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Abstract  Panoptic segmentation is the fusion of image semantic segmentation and instance
segmentation. It has significant application value in automatic driving, robotic applications, etc.
The query-based method unifies semantic and instance segmentation tasks in the current deep
learning-based panoptic segmentation methods. This method applies the attention mechanism in
natural language processing (NLP) to image segmentation and achieves the recent best panoptic

segmentation results. However, because the amount of input image data is far more significant
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than the amount of text sentence data in NLP, this method cannot directly use the input data as
the query vector. So current works construct a fixed number of static vectors as queries. However,
this static query design has problems such as the uncertain number of queries and the confusion in
instance representation. On the one hand, in this static query-based design, it is necessary to
manually set the number of queries based on experience. But, in practice, the number of
instances in the input image is not fixed and varies dynamically. If the number of required query
vectors is too small to be less than the number of objects in the picture, then the queries cannot
represent more instances. And because each query vector generates a corresponding mask image
during the parsing process, doubling the query vector will double the resource overhead. Therefore,
if too many query vectors are set, many resources may be wasted under some image inputs. On
the other hand, because the static query vectors are not related to the input image, in some cases,
a static query vector may generate a mask for multiple objects, or multiple static query vectors
may obtain masks for the same thing, which is a confusion problem in the representation of the
queries. To solve this problem, we expect the query vector to be dynamic and related to the
things queried in the input image. Each query vector has a certain distinguishability. Therefore,
this paper proposes K-Query, an active query panoptic segmentation method based on the
objects’ key points. It aims to associate the instance’s query vector with the instances directly in
the picture and make a certain distance between them. K-Query first maps the instances into
distinguishable high-dimensional embedded through the depth neural network. It ensures the
embedding distance of the corresponding pixel points of the same object is close enough and the
distance between different things is far enough. Then, based on a fast clustering method, K-Query
selects a corresponding high-dimensional embedded and its position encoding for each object to
compose the final instance queries. The query vectors in this method are dynamically generated
from the high-dimensional embeddings of the instance itself in the input image, which can avoid
problems in static query approaches and improve the performance of panoptic segmentation
results. We implement K-Query based on detectron2 and evaluate it on two datasets. The test
results show that K-Query achieved 63.2% PQ and 52. 9% PQ on the Cityscapes val and COCO
panoptic 2017 val dataset. It has increased PQ by 1.1 and 1. 0 points compared to the current
state-of-the-art method.

Keywords deep learning; image segmentation; clustering; instance segmentation; panoptic

segmentation
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o B S A ik A ) B A Transformer & 4857 E , 5 4E
FRAE X BT 7R AL R ) KA V5 (3) di i O B
SR U DS 01 4 A i B o 458 A 1A ARG
(0L i i 8 S AR ) i Qe B A RS
i QA Qs (D REFIH Q. K.V AE
J i Adf 1 Transformer-Decoder 15 2] 5% 2% H #7 %)
G SCAT AN I ) . e S A S AL B R
53 )/N oS A ELE

R[] 5 Qsvutt)

[EE =tV L]
S A ) [
: M gy .
iﬂ:éK
g e * ¢ I D I D Y Q
C? % ek Transformer 5 ST S S kernel
M . o o Decoder
< fKV
EEN %S @ Transformer
ic & R T Encoder
%4, = e L ONEIE=S X
& B
TR AERS ERHAIE o BT
Kl 4 K-Query &5t )7 EHESE A
9 1 ik B SR s B AT XA A S B ik 18 ] & )
A48 A SR SR 42 52 45 A CInstance L=g 22y 2l nl=oT @
Embedding) Jr #4770 & ik B F— 5 b e 2
o JERI e . L":C(C7—12 D280 e s |15 (&)
1%%%%@8@*&&/\@%2@E‘JEE%%E%@JEEK ><‘A 1 Cp=1
R0 52 1 i A 1] B 22 8] B BE S R 98 . 28 5 G B Loy =al,+pL, (9)

Ji B SE AT i A T A Sy g A A ) e 0 R .

