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Research Status and Analysis of Few-Shot Semantic Segmentation

CHEN Shan-Juan YU Yun-Long LI Ying-Ming

(College of Information Science and Electronic Engineering , Zhejiang University , Hangzhou 310058)

Abstract  The traditional semantic segmentation task is usually data-driven, which requires large-
scale intensive annotation data for training. And it cannot be generalized to novel class segmentation
which means that when novel class samples emerge, it is necessary to collect a large amount of data
to retrain the model. So these issues severely limit its practical application. In order to alleviate the
issues of data scarcity and poor generalization ability in traditional semantic segmentation task, the
few-shot semantic segmentation (FSS) task has been proposed, which can utilize the past accumulated
knowledge to achieve the segmentation of novel classes in images that are not included in the
training process with only a limited number of densely labeled samples. FSS can significantly
reduce the need for data annotation and demonstrates good generalization performance. It has
attracted widespread attention from the academic community. This research filed is crucial for
practical applications where data availability is limited and difficult, such as medical field, remote
sensing filed and so on. In recent years, there has been rapid development and progress in the
field of few-shot semantic segmentation. A large number of novel and high-performing methods
have emerged, urgently requiring a comprehensive review to summarize and sort out these algorithms.
This paper investigates the research on few-shot semantic segmentation in the field of natural
images from the aspects of basic knowledge, algorithms summarization, extended applications and

future development. We firstly introduce the basic knowledge of few-shot semantic segmentation
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task, including its origin, core ideas, conceptual knowledge, challenges, dataset benchmarks,
and evaluation metrics. Then we have analyzed, compared the current few-shot semantic segmentation
methods in detail, and summarized them accordingly. Specifically, we divide those methods into
optimization-based and metric-learning-based methods according to whether there is gradient
backpropagation during inference. When it comes to optimization-based methods, there is a need
for gradient backpropagation to optimize the model during inference, whereas metric-learning-
based approaches do not require any optimization of the model during inference. Instead. they
utilize densely labeled images to obtain information about the categories to be segmented and use
this class-specific information to guide the segmentation process. This allows for a more efficient and
direct utilization of the labeled data without the need for further model training or optimization. We
have conducted a comparison of the introduced few-shot semantic segmentation algorithms,
listing the best performance achieved by each algorithm and providing quantitative analysis on
three datasets. The comparison was made {rom three perspectives: the performance comparison
on each dataset under different evaluation metrics, the performance comparison of a single
algorithm across different dataset benchmarks, and the results comparison of different algorithms on
the PASCAL-5i dataset. In addition, we introduce some tasks of integrating few-shot semantic
segmentation and other technologies, such as few-shot instance segmentation, generalized few-
shot semantic segmentation, incremental few-shot semantic segmentation, weakly supervised
few-shot semantic segmentation, and cross-domain few-shot semantic segmentation. Finally, we
discuss the existing problems and future development trend of few-shot semantic segmentation.
We believe that this paper will help researchers better understand the current research status of
few-shot semantic segmentation, provide a broader perspective for future studies, and promote
further development and innovation in this field.

Keywords few-shot learning; image semantic segmentation; meta learning; transfer learning;

deep learning
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A (old) B SEAHA 5 KB, Bk H AR 25 %
AR5 1 PR,

% 1 PASCAL-5i X7 REF X5

a5 2
0 aeroplane, bicycle, bird, boat, bottle
1 bus, car, cat, chair, cow
2 dining table, dog, horse, motorbike, person
3 potted plant, sheep, sofa, train, TV/monitor

3.1.3 COCO-20i ¥u#i4E
COCO-20i""" J& I\ 5T ELA Bk % 1 i MS COCO

(Microsoft Common Objects in Context) ™™ %k 4t 4
1B L 3 e R FE 2 SR 2% 1 HH 3 s AR %
BlE I 80 A 4rHI2K Ak 50 O A H bR bR
BB & EBREH R 2. 72/
A3 EUESS b BRI A 4 NS Uold) A
355 20 D25 BAK BARZE R S BSR4 sk 2 R,

&2 COCO-20i R REFRS
EE ESil

person, airplane, boat, park meter, dog, elephant,

0 backpack, suitcase, sports ball, skateboard, wine glass,
spoon, sandwich, hot dog, chair, dining table, mouse,
microwave, fridge, scissors

bicycle, bus, traffic light, bench, horse, bear, umbrella,
1 {risbee, kite, surfboard, cup. bowl, orange, pizza,
couch, toilet, remote, oven, book, teddy

car, train, fire hydrant, bird, sheep, zebra, handbag,

2 skis, baseball bat, tennis racket, fork, banana, broc-
coli, donut, potted plant, TV, keyboard, toaster,
clock, hairdrier

motorcycle, truck, stop, cat, cow, giraffe, tie, snow-
3 board, baseball glove, bottle, knife, apple. carrot.,
cake, bed, laptop, cellphone, sink, vase, toothbrush

3.1.4 /N &

IINREAR 3 RIRE R 53 0 B VR FI ORI S0 —(H
PRAL 5. ATE T FSS-1000 4 46 v i 528 H
B4 . PASCAL-5i il COCO-20i %k 44 v 1y {14 [
B 2440 526 H . Bk, 72 48 F PASCAL-5i
F COCO-201 4l 48 IF 23 % 3% P A~ 85 4l 4 19 5t 1d
RS HEAT AL BB 43 ) H AR 2R 5 i HER AR R AE X
BN L HRANE TR #2500 X EET =,
MRS AR = A 15 & O 0. 78 4fE B i . PASCAL-51 Al
COCO-201 R FH 52 X561k 79 J7 20 PF 4 B B4 1 RE
BRI = A5 0 2k 38T 19— A& kA7 T
.40 fold O My 45 R R BIRL ] fold 1~3 Hriy il
GREAYN AR, AE fold O 1 I3 4% P 15 3 1y 2%
R B G o BITE YA B A b AT DN S A5 3 8 T A
B AR BT R,

X = AN B A AL FSS-1000 ¥4 4 b
SREMR P S T AR o0 %) H AR, R 5
Xof Al s Sy ) 1A B4 RIS BB £ L 78 1000 2K
rp AR A 520 S 2RIINZR, 240 D 2EEHIE, 240 2R
i PASCAL-S Bl b P sk KR &k A 2
AATRIZEAN ) 3 A2, 43 F X 2 T2, 43 %1 28 1) 5L
/b B3 20 NP 15 SN 5 A 2RI
COCO-20i Ba -k KR &R B 3.5 KN
7T A S G S BORI 2R RO 2 B R b A
TR Z T EIR 3 FIOMEREROR 4y W2 VBGE B
I 80 M AT 60 DN ZR, 20 2.
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éijcJ%éﬂé’]ﬁ@l%%iuﬁﬁlﬂlﬁ:E*ﬁmma
FEIII A 7T 5 1915 = TP(True Positive) B S2{H N 1T
SCEION R = AR R FN(False Negative)  E5H
R FIFI R R ER TN (True Negative) FlE
SAE T SE T AT 14 %R FP (False Positive).
HeT B AT AR S U S PR
FHEPEREVPEA 48 45, 7 ¥ 28I [ GnIoU) R 5 -5
I W (FBIoU). & F A3 e (ToU) » B A 455 A%
H— AT B TN R AN LSS ) SR AR R 2 L
HARE 6 frR. 78 /NEAS 23 BT 55 o, 3RATT T 42 3]
(28 FF Hb SR TSR R 2RO 1 2T L, o B
SIEAEL S AT o 00 A A AR RS B SR R A
S FI0I SAy AT AR 3R A SR D A (H T Oy
SOBUL S B S E T SH S IO O H R R R
A . Ha AT .

Interaction TP
IoU= = 2
¢ Union TP+FP+FN =
HSE
FN
FP

TE
K6 syl
Y223 He (m ToU) J2 450 RIS 4 — > i 5 3800 1
S LA ROR M 2E A7 7 ¥ 5 13 B i 45 R 3 58 9F
PO BRI 10 A AR 1 P R A L D 5 4
TSRSl R Y T 7 B R/ v (1
%IZIOU,
Horpon S5 R B H AR 208 ToU, J2 26
45
HU% R 3 IHE H (FBIoU) Ji 48 1F 5 Hif 5 28 9%
FEANFT 35 52 9 LU RE AT P 2945 2 i 45 2R TR R . iy 5t -
o5 20 BB B T 1 UE W R i 5 X BE
RS N0 4 e B O SR R A SR
FBIUU:l(IoU[g—FIoUbg)

mloU= (3)

i3I

4

Forr ToU il ToUy, 73 i 45 9 2 il 5% (9 28 I HE 45 2R A
j“?ilﬁ’bc%ﬁtt AR

mIoU 25 J& T A [A] & 5] Hif 57 #1473 F0 45 28 m] L
PR T 2 R B P . 0 A i B R 4 9 &

BEYE. T FBIoU T A A5 A 55 A2 9

BEA 5 JEANTR] H ARSI 8] 22 5 10 HLH SR Kb
R B R 2 AR 3R 3 73 28 15 53, T L3R
PAFER FBIoU. Nt AT— R Al mIoU AE g /VRE
A EUT 55 I PE BEPEAN 45 Fm e LUBCAS [R) 3%

4 IMNERGEITENR

AR SCR TN AS IR S0 BV E 2R AT A2
I AR BRI AL A B 1 A o AR s o B e A o R TR A
FEAR S5 [0 £ T LUK 24 i 7 3 20 D W2 < 3 T AR A
BT R AR o o WY /NVREAR 23 R 5

ST 7 15 A A B A vh 2 R SR AR A
SRR EAT AR  BIViE 2od 3 S 4 1 A T R A
LS SCAF R ] AR G o K45 21 A B 15 [l % 80 A8 7 5
LS HCHRT - DT {658 78 22 o 3] 24 i 2 5] 1 R4
Gr. FLRT S o S0RE SRR PR 1 i A B il
S VI 5 4 R0 vl 75 38 T S Rp s 6 MO B

M*= M) 5

SR J5 i L BRI ER T B3 SN S R AT B S SR
ﬁ%lgjlﬁ/ﬂﬂ%:

Loy =L(V® M%) (6)
oo LV, MP) J2 35 HLARE 3P 4 10 451 2% 1R 5

24T TR 18 S AP E P A S S A R A Dy A R
ek, B

L(NM® ,M®) =—M?*logM* — (1—M*) log(1—NM*)

