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Abstract In recent years, with the substantial progress in large data sets and hardware technologies and the tremen-
dous continuous breakthroughs of deep learning models in various fields, several fundamental computer vision tasks
based on deep neural network models have gradually matured. Traditional supervised machine learning models
must be trained with large-scale labeled data, while visual data in the real world presents a significant long-tail
effect. Data-rich categories occupy the majority of the total categories. However, in practical application scenarios,

scarce categories may make data acquisition and labeling difficult due to privacy, security, high labeling cost, and

ARG B R RHE A1 H72030—E KT H (No.2020AAA0104802) . [E 5K [ AR FH A HE G AE I H 2 T BH AR R ML 38 N 1E RGNS Q87

(No0.91948303) 7% . Sefel, 1 LosiE, TN . AMEARS . IR B A%, E-mail: yany_shi@163.com. &> GEfF
e , Bt HEASI, AR, PEFENLSES(CCF)2 f(14099M), T ATUIS NN T8 G 4 30t 5%. E-mail: dxshi@nudt.edu.cn.
B, EEmad, EEMARSUCONTFENR . 8E N B AR IEE. E-mail: ztqiac99@163.com. 7k 2%, 1#H1, BHEEMEZA G, EEBARAUE NG
Bagd, NTHEBEZAS. E-mail: jxnzdl@126.com. XIPERE, WI-EHFFEAE, FEFFAIEONA TEEE. BFFENZE. E-mail: liuyangyang@nudt.edu.cn.
BHAR, L, BIWR, FEFFAIEAAN TG, SLAMZE. E-mail: shaowu.yang@nudt.edu.cn.


mailto:dxshi@nudt.edu.cn
mailto:ztqiao99@163.com

2 it L R

other factors. Accessing large-scale data and high-quality annotated samples is often challenging. In few-shot learn-
ing scenarios, the traditional deep learning algorithm cannot be fully trained, which makes the deep neural network
easy to overfit, and the generalization ability of the model is seriously affected. The recent deep learning techniques
cannot meet the needs of scenarios with fewer labeled training samples. Unlike deep neural networks, the visual
system of humans can exhibit a remarkable ability to learn novel concepts from a few examples quickly. Such data-
efficient ability is precisely what the practical application needs. The universality and generalization capabilities of
existing data-driven deep learning technology are far from reaching the level of human cognitive learning. Inspired
by the human learning mode, few-shot learning is gradually gaining attention in the academic field. With the deep-
ening of the research, developing few-shot learning in object detection provided a new research idea for solving the
above problems. Few-shot object detection aims to classify and locate objects in images by a small number of
labeled samples. In the scenario of data scarcity, how to exploit a few labeled samples to learn, design a detection
model with good generalization ability, and extend it to new tasks, is an urgent problem to be solved in few-shot
object detection. In this paper, we sort out the research findings of few-shot object detection from the perspectives
of tasks and problems, learning strategies, detection methods, datasets, and experimental evaluation. First, the task
definition and core problem of few-shot object detection are systematically described, and learning strategies are
discussed. Second, from the principle perspective, the existing few-shot object detection methods are summarized
into four categories, including meta-learning based, transfer-learning based, data augmentation based, and metric-
learning based methods. The core ideas, characteristics, advantages, and shortcomings of the four detection methods
are systematically elaborated, providing a basis for choosing different methods in different scenarios. After that,
this paper provides an in-depth analysis of the typical datasets, experimental design, and performance evaluation
indexes currently used for few-shot object detection. Then we summarize the experimental results of four types of
typical methods on datasets and systemically compare and analyze the detection performance of some typical meth-
ods. Finally, we point out the challenges of the current methods and provide insights on the future development
trends of few-shot object detection based on the advantages and disadvantages of the existing methods. It is expected

to provide references for subsequent research works in this field.
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Fig.1 The organizational structure of this paper
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Table 1 Comparisons of the four methods for few-shot object detection algorithms
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B, DLTRIN AT ) R S50 134 S AE . FSRW 792
K F RS 1 if PR B RFAE B BEAT T, 25 18 3 Ay
WEBPTRESAEZ A HRNE R, £BENEE
AT IO SRR R %, it YandE AP
Wit T Meta-RCNNAE AL, 5] O\ Tl ) A5 A Y 2%
(Predictor-head Remodeling Network, PRN)X 37 #74E
B b 0 A 26 H AR eI 2R E = ) &, IR AR
N 76 AR ) B 2 RPN R 28O 0 X IR
AEPIHEAT B R, fe 2845 20 B A G &
5FSRW 7 2 (1) 1 e AH LU 3R T 175.3%.  [A]FF 3,
Xiao%5 NPxf 3 Rp G o R BE AT Sl 88T, 15
FEARBENE AR I RE R &, KREE
] 5 2 ) R AE R RoIFAE AT SR A, T8It
HR A R AE BRI 3R & SCRPRFIE A 0 4, BA