H T S ) 2 0 i f it A ) A0S R R A
B4, FEFEEEBEE RN T WA Z fEikE”
Hh bR Ay B A SR R B — N O B R A A A
i), FRATBET T —Ff e S o5 HE IOy vk i R G
FRIAZ O 7E T H A 4780 7 R 2K 05 i, B nl LA
F GPU ¥4 1 A7 RE 1 W $12 55 $ Uk 2
3.2 ZHIHERAN

T =R A R B AR BT
Decoder JZ2 B EURFHAE it o8 Hyyo X W XD Y
)i EASCHICAE E L HOW b A R 1
JERIGEE . D AR R S AR AR A H AR N
A& R o 0 T A X G AR R AT AT X 4 Y e A
G5 DR UE AN [7) 52 ] 45 R % I 1) 4 A ] 3t 22 [) )
FF 2 2 08 58 A [7) S 451 PR A5 3R X L PR i A T i 2
] ) BE B A . O TR R B Y, 2% SCik[42 1
T3 W AERERLYI LR 323 43 R F A0 R BT 00 4 2K bR
B Lo 20K SRECH LR L W3R 43 20 K.

AR, [ XY FoRmE X MY Z A,
FEAS SCHIZBE B8 1 SR R R A U B . [ X, 3%
A X (H ST Fe/ME R 0 19 E BT, B max (2, 0). C
For B R v S 8 N 3R s 2 AR R R A
B 0 F R T T R R SR GBS 1T B A
L 8T 0, 00 52 451 e BT A A5 28 8 6T L A ¢ A ] 3t %)
BT EZ B A EE BT 2N T 0. proa Bl gy TR
B R s A F1 B e A ) &P B0 45 %8 L,
F 0., T B R AT B AN S A ] 2 (E
ZI M BT R T 2 £5 o0 AR EEL L., T
(1« F B ZRRALEE o 78 A 3 H AR 48 52 55 28 50 43 1)
{6 0.9 F 0. 1. 28 6,1 6,43 A EE 0 1 0.5
3.3 XESRREE

R A8 4 540 #0 10 B Aw , LA SR 3 AL s s
AR SCHA R 1) 1) s A ok B IR R e S IR I 1
AE it A G i H B A A 1) ) 2 # R— > B R
S DA b5k G S Bk A I SCRT N FE A
B et i A g b i o T8 o 4% A4S 52 48 %8 I 1 18 3%



1700 I A T 2023 4F
HAES A FRETIXAB%”. RIE—F 16.  position= paire_dist(E[ position],Q).min( ) >
R BRI, FRATT AT AR 25 58 7 AT X 43, SRR N T_DIS
AT I H B A 1. Paappend position
{25 1 i it 18.  Q.append(E[ position])

19. RETURN P,Q

BT IR YOG B R AR O R AN AR 1 L B
RS AR R T

(D 25 g 9] i Ak, ] False #) i fb bR ic 55 B M.,
ZH I K 08 5 R R A ) B E AR ] 5 W0 46 1k A i
mEES Q XN AL EES P YIRE R, ’E
BN EKERERN L.

(2) 1b B S S R AGRERAE IR E b
3XZ M L 5 H AR 8 il B AR Z Y B KR
B Hlse o REE B R T BI{E T_DIS, W £ 75 3% H oL
SN L AN R A BT R A i B AE R AR E M
Frich True.

(3) A A IEFE A AL N M 2y False 1 51
HBEPLIERE K A SR L A0 IR FRic MA X 1 o7
BN True, SR J5 I 5 28 5500 U ok e 2 4 B 25 (9 {EL
T_DISUPAE T E/INTF 0.0 43 2 A - WEEAS R
Bl ML 45— A AUV R 32 87 X by S5 48] 7 D B ™.

(4) 3o U8 5 S 491 1 O B A TR IR R S IR R Y
RN Q ] Y SR /N RS A0 R S /NS OR T
B T_DIS WK% KBS "B E Q , FoxXf 1
PLEAE B A P .

(5) ERPATA TR M (4, HRIbRICHEE M
I A True 8% Q MK BEILH L. kAT
e, IR IS Q F1 P.