D
R O A I R AT 5
B oo UL B BB 5 O 10 10
M= MUY 8
ST R 105 0L SRS L 415
S K B 5 6 0 50 1905 ke 971
AR RIS M T S R R I 0 7
Frae VRSB B AR S ATIRLIE 50 A1 1 S FH 4 9170
25 2 4 4 G 7 0 L Bt 690
S 2 8 190 0 20 WA T 8 R
U A BHETS. K Iy e A 5 B
B T B B 5 A
BT RS 0 Jr ik A S — A T
O R S (B GR35 L 0 00 BB
P56 BT 8 S8 AT 7
T8 24 AVBE A AR 5 o 820 9 45 5
HEAT I 525 I REIGIE 17 5% A5 2 7 7
BRSSP 5 20 1% 0
) 5 TR LR 17 A0 1 4.
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A R A AS TR A AR 2 Gl H 3 W TR 3k Je M S A T 458 2% 0 A 73 26 2 L IR 2R D5 A oy
FEIC 5 R AEUR AE GO I gk S RS LS. AT WIHUONIR R 0 2RAT 55 8 SRR AR AR BB > 2
X FORAG I /NREAS 43 0 05 i EAT S L FT LA B SRGAEHGE R TR L MetaSegNet ) [RePRT-
B o A R R AR S B BATK LTI RCWT R, AR HEZR P 8 (b s, Horp,
PR T3 3 v LA 23 o P Rl — o i T SR SR B & TR — Al g0 2R A A [ Rk 1 A DX 3 e A [ G
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SCRFTRIIAEES  SCRAERD
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ek o

SR [ e 4k

wel . |
K% FHTE L i LR
() PAGSCHFRAE R A ) (b) by sm s

B8 T ALy INEAR ST F
(D BT SRR BRI SRR AR s R BB R S 005 19 TR0 AL 3% 07 95 A HfE BRI 48 i — Fh
7. boosting HL + R id 52 S 51 2% 71 5 545 4 1t
Nguyen 5 NS0 S8 R B BN A0 S0 R LSS HE RS IR) (19 22 8 L (MY, ML) 2 A% 3 57
i T2 I AN RIS A AR PR AR A R SR IO AR AL AT SRR AL B 15 31 N A S8R R 418 vy A5 200 5
TESEIA]EE B /N AN BEAR 4 DX 70 AN ) 28 500 |y TR A, X k. oA o5 0 O AR AR IR SR R N

ﬁﬁ

o FWB Jy k3| AGE MALT - o K AL T 5 75 LM LM
S5 BT 02 5« DA 1K 50 43 A Y (b
"’:EFVE _ o } oy TR AR 0 YA N R SRR

= CLlml wh— | T A5 B0 102 S HE R L o S R R R S A
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SE SRR BRI AL ¢ AL R FEXIARIERE AR B o EIBRL 4R COCO-201 il 54— AT 19 5L
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P Bl T 5 S0 5 L BE. Zhu S8 DN 4R A — A
I 3 07 ] AE SR (SSTT) R fifp DRAE AR i F) e 1) L 1 XoF
HA> episode HHYSCRFR AL E B 45 T 0 H). %
735 8 eI SO 2% T B30 S T 8 0 T 448 7
AL SRS (8] R B 2% Ly » 300 10 B 2 4R ARL 5 5 2501
(38 SCRR » ZRAFE IE 5 B AFAE -

aL supp
oP,

Rk B A] DUAR 48 S 505 5 A 7 I R S
FRAFAE - DT 32 75 23 H P RE.

(2) BET AP AR PO 461 2 LAk o 26 4 1 7 1%

XL T7 R A R O3 B B AR R 00 2R AR 55 dROK
TNREAR A AT 55 B HEAS SR AR SRR AR AR R I
PEASE R 53 2 3 2 Bl JLARAS B 28 AL Tian 46 A
$& i MetaSegNet, J T o022 19 AR U R 4 Pk 4325
T SR ZR 3 28 HE R R P SR A 40 R AR 43
FERAE. % AN SR U 2R T 28 AR
R AE A HRUA o T2 T — /0N B 0 45 45 48 A by R ALE
e WU R AT i 21 S 4 1 2 R S R 25 i O ik P ol
FEAE R T ZRASE B AT 55 0 53 FAT: 55 0 A1 AN DR TC 14 i)
. A, MetaSegNet 24T %F K-way N-shot % &
TR NREAS 3 BT 55 T4 ) AR B , T AN T BEAT AT 5
RS OL T IR TANEE MM AR, Lu 28 AP 42 1
O3 JEER AL K (CW T 5%t 1913l 5 A5E 784 43 A AS DL
e 4 ) A2, % FE 9 B BB i N 5 =X 26 1 B BE AR I A%
e il oy FAE 55 N R Y 45 35 1T 0 HE 55 1
FRAESRICAS AL . 55 2 B BOVR 4558 1 B Beds 2 i
TE 4 A >R 0T 27 20 09 07 I 2R AT /INE AR 43 1)
55 BB o0k i i) A0 S AR RR ) 38 N 22 5 R Y
[ 7, B JEH F SCFR AEA5 B 1Y 70 B A AL 0 AR i)
FRIE F i 3 Transformer 25 ¥4 15 3] 25 i) &% 14
DAY o

P =P — 12)

oW, (FW,)"
Vd,
Horp ¢ B— RS W, W, W, 2] 2] B4
dJEE NI 2 07 WA J W R 3 4y 2%
5 S B R oy ) A ) R TR Te 2 2 IR
Transformer 4514 2h 25 4 53 25 48 S B0l KT LG
JO7 DU A A Boudiafl 88 A 0 3 f 458 A4 45 44 ik £ 7
AT, T B X R ) O ) 4 B A R
(RePRD , F| 25 #) G b R AR R £ 5 iHE B
AL A e HR AR AT 2 0 i B R e — R SR
M2 PE 3 S A8 S IR 26 40 . I TR SR T o
i SEVREL A A% e i S A EIME 55 N 2507 X eI 5
1o AR v B R Y 1) 58 S X AR AL R AT . 7

m*:w+¢<softmax< )(ng (13)

FHE 3 A ) P AR AIE 4 B o S A 0 RR AR OE BIMIR
FRBYHFFAEZS 6] & R s 00 Ak = > Kb 1 43 2 o) 00k
ATAR RSN TM. 26— > 401 2% ok B SR BRI 22
SR AR R
1 < o 4
L”;:—szyk(]) log(pi(j)) (14)

k=1jc4

Ho 5, G pe (DA HIRESE b T RHEME ] AR E

SR B AR AU bR 25 (E. 55 90 % ok RO 2 i) R

1A% Z W5 A5 B o 26 T 20 2 4% 1 D O s B 4t

] 1 2% 1) R RAE 2 R) 041G 2% B8 DX 08
H:—%ch;(j)"‘log(p(z(j))

JE$

o po () J& A\ AR 2 A BN AR 55 =ik

BRI BRI L T T T 5 R A A IR i B R 4

Jay Kullback-Leibler (KL) #{ B 1 W 1k . A BY F ikt e

BRI A 40 K B /M s | IR AL

(15)

. 1 .
Po=77>,ba(i) an
‘?S ‘ FASY)

Horpr o SRR TN 04 A/ S LG IE BB R e
LOW 1%, %75 ik 7 HE BRI HIC A 20 28 2 I 0300 iy 5 A0
GRS QUEYS T RS DERR R € A

BT Y /NREAR 23 0 05 i A e B i 1 1 A
B RE % 27 > B 2 I L M 2 o 20 K1 PERE. (H ik
THERE I HAE S — D BULA AR SR REAR 18
S K 2R T VER B 1 B LA B G L T AR
PR RS e P SR NS TR e S T N R RS
2 TR A 2 R S RS AT SN A P HC
A REAE T R S /IR AR 2 o) 1) R REURIBIT 5 T 5
H1 FAE S A 55 v A7 7R — i 1Y ) A 1 RE 42 T I
HME LR TT IR BT B AR P A /AR I3 FIAT 55 1Y
KA.
4.2 ETEEFINNERSEFE

BT A 5 ) W 7 IR SR R O /NREAR S T 55 1Y
— M BRI AEZOEAR R T R EME. B
1A 2 ) 0 S 85 R R 31— A IR Ak 5 1] L O
i 2R 2 8y 1 1 7 2O B2 1 SCRp A A ) 4
A TE] P9 AR LU - AT A5 21 A5 3 [T 4R ) B 0. BT
JEE 57 o 19 5 1 A 23 ) 5 AR P 2 ol — A R R
Fewie A o fUO)  M™) 5B SEH5 AT 30 7 AL 1] 719
SCH.F f BRI RRAE AL BB R, BN T A AL A
BRI SR % 0 B N A R TR ik
R AN TR) B30 325 2 T8 2o B2 AN [R] B9 R ik Ak B 5 5
JE et R F i SR
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[l A 3t o AT 2 T B2 o o B /AR AR 3 O
L AT LA AT RUAG B0 — 28 1 2 R AR R S
A 0 P A ) ) 52 B 5 T K g3 O Y A S T
JERL I 7 35 T UL 9 J7 9 R SR A DL S 1Y T
LA ST 5. 3 — Rl T IR 7 % . B E G
FUHRHE AL BRER AT £ Ab PR A SCHE R AR5 il i
PCHRAEARAT— A B A B fi) A D 0 i 45 L

P.=Pooling(f(I?) ,M?*) (18
38 2 BN ) Y BE S 7 U Frewie CANBR X BE B9 L AR 5%
SRR SRR

(a) FET FRBYHY/INFE A 53 )

SR G B B3 1 B A 5 9 P (U 4D 45 BLAE) X 5
AL AR MR AT AL B OF 4R S A R BRI
FL B AT R L5 AL B T AR A K R LB R
14 3 1] 1 6 I 0% &R S5 BLME B 38 B, L PGNet™ Al
HSNet" S 3, AL ARHEZL W& 9(b). 55 = Fp &
il J TR RN DG E Y 5 s e AT ) R R R R R AR
R WZHAR T B 2 o) WE A R R ) R PR AR
E PSS SEEF Ik S ELE1XC SRR D}
JEJG R R R T4 b R ] SCHE R E B BT
AL E I3 3, — A 43 SCRb B R RN 2 )RR AE R] 1)
B8 H. o T3 — A5 SCVF SR SR R 1) 5 AE AR 3R 8] A B
JE B 5 Rl A TS 73 S AE B AR B A T IR % 19000 4
5, 2L PFENet®™ 1 FPTrans™ H4% 32, H 3L A HE
ZRANPE 9 Co) . Ml — AN S 1 A 1 A D R B 3
SRR RN A 1) SRR AR 2R (R 0 AR AL EE L BT B A D R
FRARLBE TH 3 i F B 2 20 W /INFR AR 43 0 7 i 5
B SRS 0 b S B S R R A AR AOE 58 B O 1) K
JE.BR T HTIR JIE AN AT — STy ik A A B R
0 AN = N e TS 7 D O Y B 31 D2 2 R A
SRS T — o 0 e BT ok B A A A 5
DACM"™ B AR 7 32 5 A1 25 ) 45 4iF 1) (9 5 & 7 X,
i FH AT 27 20 1 B 7 2 0 I R AXORR 1% 52 14 4% 5% A o)
JE R B s DPGNet ™ ) F v 07 2o 72 00 9, A o 37 3t
T 81T 119 £ B ik e /N B A 431 ) 2 s MM Former™™
D445 3 500 R DG 5 ok 5 R A7 A 48 288 B0 5 48] 43 1 1Y)
SUVARL T SRR BT A bR TN A L SR S5 R T
T 43 2SR Rl 52 B A B0 T TR TR Y 4 X Y

