiveDEZICEBH U T/I\S > XD EZBHCLT
LD (ELYDSexcuse

Bl (CECVPR21T. GT&EAnchor®DassignZzegiEft g dFENE T
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J. Wang, L. Song, Z. Li, H. Sun, J. Sun, and N. Zheng, "End-to-End Object Detection with Fully Convolutional

Network," in Proc. of CVPR, 2021.
Zheng Ge, Songtao Liu, Zeming Li, Osamu Yoshie, Jian Sun, "OTA: Optimal Transport Assignment for Object

Detection," in Proc. of CVPR, 2021.
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SR NR—XTHhDRetinaNet & DLEH
BRetinaNet X DEIZFLU LEOBE TR

Model schedule AP APso AP;s APs APy AP; #params GFLOPs FPS
RetinaNet [23] Ix 359 557 385 194 395 482 38M 201 13
RetinaNet-R101 [23]  1x 383 585 413 217 425 512 5M 266 11

‘ RetinaNet+ Ix 377 581 402 222 417 499 38M 201 13 ‘
RetinaNet-R101+  1x 400 604 427 232 441 533 5M 266 10

‘ YOLOF Ix 377 569 406 191 425 532 44M 86 32 ‘
YOLOE-R101 1Ix 398 594 429 205 445 549 63M 151 21
YOLOF-X101 Ix 422 621 457 232 470 577 102M 289 10
YOLOF-X101* 3x 447 641 486 251 492 609 102M 289 10

YOLOF-X101T% 3x 471 664 512 318 509 60.6 102M - -

RetinaNet+: YOLOF=EZE(CEMHOHEZRetinaNet

M—I- (© Mobility Technologies Co., Ltd.
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fask: FEUCSHEIICEZFIBI SDETREDLER

B7EEUNERT D |
Model Epochs #params GFLOPS/FPS AP APso AP;s APs AP, APy
DETR [4] 500 41M 86/24* 42.0 62.4 44.2 20.5 45.8 61.1
DETR-R101 [4] 500 60M 152/17* 43.5 63.8 46.4 21.9 48.0 61.8
YOLOF 72 44M 86/32 41.6 60.5 45.0 22.4 46.2 57.6

YOLOF-R101 72 63M 151/21 43.7 62.7 474 24.3 48.3 58.9

BAERYARIEIDETRD(EDHER

M—I- (© Mobility Technologies Co., Ltd.
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f&5R: Single shot detector&EEX(E---DYOLOR & LLE

B5 LD EBLLTE LD ERENREN

Model EpOChS FPS AP AP5() AP75 APS APM APL

YOLOv4 [1] 273 53* 435 657 473 26.7 476 533
YOLOF-DC5 184 607 443 629 475 240 485 60.4

M—I- (© Mobility Technologies Co., Ltd.
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Ablation Study: Neckigi&

X—=>X— 1> X=X X—>®&—>—>p5
Lo | o i qp) Lo |
Projector Residual Blocks x4

N | AP AP, AP,, AP Dilations | AP AP, AP,, AP, Dilations & Shortcut | AP APg AP, AP;

0| 33.8 177 409 438 1535151 35.9 17.6 414 48.4 2’1’/6’8 37.7 19.1 425 53.2

2| 349 178 413 468 2222 | 364 181 418 502 s

4| 355 17.6 414 484 3333 | 369 184 421  51.0 T 341 162 384 475

6| 360 177 419 495 1234 | 374 186 426 518 1,1}1& 355 17.6 414 484

8| 366 185 420 507 2468 | 377 191 425 532 11T

10| 369 183 424 504 369.12 | 373 187 421 526 T 326 150 384 442

(a) Number of ResBlocks (ResNet-50):  (b) Different dilations (ResNet-50-N4): N4’  (c) Add shortcut or not (ResNet-50): YOLOF results with
More residual blocks bring more gains. means we add 4 ResBlocks in the encoder. Di-  shortcuts or not on various dilation settings. Shortcut brings
N represent the number of ResBlocks. lation in the residual block gives large gains on ~ considerable gains on all object scales and becomes more
To keep YOLOF simple and neat, we large objects and slightly improve the perfor- important when the dilations are adopted (+3.6 AP with di-

add 4 blocks in the encoder by default. ~ mance of small and medium objects. lations 2,4,6,8 vs. +2.9 AP when dilations are all ones).
mResBlock(FZWEDIHELY (DM4DTEIF L T°3D) e N .
mDilation(d2,4,6,8 eoo—oo CEEEEEEE— > .

.« 1,1,1,108EEABEVDTHEISEL T3 TIEEE

EResidualttE(IHm > I=ANEL) e
o 2RT—)LELIZDOD TWBDTITRDEHRRT—)LHI\—3D=4E 1T
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Ablation Study: matching&B%

1 Opk AP APs5q APr75 APg AP, AP;
topl | 35.9 55.6 38.4 17.5 40.3 50.2
top2 | 37.2 56.7 39.9 18.9 41.6 52.0
top3 | 37.5 571 40.2 18.6 41.9 52.5
top4 | 37.7 56.9 40.6 19.1 42.5 53.2
top5S | 37.5 56.7 40.3 18.1 42 53.2
(d) Number of positives (ResNet-50-N4): Number of positive
anchors in Uniform Matching. Increase the positive anchor for
each ground-truth box can improve the performance while it sat-

urates when too many positive anchors. We choose the top4 an-
chors in YOLOF which achieves best results.

BUniform(Ctop-4H'EL)

MoT

Mobility Technologies

Matching Methods AP APs5qo  APrys AP AP, AP;

Max-IoU Matching [23] | 29.1 45.9 29.6 9.5 322 50.6
ATSS(topk=9) [48] 34.6 54.3 37.1 17.7 40.6 46.9
ATSS(topk=15) [48]* 36.5 55.9 38.6 18.1 41.4 50.8
Hungarian Matching [4] | 35.8 55.5 38.3 18.2 39.9 50.2
Uniform Matching 37.7 56.9 40.6 19.1 42.5 53.2

(e) Uniform matching vs. other matchings (ResNet-50-N4): Comparison with
other matching methods. Uniform Matching achieve balance in positive anchors
and get the best results among other matching methods, which is consistent with
the comparison in Figure 6. Note that **’ represents that we get the best result for
ATSS [48] when setting topk as 15. More details can be found in the Appendix.
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