BiE 1 CHE PRI

WA: E,L,K,T_DIS

b 0.P

1. //#¥kfe M.Q 1 P
H.,W=E.shape[ :2]

M=zeros(H,W).bool()
Q= List(size=L), P=List(size=1L)

_~ w N

5. // %Lk

6. M[edge(E,T_DIS)]=True

7. WHILE M. false_count()>>0 OR Q. full(): //#& [

8. //TEMEME P RENLIEIR K AR

9.  mask=random_mask(M= =False,K)

10, //FRiCAAL B kT

11.  M[mask]=True

12, // B JE B & 5 P BEPLE I — > 5

13.  position=random_gc(rc_cluster(E[mask], T_DIS))

4. //AFERER ST ECH S Q ZIE Mk /)
R

15, //KF T_DIS W i A i 5% 5 st

BT S ik A 43 H TR R X 2% S B, H
HE PR S8 R A G B 5 T A7 AE — 8 R 22 L R AR
S 21 S s LR 25 AR TR I A O AR AL
TR AR IR (2) X i Bt B AT O s AR A
PR A U7 B 3 A v BRARURS 00 8 AT RA XS
1h VB S5 B A S R A ) i R AT R SRR R
R EWEAEREN N, FEIHA M GPU 41t
SRR TR W R T R BRI SR T T B A5 8K (3) AN
W7 XA 2 R K0 7w kst o 7
FH IR N AT FE.

HEAGEOLT REHAER B 02K BE £ A%
Rl R R 43 )y AN HsC i) 7 4 B AT
AR — A DR XS T (R A8 8 o R FHAS [) ) 2R
KL R M LS R, Bl K-Means'™ H ik
BN g de i A H AR #E” A E 1 Mean Shiftt* |
DBSCAN" S50k A Jl i 587 1 A~ 5 el 858l Fn
P A TR sl N7 S | TR =R &1
R R EEES ARG AT 0 28 G OO 4R AR X T /R
WA T IRE IR % B HESR A KA oA
SCRFAE AL R A AR AR 2 T 2 0 1Y 4 R 0 AR R
o A TR S 5 ISR RIS SCHR A DG B R
PRPGTRWFHES SR B b T8 WRE T
BB AT RS ANE A 2 5% 9. O A SCHR
TR A B BT X /N B RO | i A A T
PR AY 17 51 2 255 2 (Row Column Cluster,
RC Cluster). R AEH WL 2, AARPA TR T

(D IHFEWMARKEN L W5 D b ITRZ
(i) 79 B 5, 45 1) B 2 40 B L JF 4% I {H T_DIS # gt iz
S FF DMAP. ST R Z 8] B g6/ T B {H T_DIS
JICE s /£ DMAP X} N (4 67 B o 1. A7 &
FRig k0,885 X5 DMAP F X M s BUE 1 3] Lok
17 AA 5

(2) 52 HI 5 DMAP S5Hi{i}y TMP ;

(3) 7E. DMAP i F 4 F LR H . %5 T %
G e KAH s R 5 # AT IR T2 A7 " B KA 5

(4) XF tt DMAP #1 TMP . 40 5 & A7 89 {8 A 48
[6], U3 5 DMAP 5 Hi {5 3] TMP $X J5 ¥ 2 58 (3)
AT

(5) eIt 3 [ DMAP [ %) 2k RIS HE R ik
[EREAE
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Bix2, IRV E . 13.  DMAP[ -, .]=DMAP.colu_max()
#WA:D.T_DIS 14, //WRHEREAAEA AL, T8 R
BT 15. IF DMAP==TMP.

Lk Tk 16. BREAK
. L=D.length() 17.  TMP=DMAP.copyO)

1

2

3./ /SRR JU R Z (8] (1Y BE S R A5 ) 4B He KR R
4. DMAP= (paire_dist(D,D)<=T_DIS).int()