(b) F& T ULEL I NREA 2> F1
P9 e B Ao o] B/ NREAR S

FEARLEE 55 ) K 25 16 FR A0 5 I Y 1) 64558 B
M®= Fric (P; s f(I%)) (19)
SEH 5 W FRRAE 28 2o Ak 385 75 3 S5 4 1 A IR 950 4
5, LI PLNet™ 1 PMMs"* g £ 3% AL A 4E 42 4n
9Ca). 5 R & HE T U B 5 15, RO 48 5 R AR
AL PRARAE £ 45 3 09 R AE L 0 B AR FR O S A
Ao AV RRAE ] (9 X0 B O 28 SAH fBLEE RS2 PR S 45 il
MR B E R A E.
R=Pixel-Interaction( f(I°), f(I?) ,M*) (20)

SCEFHERY

-

g

(o) fle B AT AC A /INRE A 43 1

Rk,
4.2.1 TR /IEA G Tk

Dong % AN 2 B /NEA 43 26 v JEURY 2 > 1 )
K K FERL T /NVREAR 23 BT 55 X 07 k524
A B — A~ B A B A AR Y R AL (7] #2411 O 28 i
T G i 2 2 o) B R AR R ANRE AR o3 B R AR AL T
BT BB i BRI S R BEE T IR S Y R A

BT R A Uy ik B B Rz AR RE T AP
FERE ST TR T R AR T B 5 HL 5y T B a4
Jay <P 249 1t A B 1 1 4 9 A J5 1 o AR A 20 £ R
XL AL $5 AF BE A5 1o 8 $ R AL P A7 AE ) — SE IR S A
Lo B R I B R A 1 R DA TR R D 1Y o
P 2 FTVF 20 FERRTE R 5 3 ) Sl b AT Rt
UG T B

(1) 3T AN SR 9 /AR 23 1 5 i

B T AN BRI 1) J5 35 R S A B AR R
A A B AR 0 2K DR ) TR i 5 0L
PLNet** #1 Co-FCN"* 3 Py Fh Jy i 02 B He b S0 HF
N HE TS A 3 5 A5 3] Y 4 4 15T 15 B A B R AIE 2
i SR 5 K SR IR A AR P AT 4 JR) A 2 1t A R 2R A
KI5 73 &) 78 PLNet J7 3k ol BT A &
TR A R 28 i 7R ) 14 2% 52 AR ADLRE 3R A5 A i) 0 4
i s Co-FCN J7 3k B UK 4 45 BUR 2% N AT T/ BE A
oy T 55l 5 BURAE S BLE R 73 K. Co-FCON %
T 5 53 STAE Y e 25 R O SR R AR DR R A
FHME R o0 H0 o SO TR 52 BUAE B 58 BT AT il
SO FErp 2R o ) Bk 1 WO H AT 6 1 B 1 S E
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Zhang %8 NP7 4R — AN AL 51 M 45 (SG-
One), B IR #ADFE3th fb (Mask Average Pooling,
MAP) #24E A8 AE 18N 73 BT 55 v 3k O Y 193
B 5 HTPAS 7 AN F] L SG-One 78 3R IS Bl 45 B
G SCRERE F 5 3RS MO , SR 5 R 1T R
S-S5y 3l Ak A5 2 28 S A8 B

wsh
> M, XF,,

r=l.y=1

wih
> M.,

r=1,y=1

Forp wo, b SRR PTG 8 RIS » o s y S22 R 12T 0 4 1)
(14 57 B AL . SRS - 22 3t A T 3 R T M) S A
T B A5 1L o 5 I P R I (8 i 2 o R R
22 5 JE6 1 239 3 A s R /N A 2 BT 55 v 3R
WO IR B T 05 3. A 3205 5 Ao ) — A I 4%
S IS A AT I B AR R AL O A8 45 AE )2 T RS Y
TR R T 2 B A ) — k. SG-One Jr 4R 5 T
HATHI RS L5 AL T — G — RHESL . /A
OrEATL IS KR BEE T 4 Al S Al

Zhang 55 AU AR Y — AN 55 2 T8 06 1 43 HI 1 2%
(CANet) . I-45 1 4 Bl 22 0 45 345 1) 1o J2 5 AR
(e Ja — JRHRHAE) 5 28 5 i SCAH 5 & T i J2 48 Ak A4 S
AR RE SR 2 0 2 S . AL CANet £2 3 i TR
JERFMEAEAT 0 ) ARG SRR 2 T W . 2
BBy AT 55 P L i 2 ) 198 S - CANet 2 H 4
PO e 3 3o B B R RO A S AR T A ) A AR
H BRI R AU R 48 3 0 1 L A S R
SR 4 e b A AT S PR AR R AR AT 2 1. LS
GRS T — A AU B X 2 i 151 £ 73
I FEAT B AT A T 45

A 38 3 18 77 5 AR T SCFr AR AR A2 By
JE TR AR B M B AR T2 ) 2 T S A2
P& ] 1) 5 28 R B v 0 BUPERE » — 2877 1k 31 42 3
A PR 5 1 28 03 R TRUR ik 26 T4 22 St K 1Y )
Wang S N0 H Li 48 N5 330 52 35000 5 45 4 14
47 9 S — B 2 ) R, Wang S5 A5 S Y
TSt 55 43 %1 9 2% (PANet) |& 75 {8 32 35 R 25 ) 457 A A
JEE — B 2R L T Liv 58 A R8N S %
W 45 (CRNet) & 15 48 75 5 — E i S5 F 28 ) R AL
PANet $ H— g 4 )50 80X 5% 1E WAk Jr 2 e R
SCAF PRGN SRR 1 P00 £ 30 845 . SR 5 A ] A2 3
VPl 4 L ELPEI HE A% J ) SCAF AR DA 1 I 4% 285
tay. BRI 5 - PANet Jo il SCHF B AR R AR A0 4
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o) A - 347 T A S AR D Y SR S R T AR 5 A
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R AW EG B AR H AR ME B i B R
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B — 2 S R DL o) BB IX M R R AR 5 ]
BT R BN 7S Lang 5 N1 Fll Kayabas:
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AR BAM J5 i ok W By Be i I 2505 22 5R
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FHE 2% 2] 8% L 2800 4 B0 25 00 e AE 32 4% 7T AR
R IIN ZR 53 AT 55 R0 25 11T 53 FIAT: 55 09 40 A 2 v ik
e ) TR R e A W Ay R R G T i B B R H
PRI BRER 20 T 405 56 2 BB VR AE 45 1 B BOIl R % 1Y)
W9 2% 38 3k 6o 2 1Y J7 O 2R AT INVREAS 43 BT 55
A AR AL, I ] Frobenius JEX0OR 15 2 5628 m,
BT AR m, RS
mg::fcnscmblc(fsi(m?z) ,m’,fb) (22)
m,=m,DF,(m,) (23)
DLV B R AE 42 B X 0 0 28 9 i 47, Hrp AR © 07
17 R TY S M AT S 5 m) 2 JE 2K R SR,
Fensemble F, 73 52 BA R @V IR S 800 1 X1 &
. Kayabas: 2 A2 44 ) BAM -+ 7 BAM f9 3¢
filt R T —Fh 2 ROBE Rl G HLE B 760 BR 25 AN
—H [a) . BAM A+ FIl F 22 RUBE 9 32 5 Al 1 4
TEHEAT 2 B, 38 3 fil 5 22 ROBE (1) 5 21 18 7 0BT 25 4
T A RSB ME A %) A3 RO AR L 32— 2P 3R T o MR RE.
RS BN Ty 2 S R IR R R A B R
PR 200 R R A 5 i PR AR B8R iE A 3f ik
DR RN RS ORI B BE LR — 1) A SO
T8 B 2 23 . A Al R A A B G 42 R 2R LY fiE
% 328 8 s PR TS B T AR S AT DL A
g X 50l T R MR P R S (L o G SR ABE RN ) A R
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(2) BT ZA R /AR 73 1 5 ik

SRV LA SR AT L 3o 8 i DX IR A A R —
SRS (5 B HE 2 T EERI RERE R A REE
P PG 0 20 1 A4S £ 8 AN T2 iy 7 B PR RE. O T
G 3t Al 4 B SR R A 1 26 A S 4 v o R
AE » AT 8 1 22 A D5t R R Sl 62 P R Y Jmy R A
K A ) ey P % X 3l SR K R i ke 1 SCTRE V8 A SRy BB A
SVFE SRR, DT LE A5 Y RE % B L 3t i 17 A ] 119
Bl o A 2 e Y 1432 AL fE

— L8773k B R N SCRF IR B RISt DXOR 2815 A
[F] {1 J5 B 42 T+ 43 PR BE. Liu 558 A 32 oK H AR 26
RER B 28 SR B 73 iff Dy 22 1 Jay 0 DR 2 R A8 4 3K 22 b
AT RE JRE 7 XoF G R A A T SOXE R X I A A
(1) 2 18] B 5. 1 JE AT K-means 38 0 3245 A5 4
AEPEAT R 3 o 3d 2 - A1 2 N AR iR Y ps
IRJG KB SR A R B R SCUE B IR 2 A
JE R L B

N

=0t D) pib, (24)

J=18&j#i

C_ dGip)
M NG

=i
Forb a, J2 4 IR 1 o d R AR B iy XL e E i
AR R A HN AR A 1 1 [a] 26 BEUGBUHE ok % 7 4y
TR T Y feft T R A 0 TR 4% Ok ST 9 R b T R AR Ry
EFFRE HL 25 2 Jmy 3 It B v o DT B 4 1 A 3 S
X2 N AR L B

(25)

IR} |
Pi=p A $iF, (26)
 d(pr)
P Ed(p, JF;)
JFi

Hodpr A 2GR - r R B R M s A
FRAE TR - | Ry | 45 RARICEIE 52 & AR 4%
TERIAN %R BEAb %07 Bk R H — A8 A 4% e i L
BN SR AR Ty E bR Li S AR SRR
RN s R R A 2 A AR PR 5L
FEIE A, IF 418 UAF B 5 A R AR 2 47 D S B 43
H 51 Wang 28 A0 2 8 13 #12 Z Al K-means B2
oK Ab SRR SLRRAE L AR B A A 78 O ELRE 9538 N
R EMR R 22 7 19 2 A IR R Fs 005, I
Wit 7 —#P round-way RUSHLEIR 2 RE M HA X
Ay PE RS BAS N 2 R A5 2% . Zhang %8 A 51 A A
T8 SRS X AR SAHLH (SCL) o F1] FH S 437 J 80 i ) <7 5
HER VIS {5 VIS FEL 5236 5 M AR U8, ) T i 2 114 16
SRS R FE SR R R T R B O B A B4R

