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RetinaNet-iccvl’/

* focal loss FL(p) = —ay(1 — p) 7 log(py).
lossH=LR HEXMER: backgroud HE%R: foregroud
IEf Rl oss(E KIEE T R TV
fEiRDRloss(E FEH T EARE
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RefineDet CVPR'18
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ARM: 1kernel_size = 3x3, stride = 1,channel = num_anchorX4 (4#5[E])3)
2 kernel_size = 3x3, stride = 1,channel = num_anchorX2 (FIETBIGS

ODM: 1kernel_size = 3x3, stride = 1,channel = num_anchorX4 (4#5E]13)

2 kernel_size = 3x3, stride = 1,channel = num_anchorXnum_cls ($3'2)

Aleuig Joyouy

Conv
3x3-s1, 256

!

Relu

4

Conv
3x3-s1, 256

y

Transfer
Connection
Block

H L
 Eltw sum{Pe

Relu

!

Deconv
2x2-s2, 256

Conv
3x3-s1, 256

{

Relu
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SOft-NMS ICCV' 17

Input :B= {bl, ..,bN}, S= {Sl, ry SN}, Nf
B is the list of initial detection boxes
S contains corresponding detection scores
N, is the NMS threshold

begin

D+ {}

while B # empty do

m 4 argmax S

M by,

D+«DUM:B+B-M

for b; in B do

{ if iou(M,b;) > N, then

: ‘ B+—B—-b;8+—8—s;

end NMS

: | s; + s; f(iou(M,b;)) SOFENMS |
Figure 1. This image has two confident horse detections (shown e !
in red and green) which have a score of 0.95 and 0.8 respectively. g
The green detection box has a significant overlap with the red one. entd DS
Is it better to suppress the green box altogether and assign it a score endre .
of 0 or a slightly lower score of 0.4? ,

iou( M b; )

AEBEHMERFAFIOURTRENE, MEFEREERE.
NEEBIREFRA, FBEBHRERRTT. (TEEBN,
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Softer-NMS CVPR' 19

1 _ (J'_J"(: )2 N
Pole) = s A

Pp(z) = 0(z —z,) - BE, MERN%h

* PR AKLIR R

Yl x| <=1 Yl x| >1
e @ ; 1 | 3 1
Lr(_!g X 9 (.'I'g p— .F(_-)z + 5(.1 erty = 6_{"(|'r_q - ?-‘-'rrl i 5) =F 5(-[



Softer-NMS CVPR' 19

Algorithm 1 var voting

B is N x 4 matrix of initial detection boxes. S contains
corresponding detection scores. C is N x 4 matrix of cor-
responding variances. D is the final set of detections. oy is
a tunable parameter of var voting. The lines in blue and in
green are soft-NMS and var voting respectively.
B =i ...bn} 8= {555} 0= {01, .s05}
D {)
T+ B
while 7 # empty do
m ¢ argmax S
T & T o bm,
S+ Sf(IoU (by,,T)) > soft-NMS
idx < IoU (b,,,B) >0 > var voting
p < exp(—(1 — IoU (b,,, Blidz]))?/o})
b < p(Blidz]/Clidz])/p(1/Clidz])
D+ Dbm
end while
return D, S

W45 R FIUN(E

{mlayl: o, y.?asag.rlagylz giﬁgﬂgyz}

_ o~ (1=IoU(b:,6)* /o

Zipi:ﬂi/gg,i
a Zipi/”g,i
subject to IoU (b;,b) > 0

S
|
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Soft-NMS bt BNMSTRFH1 A ICCV' 17
{3 FAKL-lossiEF+2 3,

Softer-NMS {5 A Softer-NMSEE CVPR' 19

soft-NMSER 2=
tbIh S FNMSH I B
[CVPR' 18] [Fitness NMS]
Improving Object Localization with Fitness NMS and Bounded loU Loss
[CVPR’ 19] [Adaptive NMS]
Adaptive NMS: Refining Pedestrian Detection in a Crowd
[CVPR' 19] [MaxpoolNMS]
MaxpoolINMS: Getting Rid of NMS Bottlenecks in Two-Stage Object Detectors



CornerNet ECCV'18

Prediction Module
.4( — N
e
Top-left Corners & Heatmaps
[ Corner Pooling

Embeddings

Offsets
Bottom-right corners \ — y

Hourglass Network

. BFRIENE EBINETA
cornerfJembedding vector, [E—BRAIF N cornerfYEr A Z [BIRYEER MR/
cornerfiyoffset

1
2.
3.