WS AT B RR AR (B) AR LA, T VAR T T/
FEART MBI A B e BE, 3B FEAR 1 PR SRR AR I BE L
KL o R TTVE IR N A H A
PR INREA G 2 ) R i e, 8 I & T oo sE ) #
BEAL, KD B R ) SR AR BB A iz B
BN, BRI B RE A Dy o AR R
B ERIRE R R, AT 6 2 EHE ) H bR
SIS A P T
4.1.2 REA SR EB I 2 E B

JE R /NS H Ardar I 7 % BB A XA
FHANFEASF R R e, R SRR BB R R
K A R AL A B — e B, 5 A AR
KIS G, AT RE 3 B RS BRI 2 (845 B R
BTN SE B EE G, T KR 2 2K A
Ko MH, HTXFEEBG T 58S KA,
A5 A I X 352 A I AN e ORAIE 5 HL S8 H AR 58
X5, ATRE R A B AR BURLR I R X
B, MM FECS AL . JCH A, SR
TAEBONSUISA R ok S 4 A v 6] 25 H b 1P 3 R AR
TENFEERNERR, HTHAEZMEUE BRI
SRR B, B2, XREBRAETY R
A, HAeRFRZRTZEEE, MEZE /N
FEA B Anr A AL R PR e

BEXE R B B 7 A A 1) @, Hus§E A
BN BN SCE R, BT —FEET k-
T SCRRANER B AR 2 O R 2848 75 1 (Dense Relation
Distillation ~ with Aggregation,
DCNet), L7 H#% ¢ & 7518 (Dense Relation Distil-
lation, DRD)-5 I " SC/# %1% A (Context-aware Fea-
ture Aggregation, CFA)F /ML . 4 EHZ H LA
A BB RSN, SR 4 SRR LE UL A A ) AR fi
6 H bR SR G G4 R A . Rk, R
DRDHL 1] 42 B ) PG O ARL BERRAE,  [R]B 3% TF
Wedg Z& L, SEI T A EHR A SR R R
FYULIC . CFANLHI B & B R F >k B A R R EE
FRAEVE SUE B, 3R 5 4 1 A ROFE IR RRRAIE
T B8 Bt AR 42 4 R AR BB RRAE , AR MR /N A
SRR BRI R, FEAE /AN H bk T B A
FEE TR R AR . N SR AR B
W7 S B A A A AL A, Han% AB2HEH T —Ff
H 7% B8] 45 4iE %5 55 ML #il(Spatial Alignment Module,

Context-aware
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SAM)FI Al 5 73 &= ML il (Foreground Attention Mod-
ule, FAM)AH 45 & [ 4H67 2 5 84 P BC /Y 4% Meta-Clas-
sifier, F FH A 53 2= A 0D 0R B i B AR IX
B, 8RR A ERRHE E R A S R A B S
SCRFFSRE Y (R AR A, RS AR NEEAR T A
HEAE SR 3 2, d 24 3RAF B A 58 4 0 1 Aan W 1
Re. PR, % IEIUIE & R E D T200 1%
oL, wmAH R ES 2, WFEERE R IE B
W, SBUEMMERRERE, MEMLT. s
[ EE5 AL S A5 B i in) f,  Chen%F NBSITE 78 4> % 1&
SCRFANE ) R TR) SO 2B TR R RIS AL T, $R
7P R A 7 JJ(Dual-Awareness Attention,
DAnA)J5 %, ¥it 1 1 5% 5k i 7 & 71 (Back-
ground Attenuation, BA)F 5 A% 2= [a] v B H9E &
71(Cross-image Spatial Attention, CISA)PH ML .
—J7 1, FIFHBANLE 5 2] >CRFEMG B AR 138 X
Ton, WEERSCRRRFAEE S, R 0] & 40 Sof
AHHRIE S HA5: 5 — 771, CISAHLH]EL %
ARG 3 5 774 3R SR AN 2T 1) RRAAE 1] 119 Bl xo) 2 (1)
KA, MINA RHFT R 725 180555 55 (1) 40 22 PR
5, I SCEG IR T kD SRR I S S
17 [6) AR 4K BE % A RCHE TE/INRE A H s e W 1 14
fe. ATLLEH, FdlR77EXERE T EE A E S
DX, 30 e A0 1) R A Ok G o S RE R B AR
HIE B S, DMt Al G B AR wi .