@27

LG40 {5 B Zhang %8 A7 A4 g = A B
A F TR SR R T By o3 B - 28 D R R 4 R
it 3 A A 530 FH P A A E 0 D 2R 3 2ot 3ok BT
X3 PN 1) i A T i of Al 2 e L X 43 1R YRR AE L H
T N SRR 3k 2 2] ) AR B A1 B SRR 2
FEAIE P FBK AR T Rao 25 AL 42 4 0 H A%
(10 A3 256 2 S AT AR, 7 500 R B SR A R A R A
AR R RS 5 B AR 5 5. B B AR
VB A B R AR Hp BSR4 IR B
B —HUAE S hE A A B RS E S
117 fe A5 4 A % B R A5 L% Lang %8 A0 R FH 4%
M A 2 EAR R ) — R 45 (DCP) , Fi) H 52 45 R
43 ) S AR G L K S R B R G 00 A M )
53 R BT R TR @ 1 A4S DX
M =1[M? =M =11,
M,=M,—M,,
MG =1[ M =M« =0],
M,=G—M.,—M,
X S A A AR 2 A B R A5 B AL, v
1 ZFER R Y5 AN True BURHE i o 1.5
Ay False (it itk 05 G 2 —>4 1 (4 4.
Adaptive FSSU It F adapter HLHIHE H T —F 1)
HEZE . ) BT 2SR A B0 /0 B R S 80 4R Y
prototype adaptive #& &t (PAM) 7] L) #x A B ATE o]
FSS Jy i #. PAM 7 {0 B B A 30 35 SE 42 AL 1 8
T R AR 2 S5 Y 3 3ok S DRI B 24 D AR A v i D AR A
) B FH 2 0 e L R T AR A 2 R AR A v Y D AR
Xt S R )RR AR 3 1T 3 5
KFHEGE RIS T o806
B Ty R R R S R o X R MR
15 1250 By 20 #1. Yang % AP 42 5 R IR & f5 A
(PMMs) . ffi F EM 53 46 il 2 A4~ SRR SRR, 0 7
WG b AR XSO 5 E B PMMs J& —
MR A B, @ L
p(s:10)=> Kaw,p,(s, |0 (29)

Ho K BFEBEAN o 2IRENEHE 0w, <1

It H EKwk:LO RIS H, p. (s, |0) TR
k=1

DNEET I B R X F EM &k, B ad

W08 . E-steps il M-steps. E-steps i FEA s,

Egig{EEik:

(28)

E,— P/e(si‘O)
ZKkak (S,' ‘ 0)
k=1

#E Mo-steps F15 78 51 10 49 5 716 545 PMMs #93

30



2430 it " ML % i 2024 4F
fH 17 5 e HoAth B0 B b AE s AR NS A kA
ENJE S ﬁ%ﬁ%E%MEiﬁlEIT%*?Z?E%%‘HEEFEE\. Liu
P (1) CEATTHR A G]S95H R4 (QGNen 5
ZE% — YR I TG W 1 A )RR AT B MR R AR 2R 2
i=1 QGNet 32 H fifi F§ Felzenszwalb B3k i 3 T & 45 44
Horr N2 FEAA B0 0 A/l 5 fE SR o AT A

db B

BT 5 A 5% 19 2 A J5UR A B 2 ). Gairola 4%
NIRRT B 5T S G )
(SimPropNet) . F| Fi] 3 5 P {5 4 % 4% 21 Aif 5% A1 75 5%
JEERY e e 3 B 28 R 5 A i) e AR A A A L R
IR ZRARAT AT R AL AY ALY 5 A0 9 R O . AR T
R TT P BR AT AL 10 RS AN ST R AL SR B S
Fr A il EHR A5 B A2 L. A% TT ik [R) B 3T
SCAF A A G0 gk A S A T SR AR AT B — B
FFIE. Pambala 58 A7 $2 i T 2 2 43 &1 W 2%
(SML) . Fi AL 5 F5 AL AT 21 49 7 5 015 = Y ¢,
&, KA IETE SCRHE AT 5 AN 5 @t an, - 08 1
R B [ 1

O=[{¢ ¢, )0 ], €R (32)
A=[{a;. a5 ) eR“ (33)
Ly=|®—WA|,+x|w]; (34)

2 ) AT A R WL B SR E SR A a, B, O AR R AT
ORI SR ARLEE 3 0H)

hy (a.) =Wa, (35)

hy (ay,) =Wa,, (36)
Xie % N7 — MG B 776 I 2 (CMIND L 76 32 F
RIS SR IR 5 T . SRR R E T & i 4s
EHEAT 38 B3R AS 22 % 22 43 HF 38 1Y) 14 o 2 )RR AE %
FLAF At R o 4 0 Usf 3 20 0 B 32 B3 46 AR A1E B A
A TF 23 B % R 19 H AR 4. Lin 8 A7 41 ) 2
34k B X 3804 E] W 4 (NERTNet) , 38 i 78 K 5 &
1§ 25130 SRS I A A R R X T
e E AR, Yang 5 AT MG A — A B 2K 42
53 32 38 37 AL S PR rh AR AR 1 T B 1 L
e E B SR TR AT DL B AR I R v R B 2.
Wu 8 N IC R A7 N 45 (MMNet) , J6 28 2 7E
JiAE 2 e 5 B B AR YIRS 51 AR 2% 2 1 itk
ARG LT R E B IR LR B 2R 2
B G AR B AR KA B EE = 5 800 Itk Re
Rif . 34 5 ik 2ot 1 P S 4R R 1 ¢ X R A
= R Sy E A I BE. SimPropNet,SML,CMN,
NERTNet #l DCP # F] Ff 3 #5715 5% ¥ 15 48 15 3L +F
T 5% JE L B T 1) P15 S R SR T X A3

T AR KN 25 5, TCie i ot H AR ik J&

HRELSRAF—KEGWHBRMETREZLEA

43487 2 RN M 2 AR B K 7 28 A R B 14 I e
JEHEAT IR ST HL 2 5 5 4 R X b 2 3 12 3 P 4%
FE T F T L2 ) i 4R - SR R L2 5] — A
S A SRS

exp(q Xk—+>

Lyionattoca = — log x
dexp(qX%)
Horp ke 2R A A 5 PR AR B0 TE A A B R] — A B R
BRA AN TR WL A+ q i 2 ) ) 2 A AT 50 1) e A A T
BB SRR S R 10T BB R BRI 1
Pl 45 o SR A 30 S8 50 5 O AR B 2 B0 SE 5 1 8
FE AL I B R i B bR SR Ja AT R AL $2 B2 1
B R A0 R0 SR A T AR SR R A i e B A T
3 & IPMT S 5] A T AR R G W SCHRFRHE T F 42
3 PR T 9 A5 R I AR R A v PO A IS
IS A 2K 1) R PR R 8 ik 288 ) 15 U5 22 B R S i
M £ A RS P LLIE QY T 22 o 2 2] Hi (]
JE Y

IPM=MLP(MA(G,F' .M )+MA(G,.F*',P")+G)
(38)

Forpr MA S — Bl fff FH 8 55 14 58 J5 1) 38 S 3 ) AL
il. QPENet"" F] ] 2 1) 5 1 o 4l Bl 115 5¢ F1 75 5¢
B A 1 A6 support-query-support i & R
FH S A5 0 00 A 3 PRI AG 5 AR A P TR0 £ A 9
B A5 1) S 455 0000 44 A ) F 2B G SR AL A i 7
BB T2 R 5O BRI B AR T 11 5
G3 BRI RFAE R 43, 38 A — 26 77 2 R A ) AR AIE AR AR
o6 R R A Bl 4 5. PSTE e I 2k sl fifi Y S 3 Fn
VI HE AT o EM SR 43 30 AR B S R R A 9 R R L O
i T S5 /0N B ] e R It B 1

min ZPM/ (L. 0=y X pye)

et pu S 5k R IRL U B SRR S SR g
A T 5 A e, JEAT I CVE TG 58 o 1R 50 A
VT FC R 245 A0 A5 ) R 1 H bR i SCxE5F. Zhao 4
OCEET R 8 0 A DB R R AT X L 1Y 58 1 AN AR 43
F077 1 (CELP) « 3 i 3 55 &5 J2 #5900 45 A1k 189 A T £i7
B AL D, 2153 B8 T R — 350 1 XS AE S 4
Uy A2 AT S (8 ] 4 % - 24 8 4 A5 B A 9 i
BN T R W0 hR A R B TSR L CELP S i —

37
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R AEAL ] o I 1 X b 18 5 18— 25 56 T A0 AL X 38
JF 4858 R W A% . A F CELP. Yang 45 A
P —A e B PR N 4% (PSHNet) , Fi) 52 #f
TRV U6 1 J2 AR O A 81 %) AR L 4 B 0 A 2 360 A 0
e IFE i EM 545 58] £ 425 0 JE R 5 3 45 R
k2 4y FI A ) R Mao S5 S 2 H BLJ5 A ) 4%
(DPNet) , 3 F 2% 1 fij 55t FRAFF4 2 PR J5 B, 2k # 5 %
Fr8 2 BRI A WS K e Il SRR R
PR SR % R 8 T a0 B A 1% R A B ph R .
Fan % N\ fil Tang % N ¥y 48 H 32 45 J5 4 15 5]
F1%) 0L I00) 1) 48 A A= A 3 SRR Fan 258 AR B9 B
S SRR ) 45 (SSP) i 5 5 A B im0 A5 11 2 i &
G0N A A A R S R T S DB 5 S A R A
T AR X T A i) R 0 AR A I R R R
A5 21 A 3 L. 8K TS R P S A i R
I S7 5 HE 1 A5 3 @ A5 AU EE S I BR324
(9 JE R QSR A CobNet™ Jy v #5 M A¥ ) & 4% (1)
TS AR A0 ) 3 5 XL R AT AR R WA
TR 2K 1) 5 1A R [ ) AR DL BB ) A SRR AE R AT
AR FE I F B HI 2 0 A 3 R 1S 2 b B R 28
PR PR AT SR B B R HARn R An B I E N
0, AN B BN 1 oA A 7 = R R )5 & Xt
2 )RR AE oK 58 B 1 48 28 KN B R AE 0 17O 35 3
A 8515 3 1 i AR R A 3 9 5RO O S A )RR AR
PEAT A T, I S 4 T R A5 21 A 40 4R A ) TR0 44
5 2 RO )8 SRR b & )5 2243 #.