CornerNet-Corner

* Each set of heatmaps has C
channels, where C Is the
number of categories, and Is
of size H x W. There is no
background channel.

* Each channel is a binary mask
iIndicating the locations of the
corners for a class.

22 442
e 205 o is 1/3 of the radius.

C H W (1 — p..,.)"‘ log (p) if Yeii = 1
1 FPey c1) ct) 1
Lo )

L = — [ x >
= - y(_..,-j)‘a (Peij) log (1 = peij) otherwise

we set ato 2 and B to 4 in all experiments



CornerNet-offset

* a location (x, y) In the image i1s mapped to the location
(LZ],12))
In the heatmaps, where n Is the down sampling factor.

* predict location offsets to slightly adjust the corner locations
before remapping them to the input resolution

(:1:;.- {-’Iﬁk J Yk V/k J)
B =———li=—|=
n n n n

N
1

Loy = VE SmoothL1Loss (o, 6)
k=1



CornerNet-Grouping Corner

* Our approach is inspired by the Associative Embedding method
proposed by Newell et al.

* METNEMMONEIN B /RNBRA@NE, EFEURELLAMAT
ARTE—TAFE, el AZBENEBNIZ/N. AT,
BT DRIBE ERA T A BB f S 744,

.
1 ‘
HH_WZ{GH‘_GA ebg—e,@)z} (4)

N N
pu sh — N — 12 z maﬂf(o,A—‘e};—GJ“) (5)

k=1 3=1,=k
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Feature Selective Anchor-Free Module for
Single-Shot Object Detection CVPR'19

* feature select anchor-free module (FSAF)

class / p !
Classtbox | 1 1 subnet [{WxH " WxH WxH &
= - - f— |
sub ets ‘1 ! %256 oy %256 xM
1 /

class+box

I
! !
I
]
I
. |
]
: L ) U anchor-based \ anchor-free i
I
subnets ! / / I
{ ) ' !
class+box | v | V;;:____ \Ai:H ] :
subnets |V 1 pox X x4 el "Wy : 1
1
' : 1 !
i I
%
I

L ‘\ 1 subnet
feature pyramid \ =

VISE=S, hfEEE N iFgroundtruth boxflossEETENMBIX—EBRN 2B, EBELEE N IMES,
(1) ground truth boxf925: k;
(2) ground truth boxfJ4tx: b = [z, y,w, h} ,E;EF', (x, y)FTmboxfcenterdétx;
(3) ground truth boxESBIMHEE ERVIRE: b, = [a:ﬁj,yp,wp, hﬁ

(4) effective box: b, = [z!,4},w, hl], b::fETb H—&b7, 4eritbflzEEe. = 0.2;
(5) ignoring box: b} = [z}, ¥}, w!, Al], bﬁ_%i"rbl —&By, EELRIEREIe; = 0.5;

g _ 1 _ I _ l _ _
& = :cp,ye = yp,we = eewp,h‘3 = cehp, : = :L'p,yi =
yi,,wﬁ = eiw;,hﬁ = eihfo. We set e, = 0.2 and ¢; = 0.5.
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anchor-free branch |

1
I class output “car” class
1 o for one feature level :
1 8 q
1 1
focal loss instance 1
: 'w |-|‘ |
1 ; |xK ) 1
! | 1
1 | @ !
1 I 1
1 1
| |
1 1
1 ,’/‘ 1
1 /,/ 1 1
1 22" | loUloss 1
1 | 'WxH' I
1 1! a |
1 ! X I’ !
1 | : )’ 1
] | 1
1 wr |
1 box output :
1

3.2.1 Classification Output

effective box bl Frpositive iz, tNEFEEERSFTR. b — b iXEDignoring KEFEERES 55 2TS, MEHK
BEloFis. ground truth mapfIfl&kXiEFRnegativeXis, MNEFEEIHDEFIR. BBADRESHENE—MEE
BEMD2, ZEREIELHERINAYE, (FEXRA T Focal lossiRARAE].