4.1.3 F248 347 A0 A ) G 1) o &

FERF IO ST B /MEAR B AR AT, K
) PR RO R DX I 5 SRF BB 1) H ARARFAE
R Mg, LB RAEAR . ik, 32
R B TR AGORT 25 ) P R T AR O P X /N o A A 0
R R ORISR . SRT, SRl T ARERAEIRe]
SR B — S B SCRF R MR i R R 3
AW BRI, IR R 25 SR A W A R
AR SRNE o BEXIZ — i), 33 A A SRR AR
R A B 2 5 2 A PRI AR P SR 0 R 5 10 ik e A
PR, SR TR T R

WRRRMERN . BUB RN AR, A
AR ME 27 5] B2 AL IRFAE R s, AT S R R
P RS AW NIARL VB S SN TRt S
PR AL 1] O 5 &%, 8 1 55 /N PR AT S R RF AR
R, AP RHEE R X k. Linds APHRZR
TR SRR BRI A i) AR RORFAIE 8] (1 AH 5%

P, R T — M3 AH ¢ %% ) (Dynamic Relevance
Learning, DRL)EAY,  F H Fr G SCRF EG A 2 ) 1]
B _EROIFHE A IO I ¢ &, M T — 3l
LR 4% (Graph Convolutional Network, GCN), &
FH 2% 19 285 (1) By L 8 2858 A v 00 A2 28 %) F0000 2 A7
g T M ASE R B b gk 2R R R, I A A B A
BEE DX o 1% AR B ORI 2 X 2% 5] N 271
FEA BARERIN A, SEEL T B RARr R R R 3 0
FAeh, Han%F NP7t 25 BE R /MEA H br
F& M 75 12 (Query Adaptive Few-Shot Object Detec-
tion, QA-FewDet), 7| N\ —Ff 57 it B4l 3k S K i
RURI A ) 10 FAHERFAE[R] 1) 90 R o 1% 57 ot RIS R 4
=R AR B o, 285 28R i
POIE AU R IE G &R, I F s AL 1 5 A ok
W sEE S ER 3 FRAE 5 2 (A] () 3 A8 4530 SR
fES R RA G N, RS T &l B IE R 22K
ol 14 i SR Y R, AT ik 2D PR AN R AE 43 A1 1 22
P U 5 i FUAE [A] (1) 3 ) H )R 8 S 4 )R b
TR, R T BN SR B FAERAE,
T A 0 o0 DU T, f 2¢ SE I 30 S AE (1) 23 2R F g
Bro ZITIES 2] T SRR S A HARIAN I I ok
R, EAFBIVHS TR AR N I3R1E 7 5 = Bk %
fe. [FRT, Zhang®E NBP2MEH T —Fp R AHH
51 § B 77 ¥(Support-Query Mutual Guidance,
SQMG), B4E3CHF5] 3 (12 3 78 (Support-guided
Query Enhancement, SQE)F £ 1f) 5| 5 H) 3 Fr AL &
(Query-guided Support Weighting, QSW)H ML »
SQEML il 18 1 2 7 1% 45 AR 1 5 25 ) R R AE
QSWAILHI U] AT 27 2] B AL EE AR TR AN R 3¢
FF UG AR BCCHRRRRAE, [R5 5 1 259 MR AT 3
FREEMRRER IR, FEFEPASCAL VOCH#E 5 1 2
TR B EUS T Seie T RE .