18. RETURN DMAP[diag] //iR X L A5 R 1
WE 5 Fros . s 6] B B 48 5 48 M A oE AT — IR AT

5./ /% E FI R G 58 RIS, B S B = A7, Hogw 5 4 5|
6. DMAPldiag]=range(1.1) H3TN0. EREBERFEF HBELBERERIERSE
T VAR cobyO HEAT ) 3 RO SR U5 AT IR 23 2 5
8. //ATSIREAAE FE R ULV I 2 21 o it B AL R 0E (batch) . FLX B4
9. WHILE TRUE. . R N
. o TensorFlow!® . PyTorch™™  MxNet"® 25 8k & &
10, //BATIEFRICRIRIZAT R KA - PRI, FHE I R LA
L DMAPL, o] DMAP ot s HE A7 M B B HE AT B
12,/ AR T R R K RIS DL
111 111]1 AT3T3T3
211 21212 31313
11113 3133 31313
411111 4141414 V7177
11511 515155 V7177
111(6]1 6(6|6]|6 7TV717|7
1(1|11(7 TV777 7TV717|7
8111 81818 10(10[10
1191 91919 10(10(10
1]11]10 1011010 10(10{10

(a) FIRRABBSEFE, WAL f 2k
B 5

H T A SR A7 51 SR 205 1 % 52 o i
AR SE 22 B AE 4R G it b LA R E R Y O
PEAR AR s DRI 7 1 A A B 2 40k A 20 %
PEA TN E SCR DL T A IR 2 X 3 5L H 1.

4 SLIRISIE

N TR UEA SCHR ) K-Query J2 15 B AT 54
1) 4 5o or HIVERE  FRATTANZ Iy kAT T g% SE B, JF
TEW A OBEE AR B R AT 1 45 0 HI ORI i
4.1 B
4.1.1 BHE%E

753 3% A Cityscapes £ 42 il MS COCO panoptic
2017 B dn A M K. b Cityscapes B4l &
BEER X B S g S SR8 T O R 23 T Y A
P o3 HER O [ 2 2k 43 B (2048 X 1024) , $i 4l
B 19 41K op 3, Horp 8 S 2R HAT sS4
YIZRAE (e uE4E A 73 3 i 2975.500,1525 5K [
F4H %, MS COCO panoptic 2017 B EF KR K
FRIET H WG 5 a4 = WY s & Sh iz gl
B EAE 26 133, Ho B S fE S
728 80 . i B 4R 1Y T R R/ SE L H i

(b) #%“A47” TR
“ATHN ARSIy 1 b PR AR R

(o) G W T HmK

RAFHERAR I 640 X 640, FHXF N 9 I 25 5 | 56 1
A IR AE Sl 118 k,5 k., 20 k 3 R 4Lk 1%
A 5503 FII IR B 4R e SR M AR M U 4R
4.1.2 SEBgny

AT detectron2t I HEZR X K-Query #4174
i S B T2 G TR HE S0 85 DL ) B T I 4 4 K pR AR
A As SR B 7 98 B LT AT BORL T kR DR I
WD AT R B SORTE RO 2 5] b T RS
1 1 K-Query 1 J2& 55 T A 1] 1Y 42 5% 40 81 5 1%, 7l LA
BT TR R S AW T A AT S R S R 3R T
I ELARFPE MY B AT IR e HE 0 TAE Mask2Former™”
VB B Ailt s 72 22 b 3980k A &5 48 R 5G B R A ) A
Yo, FERTAIFCE Lok H Res50- F 2 & 1 M 4. 4R
LI 2 00 iR AR 4R D BE S 256, ¢
MRS L BUHE 512, K HUH 1000, T_DIS B
{8 0. 1. HAh Z %, ] 4l batch_size. 2% X # (learning
rate) (I 2k ik A0 IR B (steps) LG 4k #8 Coptimizer) 4§
WE NS TAEY MR i JE R 2 Q01 &
U BRE, Horp y #5250 22 30 BE O 10.