PR T I AR B 0 L S — S8y ik G i X A
22 A TR TR 33 TIRE AR 22 0 58 268 500 ER Al B
Sy, Siam & NS IR [ 8 R A HL, MR 4 2 A
S AR AE A [ 43 R T B Ji 28 A0 7 s AR B 47
K AFE) Y F AT 45 B IE AR B, O T 2R3 B 2R
JE A5 I, Wang %5 M08 RO 2 A8 0 #5650

2~ Dy (2| S) = N(Z3 frior 6 vior) (40)
203 W )2 4 5 J2 W R AT 1) i S B o T 6 s
J8 JFRUAS P — N A 0 T T LT B A BR %
i FNE N 22 57 KT R 1 AS 1 5 k. 320 0 T i &Y
WM 7R 4y 4 P ) A, S o O R 3R B AR 4 IS R 4y
DA 3 30T D TR 1 S I 56 ARE R A 43 I B MR AR 1Y)
3 A v e 5 R R TR FEAS B 2 A 19 JR . Okaza-
wa " i Y — > 2 ] AL 56 &R W 4% (TPRNet) , 3 i
TR H A O P BT A 2 B 2 SRR R Ok R AR
PENTE: S

>0 2 Sim(P PO 1[c Fc,]
L= (41)

2 2 1[".\ iﬁ]

Horp o Ml e AR BRI 95 PO M PO R 2 AN )
I 9 SR Y ) S m S BT A 2 1 B TR K Sim R 4R
AR FZARRLEE T a0 AR %4 2k B AR AR S R
28 [ (4 AR DL R B2 w5 ] X 231k

Xt o 0 S S 3 Bl 0 0 SRR 114 R A
Cheng 55 A" 4 H #E O J R0E0HG 19 75 2 CHPAD , ]
FHIC T U A ML A 3R A5 5 288 D Y e 5 26 288 i 26
TR AR PR AR DR L ] dX 2 RS U 5 9 45 5 H
BRSS9 i B A BE DX SR AR A 15 2 160 i i B 4 DL
PC 1 SR 2. O 1A R /N RE AR 23 BT 55 HR 18 28 0 A i
B MENUA®® 2t — > 2 36 5 i 77 A 1 ok AR A7
FEASAFAE , SR 5 ) FH w55 J0T o 280 35 2 e i F S A
AR AR BEAT 9 L 5 SR OB — R A i 6 A E
ik

IR T5 ik A 22 A D R R AR SR AR R
L 2 BRI AS W R AE R B R SOfE B R S
#RIT RUACR — A S s i B R
TN TR — 5 R BE b RE 68 5% fifk A I T A A
(T . J oK B 25 T 224 IR P /N RE AR 0 3 5k
(A X R TT IR B & R BR AU 24 i B ot
B SR AR5 B A — 2 J5 3k A A [ O 2 A i 2 A
JE TR SHe 3% TR A Y 22 A P B e AR A A (] 2 RE
9 B R B2 T F R RE A

TE/NREASTE Lo AT 55 o o Al T B A s LA )
i JRROR R F O AE B o LR B L R 2
NE R T A R HARR 5 8.0 FRR T
KA A S5 A0 23 (8] 45 8 - 31X 2 05 15 H s X gt
7 40RLE F9 UE JE 75 fiff R H B 8 48 R0 X T A7 7 AR
JE PN 22 5 19 BN I ATS A7 A — L8 ] T, Bk 171 52 0
HIVERE.
4.2.2 LT ILECHY/IEA I 5

T TR M SR AR AR S A AR e [ AR
FLBS 0 2015 {5 S A 25 [ 465 0, AT 92 1 5 DR
(5 35 TF U6 I 8 5 i 1l 1] 45 g sl A 5 45 il A
W ER ]9 5 2R L Ji5 oK TF U6 38 s A A i 4
TEAR 2R TR AR B0 EE L 9 il AT 4D 3 B 38 38 T L <5
75 AL BRAT B Y w5 4 O A R . 5 T DL EC Y O YA AE
ULARRIR T A S RS TE T /EA 7
PERE. XI5 15 B fig KFE I 3t O B A ik 119 =3 () &5
a0 JEL o S S A I S A A )RR AR 18] Y R SO fE
KL S B SR R DL .

CL) ) P 5 g T 8 S 1 £ 3 ] 1) 56 R

Bt X JURY 4 05 35 AT AE R S5 R AR L T P 2
FEY BR) 7 35 A B R L S AR R 1 1 3R 1) ) X I 5%
F R AR R RR A B 5 AT RSS2 A S 4 B R
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Hl

7 2024 4E

o
=B

F1% 2 8] F1 25 0 55 405 5 2, A5 B2k

Zhang % NPV 4 3 B 45 (PGNet) , 1
R IS S AR A 9 R I AR R ) B B X N G R L T E
I FH 1 445 g oF A 380 45 4 Ak 1 43 0 B8 . & i R BT
BT TOR AL SR B AR 25 B IR &
1% A ] e H 5 ) SR A BROAS [) 4 3 2R A R AE L 1% 3
N [R)E SCJZ T8 B bR 215 2. Wang 28 A0 5] A&
TR JIWLEN AR Z BB R R B E TN
26 (DAN) 38 38 90461 e ACEE 34 422 0 34 2 AIRR o 3% 4%
S VAT BT 2 1 DX R SR BT AR R SRR S
B B0 Y b 3E e A 3R R DX TN R AR
JIN B 5 T DX K o 5 0 4% B % 4 7 O in R [ 1Y
B LA DAN IR 5] A T 2Bl U-Net' " iy 45 #4) 5k
G 2 ROE (5 B3 T 7 B fE. Lin 58 AW #1 Xie
SN AR O P R % B O 4 4 S R A
AR 1] 1 5 & Liv 2 A0 41 H 56 £ DU D R 4%
(CMNet) . 7E [A] — 5K B4 bl ok 3 3 s % 3 B
SCAE B o TE SCRE AR ) PG ) 3 2o 5 TR AR O B0 A% 3
FE B s Xie 88 AV 4 Hy RUBE I & e ) 45
(SAGNN), 5] A self-node BpEMLH #1341 e ' Y
Hof 5 R, R SR A R AR SR Y
RV g;,-;

g =Softmax(el; ) (A" +h™") (42)

X5 R R R T A B BT A 00 AT R ) A 5 R b B
B A I FEAT SR BT 5 5 B9 A

X 4y ) T ] ol 2 I 4% 1) SRR i e /N AR
T Sy b ) L Sl e R R R OC R L RE
% 55 40 B FH R BT SCR A R 25 40 15 8, 76 32 8 4
FEVRE B AR R SCME RN ST A R O &R T
HOAT Ry S Tk

(2) THEE AL BE A% S35 2 i) TR R 1) 6 &R

e T 1 % g 4 L ) 4% A S 32 A 0 R 44
Vi) 4 B85 56 2 I 256 B 1 1 s R AT 2] L R
AJ A 23 M AR TR S J0aE L TR B K 3G i T
P OB 2 ) B2 A 22 5 R R 43 )
PERE. MLAh, BEE T B A I D S R B AR
RIS, PRI e AT e v AR S R A i [
QAR 1R 2R 8] 14 8 4 A AR BE DG 28 R M ok I B TR 1R 485
PG ZR o DI 48 8 43 HU M g L rp SRk 0 16 [&1 44 )
PR R LR G R B o 3 2 T A A A XA AL S
1 o 3 Ry 2 ) B ) F B A ELAS 25 8 i oAb 2 8K
It [ B R A8 AR A7 Hi R B UG 4 RS 15 B

A B SN SRR RRAE 5 SR M A A R R4S
SCREHTSRRAE ST 3 A 1103 S T SRR AR 5 A A R
FIE 1] B4 AR B0 BE S BA5 B 28 .. Min %5 A5 42 6

B IR W 45 CHSNet) , 153 32445 i 55 1 £ 30 45 ik 2
J2 U AR SZARARLE S BUAR B A L B T —
ALY center-pivot 4D B 4D B RS
By T hon AL IF 5 B B A 2D 53 IR b 2
2 TR T A Ak A A AL BE 5 FR B

(cx K (aah= D) cla,pHEP(p' =)+

P EPG)

Z c(pa P (p—2)

Foop RO RZ Gy AR WA 2D 53 S B P (20
P 4338 s o F0 " B AR I s 4 A A i 2R
BRI R 1 = 218 UK 2 LT &K,
DKL 30 20 1547 HE 05 000 5k A vk Sk AN AR 43 4
T —FE R EEFZ R B RAT 5
A SRR RN A T AR AR AR 2R 2 (R AR AL EE 1 Ok 2R AT 43
%], Hong %5 AP 42 1 4D % Swin Transformer
Ab B 2o RUBE 1) S F5 i S5 RO 0 2 900 R AL 8] 79 A 0L
HiLE. B — RN A BN B 0 A R
JRHE B B s AR R, . ERI A TERIA
AW 22 I T AN T AL B, B A Ak 3 4k
By N 3 B8 7 e 2 AN [ Y O XA B S HE R SRR AE
VA TR AR5 22 8] A v A AR DL RE O R AR @ A
TR AU B8 SR R AL 22 ROBE FRRAE I 4E 45
FREE R R T BOR 32 55 4 5 A 1 i A 2.
AR B A O vk HOR T SR R A R S
B HEAHE ot s —2RFo¥En
5y R TE TSR L I 2 L B fE R AP
Se vt B SR RN )RR AE 04 A R0 RE AR B AR S i A
T 3o 3 A e &R 43 AR AR 8 2 HI 28 AR Zhang 45
N PG R — 30 Transformer fif #/NFEAR 43 ]
55 (CyCTR) , IF A A 2 WL R 28 SO )
B3 2 1) 45 4. CyCTR # MR — B 13 2 0
BILA] o 30 2 3153 2 3 AR 2 1 AR AIE [ 19 2k 7 AH DL B L 4R
N5 SRR R A I AR R 2R 5 A Z A& 1%
2 AR BN SRR AR U SRR R R SRR
PR LR EWR S — B HIEH A G E, U
AR FH AR AR R LA RRRE 5 R
FEM LB R Z B H. Shi 5 AN R % E
& XA SCRFE B IR R & M4 (DCAMA) ,
o R 38 S B ML 38 o T B SRR A A IR AR (]
F4) AFARL B8 DA Xof S R A in A A 2] 2 0 0 L B
Attn(Q,K,V) =Softmax(QK") /V/d)V (44)
Hr DCAMA ¥ 2 i 45 1F 24 /E Transformer 454
1) Query(Q), L FFFFE 2 1F Key (KD, RIS Y
i Value(V) #E47 43 #]. Zhang 2 N\ R 3T R
SCHTAE LM B9 Transformer (CATrans) , i f — 4>

(43)
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JERACRI S5 R 45 1 SCRAR LR AR B, o A2 il
AR RoR. BRItz Ah el B I fisg X
TEE JIHLH 3 5 3153 SR R AE A A AR B B0 B
T OCFE B AR AT Z B R SCE L IR AR 1 5
FIAEH. A B T 77 Az TRS By L O 45 ) X6 B o &R [
IF A — A~ /N 45 B 2% g B 4 1 15 B T B 52 B R
AYRFAE SRS 205 B, SR J5 38 38 U-Net 251492 47 I
KA B FI RS, Kang S AV 2 B S HF %
W2 CASNet) . i 5 [ 1 78 J B A SR 8 1 52
5 F0 A 5 AE 18] A AR DL B A LA R & AR
PR EEFE VB ¢ R ok
exp(ACp, s p)Y (pp))