TRIEAEAE Bl TR0 38 X 35 AR 1 1Y 4% RPN 42 X
BT B bR X330 SR, 25 AN Bh SRR AR R
HRER, WS HRPNIE T H i H7E A ) 48 A
o AR AE H AR ORI X I8, TR 5 82 132
FERE 7 s e R A o (R, — S8 AR an T 42
mE UL FAE ) R RIT, BEAERE RS
B B AH OGB4 FAE, I P8 4R 2 20 SHE AN
ANVC G 2 130 A, AT 2 T3 FAE 73 2 11 2%
K, Fan%F NDOSTE L FAE AR RFIAS U k358 40 R T
XRFEAMEWMERMITE R R, & 7 —MiET
VE 7 0930 FHE A B 4% (Attention-Based Region
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Proposal Network, Attention RPN), L35 E4 1 4F
IENERZ, EEREIE LiEsh, 8RS
BB A5 B 48 5 M 2% A2 il BE 2 5 A ) R AE 5 R 4%
IEHE, FH K 2 H0 SOE M B e ORI R
HE, T AR B e o B PR R R AE DAL 22 i
RPN U 38 2 I vT B ok 7 28 B bR el e B 5 b~
AR B R R S ). 1% 7 VA RR 0 TE SR IR R
A, THEENSFGIE. FREH, Zhangd AB24E
H —Fh S FE 5] 138 FEHE AE L (Support-guided
Proposal Generation, SPG), F|FH 2 K&+ B A
B, BB T R A ) R I Rolky
TEE,  PLA s 2 5 253 R SR A G (1) 32 5t
ME, P8 K 2 30 SERAITE 2800, M
A A B DB 2 H AR il U

AHEFR H, SCHRER R IS B0 & BRI
FRIER R F 0 S RE AR i B — s 4 FAEH,
fA] 78 70 R SRR AR AT JE A2 B2 T /N ARG i 452 284
R R R L —
4.1.4 PREAERL

RN AR I T VA B AE o AT S, AN
OB AINREAR 53 O G N NFEAR R A AL, I
RERPFEAREAAES, FEERWIERAE. A
I, Wang®s NP, —Fhgg— 1) 77 SR i 25 FE /N
N Y IR VA F N 3 o s e N
K, W@ T — AT I ) I MetaDetESE, 73 55
AN BT 1 43 AR 8 20 A 2], i gl
AN —FhZE A A E T TG A5 2 (Weight Prediction
Meta-model, WPM)K 2% 2] JL A1, i /D S FF
AP E RS, EEAN . BEAKES
M BRI SR, BUE T IEN R
R EREAT SR TE. 20214F, Zhang AP 77
T XA FRER T, 7o B o RN A AT S5
M EAN G &R, I K IRAT [ Transformers 52059
5 oldE, W T —1Meta-DETRHESE, ¥4
SCFR AN ) 4 B A G B 2 2B R B 2R R
ik, R 286 50 B i 00 28 500 RE o 1 28 ) 3 AT Tl
W, ARG Z T ESI T H AR 43 B E
fro &7 VETCRERPNERAE, J8 i K & 1 52 50 ik 5
1 Transformert% Y 75 /N B A%k AT 25 b 19 A 2L
{6

4.1.5 FFTFIEMER Tk

HAT, HEORK 2 BUNREARS I J7 V5 T W
Bkl 58! Faster RCNN sSG3L, fH&, XEI7VEHR
Bk — 2 A PR AN YR 1 [X 3 S, T e A AE )
R AR Y U JE 75 25 g ) @, H O M L
AEH T Sl R R B A D SRR A U ARS8, R FH 2 /)
FEAKT AT 55 B0I50), fgilfn . BLHA) FSRW J5i%
KH YOLO v2 f#4%, DAnA J7¥EMIRFH Reti-
naNetl*!/fll Faster RCNN P Fii5i iy,

K, BEF Transformer FRLAETHEALAL L
PRSP R S, BEFE N B 38 3 S H 22 /)N
FEAR B AR F . Chen &5 N2 H—Fh B I&E R
K14 Transformer 178 (Adaptive Image Transformer,
AIT), ¥ HH T BFEAR H AR S T, 2 A
W EUE SRR, Wik T M2 kIR
ML (Multi-head Co-Attention, MCA)K 5 B 37 ¢ Al
I MG HRFE, FIH AIT $REUREAS SO 6
ILETE UE S, &N PR H bRl SR
FRAE, DL AFHBOCHR 25 € IO & R, ATITIX 7
SCRPE WX Z A ) ZRAHAE . & e, feth —Ahik
B )8 V3 =/ H1 I (Selective Channel Attention,
SCAN Z kA5 BT A R &, #—TFAA K &
APEIEIE P E 2. #F—2F, Zhang % NPOUR AL
G BRI, BT Deformable DETR 4
BB T Meta-DETR, 1EETM%E 2 G HERE
SCREFFIE A A W ARFAE, SCBl T MR B dntarill .
JuH 2, Meta-DETR i H 31 AH G R A Ak
(Correlational Aggregation Module, CAM), #t1T#
W RFAIE 55 SRR 4 2 8] B3 IE A 2 A% UL IE . Meta-
DETR AW e 5 7E — ANl 5 o [F) i b B8 22 A S8
il T B RERE AT R A S AN [R] 2K 0 2 TA) B AH SR A
T DR R B2 AR A LA 28 1) P 3 73 2, 398 58 2 ) 1)
Mz AR 7. AN SR P TR 58 AT LA, R
Transformer &MY N F T-/MEA H Ana IAE 55,
AN RE W T ik A HE B PR8I 202 S HE 7 Ok 1 B A
1M HLiE g 78 43 R AL A 5 15 B & i %,
A RBRREA BRI 3 B R PR
4.1.6 /N