Loss= Lvuszromer T ¥ Lo

4.1.3 WEFIRBE

AR SCAE DU X0 U e o P A R R BR B R B

(10)
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Hl

L
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Eild 2023 4F

GPU i 45 %% . H: CPUFC & A 2 #% AMD EPYC 7302 4k
FREs N A7 R 256 GBL.GPU Jy 8 Ht NVIDIA GeForce
RTX 3090.
4.2 DEIGER

TERE AR Cityscapes val 3045 4 1 iy il i 45

52. 9% AEAM A T MR E T . FAE S T s H
b R 4 43 B 5 ik A0 HE AT B L B9 Masks2Former
FERTE 1.0 AL

% 2 MS COCO panoptic2017 val P& EHEER3TLE

i B GRNLE PQ pPQ" PQ"
w1 s, Hp K-Query A EE TMEBRE T A iRy %
B Al A T ER T 63, 2% PQ By EI R, Panoptic FPN[12] Res101-FPN 39.0 45.9 28.7
. AUNet L7 Res101-FPN 39.6 49.1 25.2
X TS & #: Mask2Formert'® # )
AT 2 o 149 1 265 360 7 2 e UPSNet!®) Res50-FPN 42.5 48.6 33.4
THL 1A R Unifying'4) Res50-FPN 43.4 48.6 35.5
ERNE NSRS
& 1 HIELE Cityscapes val EHI £ R 5B ERXTLE DeeperLabt!?] Xception-71 33.8 — —
J5 k4R RS PQ  PQM PQ™ SSAPL18] Res50-FPN 36.5  — —
[ER TNy RES Panoptic-Deeplabt!!] Res50 35.5 37.8 32.0
Panoptic FPNL12 Res101-FPN 58.1  52.0 62.5 WA W Rk
RT Panoptict®®] Res50-FPN 58.8 52.1 63.7 PanopticFCNL53 Res50-FPN 44.3  50.0 35.6
AUNet!" Res101-FPN 59.0 54.8 62.1 K-Netl] Res50-FPN 47.1 51.7 40.3
UPSNetl¢] Res50-FPN 59.3 54.6 62.7 Max-DeepLab[5] MaX-S 48.4 53.0 41.5
Seamless[“] Res50-FPN 60. 2 55.6 63.6 MaskZFormer[m] Res50 51.9 57.7 43.0
i [15] Q
e
Net e : : : K-Query Res50 529 58.9 43.8
Unifying[!*] Res50-FPN 61.4 54.7 66.3
ERNITENERES N
DeeperLab!!9] Xception-71 56.5 — — EE ¥ K-Query Eifﬂt ’ %%ﬂ: Mask2former
SSAPLI® ReSOFPN S84 50.6 —  ghA ATk 75 R Ui R ke )
AdaptISF52] Res50 59.0 55.8 61.3
P S Sl A e A
Panoptic-DeepLabl 1] Res50 60.3 51.1 67.0 TR 45 transformer L I 252 8% 58 & —#F
WS A 7 BeFRATRT LA K-Query £ Cityscapes ZUHE £ Fl MS
PanopticFCNE53] Res50-FPN 61.4 54.8  66.6 ) "
Mask2Former!10) Res50 62.1 54.8 67.3 COCO panoptic 2017 $#g4E I, # %} Mask2Former
EE A LOPIRES SR LA PQ T8 Ak U T H Bh A A RRAE.
K-Query Res50 63.2 56.2 68.3

K-Query f£ MS COCO panoptic 2017val % §J#
R 2 iR EW PQERN

RS

K-Query Mask2Former

Cityscapes val £ 4

K 6 B/~ T K-Query 5 Mask2Former HJ %R 45
a5 FNE R R XS E. 7E S22 SR rp T 4y
K B Mask2Former f¢ 75241 & 2%, X F 2 T M

'w'w

» ‘

| — . . k
GT K-Query

COCO panoptic 2017 val¥iF4E

h‘

Mask2Former

|

Kl 6 K-Query 5 Mask2Former 75 #8730 P AT B 225t 73 FIACR XT HE



8 WRIR LA K-Query : 56T 50 B i 4 1A Y 4255 20 1 5 s 1703

B R A i M AT A 17 A SE R B R T TRl — A~ 3K
SR 1 K-Query B A 2 RUR) R, A SCIN R .
AR TR A 5 I FE T K-Query 1 5 3] 1] 2 J2 FH
BB R A, B S ok B B4 2 0 %0 B in
WA, A X 1 25 A TR A S 4 Y A3 R