Doexp(Alp, s pOY.(pi)
?}

C' = Fooeees (AV) (46)
Hrp Y, (po e R AR 8 TR R 3 ey 1,65
DIIRAE A — 03 Frrocess A= — 5 51 45 T B 26 PR 4250 42
1. 207 DG /INFEAS 22 2] F/INFE AR 43 BT 55 3% 4 %)
— G —WRESE X A FT S T LU T 26 & 1
IR AL R B 43 EIT 55 . Cao 28 NV H 40 515
RF BB I AT SRR R SR 5 A R REAE ] (9 4
R0 B2 SR F B LA AT 5 A5 B I 2o )2 Ak 8 3 AT
o EL A e A T T S DX BT R A DX A T
O A B A AT A5 S L I TR A B RO
AWiZ IR B bR 038 ORI & A5 B Liv % AN 7
HSNet Jefilf o B0 I 6 AR AR %R B o A7 78 e P 1Y
[ 80, 4 1R IE 1 58 Y BT SCIR 48 (FECANet) L i
Tk — T B 58 SCTE R 7 RN S8 T B ] Ok 1 9 SRR
A VR AE 7R L A0 A 7] 25 a] g S 3 AR fRLPE 1 5
[F] 288 [ 118 4 Jmy A R0 o DA D820 el 28 N 22 S5 1 A
J3 [] AH AL A7 R B MR P L BT B R SCfE B Al
B ZIT BT AR R S R AR DXl 1] 1 AR A
JERAG B R0 R SO R BE B 5 SR A ) FRAE
7530 1Y 42 Ja 56 R I Rl 5 15 3 e S 1Y Ok R R
43E). TBTNet""" %3+ 7 H A5 & Al Transformer JZ
CTTL) Sk Ak FAH B 32 5 5 R B4 3 5 153 S A
WRFAE ] 1Y) cross-similarity AN [F] JZ U< £ i) 45 Ak Fil
B 5 i self-similarity 38 455 51 550 5 7 /i 545 2.
BB AH S — AR AE L AT 2 R D TR AR S
A B . TBSNet™ Y S 3 T 95 578 40 H) i 22
P, 3T query-relevant Fll target-relevant 1543 & I
il A B P SRR R AR AE L A AL 3 S 0 R AR T
SEAHARLRE 56 & . SCCANM 41 1 — A~ | &L 1 58 X
T 1 (SCCA) RS HL K A R 8 574 A VT FE A HI 3-8 557
2 98 (1) 7] L, I 2% i JC ALY S RE patch FIAS UG L /Y

45)

A(p,vpk):

SHF patch %5 73 B R 19 T 4. SCCA B8 1 S it
S SCFE A W ARAE patch [A] A BLEE 647 X 5% . SR 5
T R A WA E ] 1Y cross-attention 343 I £F
HAFIE B B 1Y self-attention 15 43 X} £ 1) 5§ fiF #F 47 3
SRR IE. DAMY fifi H L] 3D 45 AU 48 B S RE-
A R R 2R E 1% K B patch (K R, I
2 T ) s 1] g B b CHLSFIVD 1) ] 32 45 15 5 5k g
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T < . g - HSNet(RN101) 31 AHABLE 86.5 88.5
AT R AR #2 B, f£F PASCAL-51 # COCO-20i1 -
HEAT R AL 422 HL fﬂ o Bods DCAMA(Swin-B) 32 AL 90. 1 90. 4
L, i F R 22250 5 ImageNet i 2 5 77 46 & VAT-HM(RN101)[107] AL BE 9.2 90.5
523 T RE AR VE E A — R IO B . AR FSS- VAT(RNIODET L 9.3 90.8
MSI+ VATL08] HILEE 90.6  91.0
" b K il o — ) H A
1000 K4 4 oh 1987 28 5 5 TmageNet B4 4 5¢ 4 PFENet(RN50) 1) ALAEMAICE 80.8  81.4
AL B AR AT AT ARAL 18 2 Bk i o R 5 AR PFENet++(RN10D U] g4 BB FILA  88.6 89,2
i — s NYIEVIPRN = > DoG-LSTM(VGG16)t23)  HAfth )53k i) 80.8 83. 4
Bl 10 Fizs. B R ok . F AT 24 /i B B 16 A [B] 4 /e 1R =
s % oK FATXE =4 % f H i CTANet(RN50) (127 JCfbJECRIE) 831 87.9
R T N N AN B = B o N € DACM(RN101)51] o 90.8  91.7
2 BB R PR A ) — B 4 L OERBUEA T A Painter SR MIMD 617623
SegGPTL33] Hfhr s (MIM)  85.6 89. 3
A —
x4 INEEXS BB ERTE PASCAL-5i #iiE & 148 (BT %)
1-shot 5-shot
N /