RSP/ e S Vs b N RANY S 7 NS 71y a2
%, REWE AT RO A B SRR RE AR SE LR R A
T, H A PR E NOFE 55 M RE ST, (BAIIRAFAE DL
NEREEAIASE . (1) BRI BEAE [ e AR 55 EREAT
TR RE:  (2) T TAESS ISR 24
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FMPAT —IRATBOE ., IR R ER G, AR
RERIHERE, FBOCEMT, —HRHHE
%, BRREERSNRAEE: (3 ETIES
PRI 5 T7 2O” AT S TR IR AR A — NI gt
O RAEE TE, 5 N NGRS i SRR
(4) BRTTAIRARINASE. M. ik
W ERS BREESESE . AR /NFEA B ARt I
() 70 RN TEUHE DA HER R AE, (045 0 5% ) F AL
W AWAME, HAES AR R 2 BB L
S la] AR,

RGBT 05 SRR H B 7 A7 AR
R R B R e R, AE AT SR S — A AR A I
Foe RRBWEESFREHEIRAET, X
o 0 %5 28 ] R N B FE AR R, E T HEB) /N FE A
SRy SRlIEs % N3/

42 ETEBFINFGE

LB ek 55 e B Tk, TR
AT EPIN BTN, AT &, "Ik
NP R/NFEA B ARSI 77 140/ (Fine-
tuning, FT) 7 VE/E NI 5 ) ) —FO7%, Hizd
AR : B, 8RB SSFRTE Bl 56 B
WRIEIEEERL, R )5, BT8R H R0 g
AR R ) S HOAT IO o 1Z T IEAE R DN FEAR
H Rl (7] @ B B v 71690,

Y
=
o]
Z

B
CRFER)

(b) /NREA T B B

DN )R T AT A 5 ST /N AR I 7 i ) T
PEJEEE, AU B BRI B B g St , #A A T
BT I /IREAR B bR AESE . il 6
TN ZME By SRy SO R RN BE A O A B
Bt B 6(a) s T HBINGIBL, ZBE K&
(1) B SRR M 4R AT I A8 B R R A AL [&
6(b) JE/N T /NFEARTLR T B, 1% B BORs 5 A Y
()50 20 BLEEAE /N RE AR SR AR L ) W a4k, TR
by P A NY = N o T (S RN = 2N G
BN, PLg— 1) 77 258 B3 A 43 28 A [
. AR 22 X @ FISmooth L1451 2RI 25,
H AN R B 3T #% 5 0 = W [ e A0 30T 1 2 804
7, K 6(b) H R T TFAZ i BHVE KT 78 SR,
[l 5 F T M %% . RPNFIRoI="NE82r IS %, Ui
VAR — 21 FE 3 S0 B 4 B 24

AR, BT 5 S /N B AR
PR 7 N, A TR AN R 2 %
We MWFIE )k, BT ER%E MR
H AR 7 A T BRI AT %, @I o 1
75 AW RN R R B BT A% 2o . i ik
AT BAL S MAEAEAR B i G B, H S i 72 3T
BT 4 Lt Re, (BARSRAFE T 2 bl 5 X
Mo I, ACMIER RIS K. b HbRiR
W SR AR R S R BRI 1 e A DO A
FTNT, VEGHHE IR 251 750 TAE R,

Rol43{F [#] P A HHESSE
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Fig.6 Transfer learning based framework for two-stage few-shot object detection
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4.2.1 TR FNIR L S