4.3 yERXW

TEY i S 3 b i FH i £l 4 O Cityscapes val,
S v oK W B U 0 S RO R R S R G S
AR A
1.3.1 BTFM%

o T IR T W 45 4 K-Query 4 5 4 # 4 BB
PRSI L A 33k A TR) K ZN A Swin® ™ 9 2% 1 Ry B
T P g AT I L 38 T O T B RLER K L HZ b RE
A, A P R U 7E K-Query 9 2516 ] &, I
557 P B SR A R T 0 2 2 A 3 AR A 0 RO DU
R 3PS 3.4.5.6 F 78, S 56 K A1
. Res50 4%, Swin W 2% B A T 58 LA GE ) . HF#
R RALGE S By 1G9, H PQ 43 #1145 3 7E 4k 22
BN, Ak 64. 8% .66. 7% .66. 7% .67. 2% , #aH
PN 7 frs. 45 R R W] K-Query 1E 4 5 53
b S A A ) B AS A A B RE R B

x3 EMNAEHTHERSEERILL

(ECRNEE PQ  PQ"™  PQ" Ik
Res50 63.2 56. 2 68.3 JF A K-Query
Res50 63.0 55.8 68.3 Jo il B id ug

Swin-tiny 64. 8 58.2 69. 6 —
Swin-small 66.7 60. 6 71.1 —
Swin-base 66. 7 61.1 70. 8 —
Swin-large 67.2 61.2 71.2 —

68

67r

66

651

641 .

X Lt
563' —l— K-Query
< . - - - A= -~ Mask2Former
621 . —— PanopticDeeplab
61k —&— PanopticFCN
% —+— AdaptIS
60F —o— UPSNet
59 SZ —&—— Seamless
——e—— Unifying
58 . : : : : : ‘ ‘ :
? R50 Swin_tiny Swin_small Swin_base Swin_large

7 KJE TAEAE cityscape val E1) PQ{H

4.3.2 QB ASER

FEBRIAY K-Query Jit & Hr, ¢ 5 5 BRI e K4
BN L="512, R 7 038 32 {5 6T 4 557 40 50 1 52 )
ARSI X ANE] LAE T B K-Query #E47 7 I3, it

S SR 8 73 W 25 d5 7 SRR R 24
A3 4 7 8 JE T — R B (L= 128)
5 - PQ A AEA L.

270
64 CaPQ q - 5

= g 032 08 02 02 62|
62 618 a

Pl 150

60r 59.0
58] gl 190
<] O
561 d 1307~
541 / 120
525ﬁ/ 110
B T L 0

) N NA N > AN N A
v \,4\ \J;b U P u %\‘L . R . %Q\ %XQ(L 4‘19&
PS;I=Can3 N ]

Kl 8 PQIC KL A%

R T 25 B R S 5] A DG B R AR ORIOR A SR
TR L7 55 %7 (Instance Coverage, IC),
0, INK<1
ViD= (1)
1, INK=1
SYV(GT_INS[i])

IC= N 12

(1) IR L& A5 4 O S D e b o T
Fon BRSNS K N ARG BB 2
FORTA) G OB IC I b bRid A &, a2
GT_INS 3R HARSEBI G “ Ll 35 37 1C Rl g
RLIBIAE BT AT S0 R 1) o5 L R R R 3R O
PRI AT

WE 8 a8 br IC B & L db3g m
TEAEIG I, 5 K F — & B (L =128) 5 . AN TE
WAL S AR ARSRAE SO A . E IS R A E B
W T A PR R B (1) AR AR R S il A5
PRI AR 223888 K5 (2) 47 51 20 T 0306 78 S il A
Gt bR EE. LK R Y] K-Query Y 52
il A o) 5t 4 B 7 v R AR SIS B 1 0 A AE R B AR
k75 [H].