Jrik ZES foldo foldl fold2 fold3 mIoU FBIoU fold0 foldl fold2 fold3 mIoU FBIoU
OSLSM(VGG16)[4] A4y 24 28 33.6 55.3 40.9 33.5 40.8 61.3 35.9 581 42.7 39.1 44.0 61.5
CWT(RN50)[50] et gy 2k s 56.3 62.0 59.9 47.2 56.4  — 61.3 68.5 68.5 56.6 63.7 —
RePRI(RN50) 9] Ak 4y 25 2% 59.8 68.3 62.1 48.5 59.7  — 64.6 71.4 71.1 59.3 66.6 —
FWB(RN101)[#] e Ak S 5 S Y 51.3 64.5 56.7 52.2 56.2 @ — 54.9 67.4 62.2 55.3 59.9  —
SST(RN50) L8] Ak 32 HRAE 54.4 66.4 57.1 52.5 57.6 — 58.6 68.7 63.1 55.3 6l.4 —
CRNet(RN50) [59] B A JE Y 52.5 65.9 51.3 51.9 55.4 66.2 55.5 67.8 51.9 53.2 57.1 69.6
SS-PFENet(RN50)[80] AN A 58.9 69.9 66.4 57.7 63.2 — 61.4 75.0 70.5 67.7 68.6 «—
BAM(RN50)[61] A R 69.0 73.6 67.6 61.1 67.8 79.7 70.6 75.1 70.8 67.2 70.9 82.2
BAM 4 (RN50) 62 A [ 69.5 74.2 69.2 61.5 68.6 79.7 70.8 75.3 73.0 69.0 72.1 82.8
PMMs(RN50)[30] E2NEE 55.2 66.9 52.6 50.7 56.3  — 56.3 67.3 54.5 51.0 57.3 —
SimPropNet[7!] EA % 54.9 67.3 54.5 52.0 57.2 73.0 57.2 68.5 58.4 56.1 60.0 72.9
DPNet(RN50) [83] Z A 60.7 69.5 62.8 58.0 62.7 64.7 70.8 69.0 60.1 66.2
CMN(RN50) (7] ZA A 64.3 70.0 57.4 59.4 62.8 72.3 65.8 70.4 57.6 60.8 63.7 72.8
DCP(RN50)L69] Z A 63.8 70.5 61.2 55.7 62.8 75.6 67.2 73.2 66.4 64.5 67.8 79.7
NERTNet(RN101)[74] Z R 65.5 71.8 59.1 58.3 63.7 75.3  67.9 73.2 60.1 66.8 67.0 78.2
CELP(RN50) 81 ZA 67.9 73.0 61.8 58.4 65.3 73.2 69.4 73.7 61.6 60.8 66.4 75.3
HPA(RN101)Co1] EZ i 67.2 73.1 64.3 59.8 66.1 76.6 68.3 75.2 66.4 67.8 69.4 80.4
IPMT(RN50)[7¢] EA % 72.8 73.7 59.2 61.6 66.8 77.1 73.1 74.7 61.6 63.4 68.2 8.4
IPRNet(RN101)L90] ZAFE R 67.8 74.6 65.7 62.2 67.5 70.0 75.9 71.8 65.8 70.9
SAGNN(RN50) 98] & 45 ¥4 64.7 69.6 57.0 57.2 62.1 73.2  64.9 70.0 57.0 59.3 62.8 73.3
CMNet(RN50)L9%] [&] 45 ¥4 65.4 71.5 55.2 58.1 62.5 73.5 67.0 71.7 55.8 59.9 63.6 74.1
ASNet(RN50)[100] AL 68.9 71.7 61.1 62.7 66.1 77.7 72.6 74.3 65.3 67.1 70.8 80.4
HSNet(RN101) 31 AL 67.3 72.3 62.0 63.1 66.2 77.6 71.8 74.4 67.0 68.3 70.4 80.6
FECANet(RN50)L102] AL 69.2 72.3 62.4 65.7 67.4 78.7 72.9 74.0 65.2 67.8 70.0 80.7
CATrans(Swin-T) 99 AL 68.0 73.5 64.9 63.7 67.6 — 75.9 79.1 78.3 75.6 77.3 @ —
VAT(RN101)C97] AL 70.0 72.5 64.8 64.2 67.9 79.6 75.0 75.2 68.4 69.5 72.0 83.2
DCAMA (Swin-B)32] AH AL B 72.2 73.8 64.3 67.1 69.3 78.5 757 77.1 72.0 74.8 74.9 82.9
MSI+ VAT (RN101) [108] AL E 73.1 73.9 64.7 68.8 70.1 82.3 73.6 76.1 68.0 71.3 72.2 82.3
TBS+DCAMA (Swin-B)[104] 4 {bl B 74.7 744 66.1 69.5 71.2 80.0 76.5 76.5 71.4 76.3 75.2 83.4
FFNet(RN50) 11 Fl A5 J5E 78 DG 60.3 69.1 56.0 56.3 60.4 71.1  61.7 69.1 57.1 58.3 61.6 72.5
PFENet(RN50) L1 Fl A 5 78 e e 61.7 69.5 55.4 56.3 60.8 73.3 63.1 70.7 55.8 57.9 61.9 73.9
AAFormer(RN101)t120] il A SO A0 DL e 69.9 73.6 57.9 59.7 65.3 74.9  75.0 75.1 59.0 63.2 68.1 77.3
MSHNet(RN101) L1161 Fil A5 JAL 78 DG i 68.6 73.1 61.3 63.9 66.7 77.7 73.0 76.3 68.1 71.9 72.3 82.7
MIANet(RN50) [112] il £ JEL 28 DL g 68.5 75.8 67.5 63.2 68.7  — 70.2 77.4 70.0 68.8 7.6  —
FPTrans(DeiT-B) %) Filt A Ji7 A0 0 DE i 72.3 70.6 68.3 64.1 68.8 — 76.7 79.0 81.0 75.1 78.0  —
MSANet(RN101)[115] Tl A TR DG i 70.8 75.2 67.3 64.3 69.1 80.4 73.8 77.8 73.1 71.2 74.0 84.3
AMFormer(ResNet101) 18] g2 J5 75 11 G i 71.3 76.7 70.7 63.9 70.7 74.4 78.5 74.3 67.2 73.6
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(8
. . 1-shot 5-shot
Jrik gEs foldo foldl fold2 fold3 mIoU FBIoU foldo foldl fold2 fold3 mIoU FBIoU
Adaptive FSS+DCAMA (Swin-B)L707 Fili £ Jit %1 F1 UT it 74.3 74.9 70.5 69.8 72.4 @ — 76.8 78.8 74.3 77.1 76.7 @ —
DoG-LSTM(RN101)[123] Hoph Jy vk GO 57.0 67.2 56.1 54.3 58.7 57.3 68.5 61.5 56.3 60.9
DGPNet(RN101) 655 Hoth 7575 GRi D 63.9 71.0 63.0 61.4 64.8 — 74.1 77.4 76.7 73.4 75.4 —
QCLNet(RN101)122] HAb (U TE)  67.9 72.5 64.3 63.4 67.0 72.5 74.8 68.5 68.9 71.2
DPCN(RN50)[128] Hfh 7 (GhABEF) 65.7 71.6 69.1 60.6 66.7 78.0 70.0 73.2 70.9 65.5 69.9 80.7
FSS-SAM+BAM(RNS0)140] HoAth J5 vk (SAMD 70.2 74.0 67.9 62.0 68.5 80.2 7.9 75.3 71.1 68.3 71.6 82.7
BAM+SVF(RN50)H27] [CeEn 69.4 74.5 68.8 63.1 69.0 80.1 72.1 76.2 72.0 68.9 72.3 83.2
DACM(RN101) 54 Hof s CRHLEE)  69.9 74.1 66.2 66.0 69.1 79.4  74.2 76.4 71.1 71.6 73.3 83.1
MuSH (DeiT-B)[129] FRAE 2 B A 71.2 71.5 67.0 66.6 69.1 — 75.9 77.8 78.6 74.7 76.7  —
HDMNet(RN50)150] o g5 vk (GERD 71.0 75.4 68.9 62.1 69.4  — 71.3 76.2 71.3 68.5 71.8 —
PI-CLIP-+ HDMNet(RN50) 139 Hoth I 7 (A 76.4 83.5 74.7 72.8 76.8 @ — 76.7 83.8 75.2 73.2 77.2 @ —
PGMA-Net(CLIP-RN101)L138] Hopth 53k (A 76.8 82.3 75.7 75.7 77.6 86.2 77.7 82.7 76.9 77.0 78.6 86.9
SegGPT!38] HoAts 77 2 (MIMD - - -  — 832 — - -  — — 89.8 —
x5 INERSBEEXE COCO-20i HIEE L 1EsE CBAAT . %0)
. 1-shot 5-shot
RS RES foldo foldl fold2 fold3 mIoU FBIoU fold0 foldl fold2 fold3 mlIoU FBIoU
FWB(RN101)L3] oAl 32 35 A 17.0 18.0 21.0 28.9 21.1 — 19.1 21.5 23.9 30.1 21.4 —
CWT(RN50)L50] Ak 4y 25 58 32.2 36.0 31.6 31.6 32.9 40.1 43.8 39.0 42.4 41.3
RePRI(RN50) (1] IR 31.2 381 33.3 33.0 34.0 — 38.5 46.2 40.0 43.6 42.1  —
SS-PFENet(VGG16) 60 A [ Y 35.6 39.2 37.6 37.3 37.5 @ — 40.4 45.8 40.3 40.7 41.8 —
BAM(RN50) 61 AN R 43.4 50.6 47.5 43.4 46.2  — 49.3 54.2 51.6 49.6 51.2  —
BAM- + (RN50) L62] AN R 44.4 52.0 47.0 45.2 47.2 @ — 52.5 57.0 51.0 49.5 52.5  —
QGNet(RN50)L77! ZA R 36.7 41.4 38.7 36.6 38.3 62.4  41.5 48.1 46.3 43.6 43.6 66.2
CELP(RN101) 81 LA JFE T 36.9 40.9 39.2 39.1 39.0 61.4  41.4 42.9 43.3 43.5 42.8 62.7
NERTNet(RN101)[74] LA R 38.3 40.4 39.5 38.1 39.1 67.5 42.3 44.4 44.2 41.7 43.2 69.6
CMN(RN50)L7] LA JE 37.9 44.8 38.7 35.6 39.3 61.7 42.0 50.5 41.0 38.9 43.1 63.3
SSP(RN101)L84 Z A i 39.1 45.1 42.7 41.2 42.0 — 47.4 54.5 50.4 49.6 50.2 @ —
IPMT(RN50) 78] LA R 41.4 45.1 45.6 40.0 43.0 — 43.5 49.7 48.7 47.9 47.5  —
IPRNet(RN101)L90] Z AT 42.9 50.6 46.8 47.4 46.9 50.7 58.3 52.8 51.3 53.3
HPA(RN101)94] Z AR A 43.2 50.5 45.5 46.3 46.9 68.8  49.4 58.4 52.5 50.9 52.8 74.4
MENUA+HDMNet(RN50)92) g4 [ 78 50. 9 57.1
CMNet(RN50)L95] [ 25 ¥y 48.7 33.3 26.8 31.2 35.0 49.5 35.6 31.8 33.1 37.5
SAGNN(RN101)L96 5] 45 1) 36.1 41.0 38.2 33.5 37.2 60.9 40.9 48.3 42.6 38.9 42.7 63.4
HSNet(RN101) 31 AH AL B 37.2 44.1 42.4 41.3 41.2 69.1  45.9 53.0 51.8 47.1 49.5 72.4
VAT(RN50)97] L 39.0 43.8 42.6 39.7 41.3 68.8 44.1 51.1 50.2 46.1 47.9 72.4
FECANet(RN50)102] DL 38.5 44.6 42.6 40.7 41.6 69.6  44.6 51.5 48.4 45.8 47.6 71.1
HSNet-HM(RN101)[107] AL BE 41.2 50.0 48.8 45.9 46.5 71.5 46.5 55.2 51.8 48.9 50.6 72.9
CATrans(Swin-T) 99 AL 47.9 52.3 49.2 48.0 49.4  — 59.3 64.1 59.6 57.3 60.1 —
MSI+ VAT(RN101)108] AL 44.8 54.2 52.3 48.0 49.8  — 49.3 58.0 56.1 52.7 54.0  —
DCAMA (Swin-B) 32 AL BE 49.5 52.7 52.8 48.7 50.9 73.2  55.4 60.3 59.9 57.5 58.3 76.9
TBS+DCAMA (Swin-B)[104] AR 49.6 54.3 54.1 51.3 52.3 74.2  53.7 62.9 59.3 58.2 58.5 76.8
AAFormer(RN50)[120] A EAIFICE  39.8 44.6 40.6 41.4 41.6 67.7  42.9 50.1 45.5 49.2 46.9 68.2
PFENet-+ -+ (RN50) 18] FhAJREIFICE,  40.9 46.0 42.3 40.1 42.3 65.7  47.5 53.3 47.3 46.4 48.6 70.3
MSHNet(RN101)L116] EhA ERURIDCHED 41,3 49.9 46.4 46.6 46.1 < — 51.7 62.6 55.9 53.8 56.0 —
ProtoFormer(RN101)[110] A JREFICEE  42.9 50.7 48.4 45.8 47.0 70.0  49.6 59.7 56.4 53.0 54.7 74.6
FPTrans(DeiT-B) 52 FbA REFIDCES  44.4  48.9 50.6 44.0 47.0 54.2 62.5 61.3 57.6 58.9
MIANet(RN50)112] Rl G JRBIFIDCEE  42.5 53.0 47.8 47.4 47.7 45.8 58.2 51.3 51.9 51.7
AMFormer(RN101)L118] AR FIDCE 44.9 55.8 52.7 50.6 51.0 52.0 61.9 57.4 57.9 57.3
MSANet(RN101) 115 A JERFIVCE.  47.8 57.4 48.7 50.5 51.1 @ — 53.2 62.3 55.4 56.3 56.8 —
Adaptive+ DCAMA(Swin-B)[70) @5 AR AIPLES  51.4 53.1 54.4 51.9 52.7 — 57.8 61.0 60.9 58.5 59.6  —
DPCN(RN50)128] B EM 42.0 47.0 43.2 39.7 43.0 63.2  46.0 54.9 50.8 47.4 49.8 67.4
MMFormer(RN50) (56 Hofh v (AR 40.5 A7.7 45.2 43.3 44,2 44.0 52.4 47.4 50.0 48.4
FSS-SAM+BAM(RN50)[110] H )y (SAM)  39.1 50.4 48.4 43.1 45.3  — 47.3 54.1 48.2 47.1 49.2  —
QCLNet(RN101)122] Py IT 5k 40.0 45.5 45.1 43.6 43.6 69.9  46.9 55.8 53.6 51.1 51.9 73.5
MuSH (DeiT-B) 129 FRAE SR 2% 44.0 50.0 49.1 46.3 47.4  — 53.6 60.5 57.3 55.2 56.7 @ —
BAM+SVF(RNe0)[127] R £ T 46.9 53.8 48.4 44.8 48.5  — 52.3 57.8 52.0 53.4 53.9 @ —
HDMNet(RN50)130] oy (GEM)  43.8 55.3 51.6 49.4 50.0 72.2  50.6 61.6 55.7 56.0 56.0 77.7
PGMA-Net(CLIP-RN101D)[381  HAh 7 H: (LAY 55.2 62.7 60.3 59.4 59.4 78.5  55.9 65.9 63.4 61.9 61.8 79.4
PI-CLIP+HDMNet(RN50) 1390 My gk (3CA)  49.3  65.7 55.8 56.3 56.8 56.4 66.2 55.9 58.0 59.1
SegGPTL33] HoAth 77 2 (MIM) — — — —  56.1 — — — — —  67.9 —
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‘ FPTrans

YRR ARy PFENet

B 10 /NBEAR 23 8 23 0k o3 F 4 R T AL

IMNERSENEEZEARAR SR IFENERTHR
B I
FEA/NT  FRATTAE Y 28 I LU RN 5o S sCHf Lb
PERETE M 46 A5 T A 43 SR ZINRE AR 43 1 353 1 Rk g
IKFE.