HET R A MITEAR, BETT#%m
ANFEAS H FrAs N AR 585G 7% 1) AR SO 5K
W&, A EIREGT R AR RSt 2D B A
Hirik. £ T, Chen®$ NSHE piffF A4 T
WA 05 2 I E M GOR TR B RE,  E 8 A F]
() S8R 7 SO SEER 26 AT, Il SEEIESE, FE/D
FERGRAESS T, FET ORI 7kt T o5 2]
7R B, DRIk — 2 5] 5 R S il
TR RVE . AR, ARG AR EA R
I, VR FERT IS A bL 7y AR A B 25 5 R B I U
)@, BT RO T RE AR AR IS, AT FRAIC
AT REMEST, Rk, XTI RS I R AR AR AR () 35
P, Chende NP7IZS & 5L F BUR A5 71 SSDIC)
FOPH T B A I A 7 Faster RCNNIIAL 34, $EH 7—
F/INEE A IE 7 K U #8 (Low-shot Transfer Detector,
LSTD). T4, fEALF K EbRvEEE 1R 35 s
£ EIZRZ SJ IR A, AN S 5G4 B
PRIy ARG, T8RN H bR T i
W oo [\ B, LSTD® it 1 8 5 40 ) & W 4k
(Background-Depression, BD)Al &1 1 iE #% 1F | 1k
(Transfer-Knowledge, TK)# MHLH, i HAE LR
FO AR RET I R B, BIRE SURE
XA RURE FERI oM, S 2 b R PS80 e 1R R 3 i
P& HAREUR RO, A2 2] 218 2 5 Hix
FNFHRHI AR . [FAEH, Wang®5 AP¥FR H,
PEAGAEI AN PTSEME B TR0 ) /NFEAS B AR
WITEkvERe, Bk TR 2 A 2T 7o 2 1)
Jiik. fEMRERAN B, ARATERH T — R B OR
J7 1% (Two-stage Fine-tuning Approach, TFA). TFA
TERFAT BT RIS, VREEBIAI /4. RPN
MIROVFFAEHE HL = /N8 43, 7E FE N 2 1) 1 i
INFEAREE S b, ORI A B — = 11 SR
rREEAIENAES, A RIGRT T EMEIT R
[FRF, SAID SN TT 2, NG SEAF) i FRRERRAE 1
ITH— A AR, R A N B 25 T AR s AR AL ()32
FHE S A AT 73 38 I 0 B SR B I,
7 BRL PR T 5 R B R T 0 2 ST I iR MR RE A
T2%~20%, TEFFEAT B H 2R — 5.
SR, T AER SR E T, A Re 2R T
Sk BRI B bRk B AR, R R A
W] e 5 BT IE R M I B IK . Khandelwal%s A6

FE T Mg — i B S HEZE(Unified semi-
supervised framework, UniT), 73 IIZRF B,
TZHEZR 78 73 R FH R 20 R K SR I e 95 s A
B FE/NREARRORBY Br, K37 3810 23 28 25 A (e )
A A E R R BRI N T AL e H &, I
I F B SR AE SR (B8 5 SO0 ) 2 A2 A A 2
BHEHGHE, SEIA R FRIT RIS .

REAE R, BT K2 TR 2 A Y
HEREUE IR FIIR, AR 9 B 1 4] s A 2 Kk
Wt E IS BV S, KA AT S
NEANH 25, AH 55 350 38 F AR A 42 ] g A
WA IMEARI R, N2 AR e L e .
4.2.2 Jg/> H bR IR