4.3.3 XHZHA S

1E K-Query i G5 s P2 HG BR o B 8 R &
FRERAE AR5 2 i A Z 18] 1Y BE B % B bR I A e
T BRI T AT T 3 U R TR i AT
O A R IR S AR SCAE R R AT 10 5 U 1
AP H AR EIERE AT TN, S R gk 3
925 2 47 BT 7 o A R G M B PQ H R [ 0.2 4
B PQUFRE 0.4 A i i A 25 R R B A B AR Xt 4
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Bl

1R 2023 4

AL
=B

(320 R 43 s AR B R W A T 5 AE AE PR 1 U
Bl P BOCHE PRI A 25 JE T T B4 S 4y H 4
4.3.4 BREL

AR SCHE A7 50 20 PR 3R 2L 2 K-Query
R OB L R T TE 3% R S BRI A B R A R A
AR SO FL AT TR B, 5 SR & 9 FEL 10
iR, B Mean Shift J7 3% 2 % WY e B AR R E
(R T5 ik A Sk T Pytoreh-GPU JiRAS 11 52 A
St E E AR HoAth B UL T T 48 R A B R 2
B30 R T A e A A B FE VR B 2 ) AN H
H A% A & BT Pytorch 45 ¥ B 2 > HE 22 1 52 3.
AL R TP RN 7 153 AL B FE N 1k 3] 22k 1Y)
TERERAE L SR ST X LGB AT A R R P A AR

241 —&— Mean Shift
29 1 —e— RC Cluster
20
181
16
w14
=
EIZ B
10
8,
6k
e
2 M
0 A Il Il Il Il Il Il Il Il Il
12345678 910111213141516171819202122
HdEg/k
B9 ATy kB XTI
18+ —&— Mean Shift
—e— RC Cluster
16
14F
ml2f
R
S
W10
Fing
~
& gt
=’
6,
4+
2,

’ 1234 "; é ‘7 é é1‘01‘11‘21‘3141‘51‘61‘71‘81‘92‘02‘12‘2
Kk /k
Bl 10 RET7ik GPU WA IHFEXS L
MAIEL 9 o AT 1 i 5 5048 ML S T 97 K Mean
Shift J7 i b BIURCHR 19 B I8 B4 KO 5028 1T A
SCHR 11047 91 2 DRl 3K 7 1 0 R A e ]

RUBE . 38 26 BT DA R B, A SCEE ) RC Cluster
KT AN Mean Shift 4L HH L AE 1k 8] 22k
KB 8E b SF 4R T T 14, 7 £ A ST T3
LT B AR R R R AR A A T AT A A R R
BT B 8 G Pytorch S5 gk i i HHAE L, wf LA
WA & 8 GPU E 45 1 IR 17 HE

W10 Jros » XF T A7 I #E - Bl B0 AR 1Y
1K, Mean Shift fil RC Cluster J5 3 15 #& 19 N 17 &R
(P E Sy N SN A Ry N E Y i N S &7 13 N ]
FEJE YR BB K F 10k J5 BT NAF I FERR KT
3GB, RC Cluster N 77 ¥ 8 ¥ & Mean Shift [
8800, 1T FR M, BRI Iy T AE R EHE T I FEm)
WA 3 R I ] BIR B2 27 o) i i 2 i — k.

K-Query H iy JR 5L H & R AR B2l ik A
R AN B T AT IO, HAS [ SR 2R Tk
& T AT i 508 Fn 7 . e — i L B R
TIPS BE b A SCHRE HY 1 B 0 A0 F A SR A
ol ek, BeAh, % K-Query 75 % F Mean Shift 5
PRI OCHE A 2 i T NGRS [H) 5 4 . GPU A2 TH
FE A T TCHE A A58 S B S, PR O A e 48 4
ST RN FE 0 R ILT B AN R SR AV DL T
HEAT i — 2 Bk,

4.3.5 TEREIFHH

FE TR BE 24 ) U, M RR T 4 R R IMAEE N AT
B RS () B A L. AR SCHE K-Query [ 52 B
b REE T H AT HLEA AR A AR ik
Mask2Former, £ H. 2 FXIN 1 Zh 28 A W3 43, I
XF e K-Query i Mask2Former (1) ¥ 68 JF 84 . #l A&
A5 B 38 08 o 5 B0 TR RE 25

FEASE T 2 405 5 1 PR 7 i R A Mask2-
Former 1Y J5U 45 B0 & . Yl ZR FIHEFLIN 7Y batch_size 15 #
N 16,1 Zr bt 58 1E] 7 1AL B crop_size 8 1024 X
512, THES BT A XTI R AT 350, e H A b
A B R 853 B30 2048 X 1024, R T IN LRI i) B R
HiA.