3.2.2 Box Regression Output

NFEFES S, BE4 M EHoffset map, Mchannel&EERE, 8—MEERXIR 7 FRMboxaIMETR, RAD
{EEE T HExImE, BIHEIRE(, J)'ﬁbl HOPUSRINAYEESS. MHE, EJaground truth boxREMH 7ol Kid, FTLUXERAY(,
JRZXERRIFIEGERE. N EEBPBAILIEL, B35 RIgroundtruth offset mapEIBEMXIER TH155 2850 2HRY
BEXIFHER. B35 Z/EE KA T oUIRKERE],
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MZ2Det AAAI'19

ZRFIE & FIEMEMLFPN, TR EMMLFPN, Z54&SSD, 728
— M ESingle-shot B #r4& M1 EIM2Det

| MLFPN
: - -
i iy : » .“W » 5x5
| 5 shallow a

320%320

--------------

i
:
i
i
|
|

_ |
i
] ) b g | =——— e
{ L | —  FFMvVZ
' i —_—

. ! " =
s kB —_— 1 fury 8
I\ i i1 ] g
‘ ! — e ;
b 1 5 medium
. |
¥ . oy
s N
. | o !

ur i nding

siahe| uonaIpaid

Backbone network

> FFMv2 -

| Multi-Level
~ Feature Pyramid

--------------------------------------

_Shalliwleval 10x10%1024
{ Feature
? 1x1x1024 I1x1x1024

pyramid 1 : Excitati
< . ~— Xcitation

Medium level T 20x20x1024 & (T aers; M) 20x20x1024

3 e -)‘.-\:ii—_._. V Fed: (64,1024 5
Feature _mE—— 3N

pyramid2 | .  oamescale Reweighting
N— concatenate o —
 Decplevel



M?2Det

(1024,20.20) o | [To e
1024.1x1.1x1.512 2x2
(128,40.,40)
(512,40.40) Py (768.40,40) (768.40,40) = (256.40,40)
si23e3.1x0,256 || coneat | ——— “| 768uxr1x0028 [ [[e——

(a) (b)

(256,40,40)

Conv Conv Conv Conv Conv
2 2256 256 22 286, 3x3 22,256 256 3x3.2x2, 256 286 3x3 2x2,256

(o]
g
=

@ Conv . Conv Conv h Conv
=

D Fanl Va.
256,3x3, 1x1,256 256,3x3, 1x1.256 ( 256,3x3, Ix1,256 T 2563x3, 151,256 | 256,3x3, 1x1.256

Conv Conv Conv Conv Conv Conv
256,1x1,Ix1,128 256, 1xl Ixl, 128 256 Ix1, Ix1,128 256,4x1, Ix1, 128 256, 1x1 1,128 256 1x1,Ix1 128
|

(128,40,40) (128,20,20) (128,10,10) (128.5.5) (1283.3) (128,1,1)
(c)

o C onv+BN+}}cLU Iaycrls Blincar Upsample +

Input_channel:2 h :128; @ 8
256,3x3,Ix1,128 | 'PPUL ipat._ cle-wise sum
- = Kemel_size:3x3:Stnde_size: Ix1

Brief indication:

Figure 4: Structural details of some modules. (a) FFMvl,
(b) FEMv2, (¢) TUM. The inside numbers of each block de-

note: input channels, Conv kernel size, stride size, output
channels.
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Tips

« {58 Ffocal lossia 2 25 Bl AN &Y (o) &
e {§5 FHsoft-NMSHENMS
c ZRESFIE

detect >
e T 7 :  detect
detect ™ ¥ > [ detect |
getect ] ? | detect |
etect ;
£ ¢ [detect |

(a) SSD-style feature pyramid

o detect

transfer | )
|
N detect
A
— v - )
- Y

(c) STDN-style feature pyramid

detect
J'l——'\:c ctect

|_detect

[ detect |

(d) Our multi-level feature pyramid

Figure 1: Illustrations of four kinds of feature pyramids.