B ZE I (LoD VERETEM P8 45 T - 3R AT 20 BT
A FSS-1000, PASCAL-51 Fl COCO-20i
AN 3 i #E 1-shot Fil 5-shot % & N M 1
AE L%, 7E FSS-1000 ¥4 % b . H i 78 1-shot
5-shot BB T AT AETERE M % & DACM, H
REAr BIR BN T 90. 8 Y M 91. 7%, %7 B /INFEAS 43
) 2k P A Oy g T A R L A% R BT B SRR A A
TR VL5 22 () 1 A ARLBE O 2R Ok BE s PR BE. i T FSS-
1000 i 4 i KR A & 1 4380 B AR B — , 35 S A X
[ RS W R I R R S A R 9 s N )
PERE , IR FI A9 OSLSM J5 3 4% 1-shot fil 5-shot %
B HB I3k T 70. 3% f1 73.0%. 1E
PASCAL-51 ¥t B4 I, X4 AifE 1-shot 1 5-shot %
BN RS REERMEILYESFIL T EANL
BB O 9T B E Y ] A3 ) O B A SegGPT, H
1-shot PEfEX F| T 83.2%, 5-shot PEfEH 89.8%,
IINEEAS 43 E B T 0 M R AR AR KR BE L T, AE 1-shot
WHE N 5 ZHE Ge /N A 3 8 7 2 iR A9 B A E
PERER) Adaptive FSS J7 ik AH Lk, SegGPT 4 fig $2 Ft
T 10. 8% ;7€ 5-shot & T, 52§y & H 3k 15 &
HETE gAY FPTrans A Lo, HMERE4R 7+ T 11. 8%.
SegGPT R T in-context learning Fl#& /8 2% > 1Y
SRR T 2 A A e 15 R B ML €8 T 4R R I
R, 5 AE R DA Bl oy BT 55 R BUIS T 0 i M gL
1E COCO-201 ¥ 4R b A A i BT 13-4 B Ak
REM R AN A 9. 76 1-shot ¥ B T K15 & {1k fig

5.1

M55 J&E PGMA-Net, H ¥ 58 3 M 6E o 59. 4%,
55 RAE B T 90U 25 Bl B A 1Y d AR B 1 Adaptive
FSS Mt HAEREFRAE T 6. 7% 4R TH s 7 5-shot %
BT AR R Y 1 2 SegGPT, H ¥ 52 JIf 11
PEREN 67. 9% . 5 Z WAL e /INFEAS 4380 05 35 vh ) e
B CATrans LM, YERESE T T 7.8%.
IO AT LA Hh s T 2 A TR S R A
B A A3 R SE VERE 1R B T AR KT, X
XA GE/ANEAR 3 ET 55 77 A T — o By i

TERT 5615 528 3F L (FBIoU) L RETE M 48 45 T
AT HAE PASCAL-51 Fil COCO-20i X P /> 5 i 4
b A AR A I AR AR Y 4% R Y 1-shot F 5-shot
PERE LL %2, {1 B CLIP 19l 25 A< &L () PGMA-Net
Tk A A B dE B B ARG T PR RE. TE
PASCAL-5i ¥4 4 I, H 1-shot HEfE R 86.2%,
5-shot 24 86. 9%. £ COCO-20i g4 I, H 1-shot
PEfE K 78.5% , 5-shot & 79.4%.
52 IWNERDBEFEARBBEBE LRI

FRATTLASE T AH LB 1153 i D fic A5 3 MIST 2y 4]
B A = A5 4 11 3 38 3 e GnToUD 4 BE.
MSI J5 Al 1 5 S FF R e FR L B st i 18 4
ARAT I SCRFRAAE 43 590 5 A5 100 RR AR TF 53 4 0% A AL
SRR T DU AR B A i T A RL B Y DB I O vk rp. AR
SCEIZ 7 B FAE HSNet Fl VAT HE S T #4752
B 0UE K% T ik N AR VAT 284 BB 78 =4
BEE BRI TR ERE. AT MSTAE VAT
HE SRR B PR BB A 1 150 BT[] — B30 0 A R B 8 4R T
R eI

1t FSS-1000 $u 45 4 |, % J7 1% /F 1-shot Fll 5-
shot B E T HMERE S HEEEN T 90. 6 201 91. 0%, 4H
BF VAT ikt a SE Tt 17 0. 3%/ 0. 2% 78
PASCAL-5i 484 % r 4y Bk 8 7 70. 1%
M72.2%, 8 VAT e 374 T 2.2% A
0. 2% 7 COCO-201 i 4 b iz ikl s T
49. 8% 54. 0%, HERER T VAT 427+ T 8.5% Al
6. 1% Z LA = A EE4E LRI AT LUE 1 7
FSS-1000 $di 4 b3k T i i a5 5% 0t iz gk
It G PR BB A K AR 47 o Fir LA T 5 A G 458 /0N 5 1 AE
COCO-20i Fudi e by Pk RE f AR, Ry TR K4
Fhas (8] 72 PASCAL-51 %04 48 b iy Mg &k T v [l
GEAR LR T — I EREEE T

WAL W TP R AT LUR L & AN RE T
=SAEE S BRI T AR B & #E FSS-1000
i 4 B ARAS S 4 i ME BB L OE W R SR B L FSS-
1000 % 4i 4 B 5k B R A& — A FF 4080 H pw s i HL



10 4 PREIR A /AMREASTE SO BIWEIE SR 5 20 2441

M G 7 B BRI A B BE A/ s 7E COCO- 201 %R
P 4E LR T AR BE . & o COCO-201 Hds
L RREGER & 2 2], I B £
TS 2% AN T 43 B ME B A K i PASCAL-5i
B R BB AL T v RD 43 T R A X A

5.3 INEARSEIEATE PASCAL-5i #i1E& FHIRI

BEF SRR AT L PSACAL-51 B4 & h 1], 75 B
TR 43 2B BT ok H AN [] 28 2 1) 53 P

FEF AL INREAS 3-8 7 15 v 4R A5 e AR P AR 1Y)
k& RePRI, H 1-shot #1 5-shot # 28 3 o (mIolD)
PEEE IR 2 T 59. 7% 66. 6 %0. BTk By ik
TEAE B IS AR o T R 2 bR v AR AR R B T S
B G B 0L B4 TR O X A TR 25 4 R AR AL AR
TRER R RePRI G375 1T 5 7% (1) 455 78 25 44 fc skt
o i BL A BF X HE B o0 AT ek, HfE e R A
Transductive J5 3, FF i 5T T 024 2 B9l 2k 05 K.

TR 4 BT LAF 7 A0 5 5 T R 2 2
KA IR AFAE R 25 O th T3 Ttk i oy i
T HE P AL AR R B ) o B S0 A PR 5 0 40 )
PR REAZ 2. T 5L TR R ) 0 O R PR E R
AR, B e S A rp et o) B £ 5 38056 1)
RSB Sz Ak FEHE RS AR o R B TSR A
A8 WBEIE B H 0T LUE 5 S20F 9% = B4 R 761007 7).

FESE T B i ) 1 Ok P 3R AT SR LR A i —
AR eI A T 0 AR a1 - - R S N
KRR R B 1 A S 3k 1 B AN SRR ) O v L AR R T
FFH G RE g5 £E 09 5 9 & BAMA 4, H 1-shot #1
5-shot ¥J52 3 tb (m Lo U T BE 2 B 3K £ T 68. 6 % Al
72.1%  HAT -1 538 I L (FBIoU) 43 il 02 79. 7%
1 82. 8 %. B M — > T I 25 - 1l KL 28 40 <2 ok T B
FEIEXT WA i s e — 2R T 2 RS B
ZH. FERTF A ALY I b BAM il BAM + +
BAMARIZ T TR R AR AT B R AR T A, X
PO B A I G a B o X I R A R AT O % L S B
A5 A2 51 B BRI 2 AR 15 6 R A AR AT
YIRS e R R 42 T B B 22—, 2
7 fold2 il fold3 ¥udmsE .

B2 WM RET 2B k. &K rkdh
IR15 e AF M e 1Y 574 & TPRNet, H 1-shot Fil 5-shot
¥RZ It et RE A Bk B T 67. 5% F1 70. 9%, 1 i
FABIERT VIR W, 5 R B B T R O
FHE A — 2 R B B BB ER T, 40 2020 4F 42 19
PMMs, SimPropNet 5874 ) F [6] 4 F) B 84 i 7Y
() CRNet Jyik 1-shot ¥EREE 4. 3 F 2 A A1 Jr
P RE A AR 47 b R LR (E B R A R B F B A
ZAEI S B R R T . — R L R R

G4 F 0 1 ) A

5 3 B B T VS 1y 7 vk AR 4 Bl mT LA
F s bR R 25 0 R 1 DT IE 7 vk A0 3k AR 4B
T VT BE 5 v 1 B A i L L () o B 3 T D B A
PERE AT, 40 2021 4E 42 B9 HSNet 7 1-shot %
B TTEREIRF] 66. 200, B & i K432 T IR ALY
O3 RIS R A IR AL SR 2 A R PR T
2 Y ET AR AT R RE 1Y Sk & TBS, H 1-shot Al
5-shot #J52I LL PERE A IR B 1T 71. 2% 0 75. 2%.

55 4 R o3 S ml A I R R DT JE Y /N RE AR )
B AR R FRE R A A FE M RE I 4R
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Background

The semantic segmentation task is one of the important
tasks and is the basis for many tasks in computer vision.
However, due to its high dependence on data and poor gener-
alization ability, its application in real life is limited. Few-shot
semantic segmentation (FSS) task has been proposed to address
these issues and aims to exploit the accumulated knowledge
in the past to achieve novel class generalization guided by
only a few densely labeled samples. FSS has attracted a lot
of attention since it was proposed. and a large number of
algorithms have emerged. Since its proposal in 2017, few-shot
semantic segmentation task has made rapid development and
progress, from pixel classification tasks to segmentation guided
by prototypes. and then to the segmentation achieved through
pixel-level relationship modeling. With the development of
pre-trained foundation models, researchers began to explore
the application of visual foundation models for few-shot
semantic segmentation task, introducing the FSS task into a
new stage of development. In addition, people began to move
towards training a task universal model for few-shot learning
task.

This paper investigates the research on few-shot semantic
segmentation in the field of natural images. Although there
have been research reviews on few-shot semantic segmentation
methods in recent years, comprehensive reviews in this field

are still rare. Moreover, with the rapid development of this
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field, a large number of algorithms have emerged, requiring
reclassification for these novel algorithms. Compared with
previous reviews, this article classifies current algorithms
from the perspective of model optimization, based on whether
gradient backpropagation exists in the inference process. The
optimization-based methods need gradient backpropagation
and optimize the trained models during inference, whereas
metric-learning-based approaches do not require any optimi-
zation of the model during inference. Then we sort out the
current algorithms and classify them into different categories
according to their designs and the challenges they address in
solving few-shot segmentation tasks. This classification can
comprehensively cover current few-shot semantic segmentation
algorithms, which is simple and intuitive. In addition to
proposing a new classification scheme, this paper deeply
analyzes existing methods and challenges, and summarizes
their development trends. This will help researchers better
understand the current research status, provide a broader
perspective for future research, and promote further development
and innovation in this field. Few-shot semantic segmentation
task has a wide range of applications and development prospects,
and it is hoped that through efforts, its performance can be
improved and the development of the computer vision field

can be promoted.