W11 s AR AR b, PR 7 i AE 8
GPU E W NAFIHFEHR A S 17, 22 S BOR. BATIF
KNTEIFE (AVG) 2l 20. 2 GB 1 15. 4 GBL R 45 —
B GPU 4b . K-Query fEHAl GPU L /9 A 77 1 #E#B
KT Mask2Former. % 52 % 38 W, 76 #ff 22 #2 s
K-Query Hr i * B T 5 28 19 3l 2 2 i A 71 24 385
T 310K GPU NAEFF 8.



8 1] WRIR LA K-Query : 56T 50 B i 4 1A Y 4255 20 1 5 s 1705
g - L5 F TR K-Query ()% 50 25 28 1 4% G BE A K

Baop OMaskzFormer| ] om A 54 T i S AR TE L O A 7R — 25 4R T

S5 i ELE T 52 1 G B 77 25 B 9T 45

= AT — 2 A

[al

25| 5 BTt

0 GPUO GUP1 GPU2 GUP3 GPU4 GUP5 GPU6 GUP7 AVG
GPU%i 5

K11 RS GPU NAFTHFEXT [

PP T AR U 2R B BE W N AETH AE QN T 12 B
K-Query fil Mask2Former fJF3 (AVG) N 1ETH #E
9. 7GB A 9. 1GBiZ 8 R W sl 54l 7 id R AE
VIR BEi GPU INAFTFAS38 N T 6. 6 %6, MIE T
PLE Y AH XS 4 3 B BERLAE N AE TH AR B AR XS/
GPU Z [R] N AF I FE 14 % 2t A0 XF B/ A S0
LG F LRI ZRad B b i i A /N T4 R Y
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Background

Panoptic segmentation is a combination of semantic and
instance segmentation, which gives semantic information and
instance information to each pixel in the input picture. It is a
key and hot research problem in computer vision and has
important application value in automatic driving, robotics,
etc. Common instance representation methods of panoptic are
box-based. keypoint-based, and query-based. Those methods
have good performance, but they suffer from insufficient
expression ability in some specific scenarios.

The Box-based method, also known as the top-down
method, is currently the most common method for instance
representation, which uses the bounding box of the instance
for instance representation. Specifically, it first generates a
lot of proposals for each instance in the picture. Then predicts
the bounding box (the offset to the boundary from the proposal)
and instance category of the corresponding instance based on
the proposal. Finally, it filters out the additional instances
based on category confidence and the parie-wise box-IoU.
This method is intuitive and effective but fails in certain
scenarios. For example, when the bounding boxes of multiple
instances of the same class overlap significantly, the box-based
method will cause low-confidence instances to be lost.

The keypoint-based approach, often called the bottom-up
method, utilizes the instance’s inherent “point” property as
the instance representation. For example, Panoptic-Deepl.ab
uses the centroid as the instance representation. It predicts
the centroid of each instance and the offset of the instance
pixel to its centroid. And then, it calculates the distance
from the predicted position of each pixel to all predicted
centroids and uses the id of the nearest centroid from the

“pixel prediction position” as the mask number of the pixel.
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It finally combines the semantic segmentation information to
obtain the panoptic segmentation results. The segmentation
method based on key points usually adopts a one-stage model,
which is simple and fast. However, those key point-based
methods also have insufficient expression ability in specific
scenarios. For example, when the key points of two or more
instances are similar or the same, the method will mark
multiple instances as one.

The query-based method uses a query as the instance
representation. This method is implicit and does not choose
specific instance visible properties as the representation so
that it can label the overlapped instances. This method has a
good segmentation effect and can uniform the segmentation
process of semantic and instance segmentation. However,
the existing query-based methods all use static queries, in
which the query is not associated with the instance in the
input image. So, there is a problem in that the number of
queries is difficult to determine. If the query number is too
large. the memory and computing consumption is too high,
while the expression ability is limited if it is too small.

We propose a key point-based query method named
K-Query for the above static-query issue. The queries of
K-Query are dynamically derived from the input picture’s
corresponding instances and have a better segmentation
performance. The test results show that it improves the PQ
by 1 point compared to the state-of-the-art query-based method.
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