TE/ANFEAR B AR FE o, DRk = 2 08 1R R
A RARAT AT X o3 BIRFAE 5 S0 U ASE 20 %of v B A
AR RIAAAE HARRE R . H20214E LK, T8
P — ST AR AT AR, X AR AAERE A HZ
P BMZER. BB B R ESE A A
LTINS 5 - B = B TN A= T A R 0 ik
BN, i\ Ot T — i A8 0/
2K M 45 (Few-Shot Classification Network,
FSCN), it 1 —F A 2R an e pl), HoAx
ey H bR FHEXIE, 8 nE oM 285 X
IHE R, BEMHRTHR A AL 15 SCATIX 7014, B
IR ZR AR VR ) . [RIEE, XS BRIy R s ik
ST IREA N, A @Ay
il &, @I 5 TE T PRI A 45 2K (Distractor Utiliza-
tion Loss, DUL)$& F+ 50 4 W 2 ) i R H 2 . %
T3 BEMAEAN TG INTEFE A ) AT 52 N (e sE XS /M
AH KBS J1 . SunfE NP ] 2= 5 (1) %7
FREF LR, YRR A S R /AR H bRk
WA, $R T — MOk B 5 HE 4w A5 (Contrastive
Proposal Encoding, CPE)ii 2k, H| XS b4y 3k 4
58 H ARROIRFALE , I/ oK I [|] — 28 73 i H A fik ik
IRANZE S, A 73 B AN R S i se ], 4 Tt
SR S R RV AR 2 R, IR BED B AR
G H T, 25 IR MERTPASCAL VOCKHR
EFEUE PRI T 17 8.8%, FECOCO Ik 4
B EWERRR T 72.7%. 5 EIRTAEAR,
Yang 55 NV K 56 8 I 2 iR AS U ASE B3 7% 225
K, BARIEEAAES ERIR A, (HAE 5 RAE
5 EYEReAE. AL, 4R T AR EIT A HELE
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Context-Transformer, 0 5 H fLL 14 & Hl(Affinity
Discovery, AD)F1_IF 35 & (Context Aggregation,
CAYW 7y, i WA B8 S 4 515 530 H
FRAHRIRI HARE N R, THRAAHRM 2 5
B MPREAH AL 73 B E B 1) &, K B InfE ST
WO HARRE 2 b, R B sREER H 1), M
ik — B TE 7 A IR (1) 4y HERE 7T . 1% 071
R RESFHT R BN SORIEC R, ARG S T/
FEAR S 5 1) B AR TR IE 1) . Qiao%s A2HA K
Faster RCNNE AR B Al & ol ik g 5%, DR
MZHBY(RPN vs RCNN)FIZ AT 55(432K vs L)
PN IE A B M B K, 0 B 1B R i W A 7
JEi, $EH T Decoupled Faster R-CNNHEZE , iZHELE
I8 I 15 1T BB B f# RS 2 (Gradient Decopled Layer,
GDL)fE#E 7 RAENAESS, TR H —Fh S A4S
Hi(Prototypical Calibration Block, PCB), @id %7k
B S V3 % R AR 3 S B AT IR I, LA TR
MR 3280870, EZARRE Rz SRR
i, Decoupled Faster R-CNN5: 7Y Il 4 BE BH 12
T HANIAE T77%

4.2.3 HSEAFHER N

RIBT SRR AR, HIERINGHR AT 2
HIRIE, BT RRRAE AT Rl -5 AH AL 0 B R AR = AR TR
EING . NHEGFHIX 3 IRERM, EA BREHE
WA FAE TS, 58T SRR AR R 7R B BT /)N
FEA H A o] 52— FhoA 24077, BT, B9
NAMNERETEL BN UE B IR EFH 2K B bR
8] 9% R G =T ORISR IER R . BT /MEA
N B AR R AR M R B AT B bR Y B A R A X
B, Chen%5 NUHR ML 5 535 Vv = RSN 26
MR EG BB E, H T —METER
T B/INEE AR U Y 2% (A ttentive Few-shot object De-
tection Network, AttFDNet), i# i 4/ EF X
(Global Context, GO 3k 17 5 H &/ KR K
WK S R, A AL E S A R PR, fi
FRA DA A e % 78 3 R FH 28 A7 B R A R AT B
kil Kim% AU FIH B UER, B8
7 — Foh 23 [A] 4 2 (Spatial Reasoning, SR)HEZY, 1%
HE 42 % F B 246 F1 W 4%(Graph Convolutional Net-
work, GCN)Z fith 3 35 A7 SERoIEF 1L 7] ) 56 &%
PAROIFFAE AT i1, B AR IBREA T s e,
SEHRIEOGER X IR HEN EE S, FERIA B ARIE O

Ok 0 B 28 M R AE R R o ZhuFE AR
Transformer ] JE &, 18IS 5 2] — A i EIG AR IK
WA RFRE, @IS KA 1 E K
2, PRI BT T W B HAT OC R AR, IR
AESHEKES . Hd, ERABEFEESW
SEHL, EhASHL MR R R AR, O BT E SO
BT ISR, X FhE S M4t 7 5 R i B A %
3, REMSRRAAHLIE ST, DN B 4 M A 3K
FERAH R E R R 1% 7 151E 1-shotE2-shot
TNRIRL, WL 7B @ ERER SR, f
A AR T HT RRIE R R, BRI 03725 B A%
Iz ALRE ST -

4.2.4 REFHEEHIPERE

R FIREE T8 % o) (W EAE /IR AR 2
EEAS TR R I R, SRTT, Wang&E B
RILIA ) /I A I 7 VAN SR 8 R 3R
BWE 7 HEISII R TP A, AT RZIR T 2% 1)
AR ITERE . PR, BRSO /NEEA H AR
For i 7735 N DA TR AE T A 8 ) B PR R 0 12 R
PR I QAN = %/ NIE R AN walll F B = AN £ NS R 7
KPR SS o AT AN TR EE LR UEAR A B % A5 )
B, M HIEE OB A R MR S
B R TR B ) TaRE, SRS R AR
B AT IGE S, HA IR HESR.

J7SUMER BARRIAES . [ OSCNMEA H AR
R AT 2522 SR /N A AT I ASE 24 A 0 i 24 1) %) (] B
PRFEXT L BRI M B8 . Fan%s ANUSTE S 5E T
J7SONREAS HARR AT DS, IR A A PR e 0 A
RIFE I RGP B Rl Z B R RS 2, 58
FKHERLFHE LB REKY ], SFEELINS
IRPN] BE i ) BESAE A, AT EE— 250 e 13
FRBARA BRI B B ), Fan®5 AUCHE
T —Fh/INEEAR R AL Retentive R-CNN, A7,
i BV 17 1 141 5 HE A= B 2% (Bias-Balanced Region
Proposal Network, Bias-Balanced RPN)H 2£J5RPN
AN FIRPNAA G, BT 1 9 TN R i) 2 2800 5
MEAE B AS, JE & WHARPNI &G — &, RN
SRt e R L FAE ;. F AT I 2% (Re-detector) H 2 T
AR 2 ) B I S A IS TR XA A 2 2R 4R
() P A SRR Sk As f,  H RSP R AR ) 22 4
P [F I, il B — B 4 2 (Auxiliary Con-
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Fig.7 Few-shot object detection methods based data augmentation
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Fig.8 Metric-learning based framework for few-shot object detection
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Table 2 Few-shot detection performance on the PASCAL VOC novel set.
Iy ik P gix(,ﬁ:ﬁfru) B EN B2 B3

/B[] 1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
FSRWEB YOLOV2 ICCV 19 148 155 267 339 472 157 153 227 30. 405 213 256 284 428 459
Meta-RCNNB!I FRCN R-101 ICCV 19 199 255 350 457 515 104 194 296 348 454 143 182 275 412 481
Meta FR-CNNB2I - FRCN R-50 AAAI22 418 467 527 596 623 261 33.6 438 478 50.1 356 421 458 534 523
SQMG!33 FRCN R-101 CVPR 21 486 511 520 537 543 41.6 454 458 463 480 461 517 526 541 550
TR DRLB4 FRCN R-101 TMM 21 280 405 494 499 594 229 334 364 361 527 280 320 404 467 535
WRES MetaDet!3! FRCN V-16 ICCV 19 171 191 289 350 488 182 206 259 306 415 201 223 279 419 429
Meta-DETRP®  DETR* R-101 TPAMI22 406 514 580 592 63.6 370 366 437 49.1 546 416 459 527 589 60.6
FSDetView[’* FRCN R-50 ECCV 20 242 353 422 491 574 216 246 319 370 457 212 300 372 438 496
DCNet!5! FRCN R-101 CVPR 21 339 374 437 511 596 232 248 306 367 46.6 323 349 397 426 507
QA-FewDetl’”l  FRCN R-101 ICCV 21 424 519 557 626 634 259 378 466 489 511 352 429 478 548 535
LSTDB" FRCN V-16 AAAI 18 82 110 124 291 385 114 38 50 157 310 126 85 150 273 363
TFABS! FRCN R-101 ICML 20 398 361 447 557 560 235 269 341 351 39.1 308 348 428 495 4938
FSCEP! FRCN R-101 CVPR 21 442 438 514 619 634 273 295 435 442 502 372 419 475 546 585
FSOD-SR[ FRCN R-50 PR 21 501 544 562 60.0 624 295 399 435 446 481 436 466 534 534 595
HT TR SRR-FSDM!I FRCN R-101 CVPR21 478 505 513 552 568 325 353 301 408 438 40.1 415 443 469 464
IRPSRES UniTI!®%] FRCN R-101 CVPR21 757 758 759 761 767 572 574 579 582 63.0 67.6 68.1 682 68.6 70.0
cos-FRCN-C!7%  FRCN R-50 CVPR 21 407 451 465 574 624 273 314 408 427 463 312 364 437 501 556
DeFRCNI72 FRCN R-101 ICCV 21 536 575 615 641 608 30. 381 47.0 533 479 484 509 523 549 574

AttFDNet[74 SSD V-16 arXiv 20 296 349 35.1 160 207 221 226 29.1 320
RR-CNNI70] FRCN R-101 CVPR 21 424 458 459 537 561 217 278 352 370 403 302 376 430 497 50.1
TIPH#I FRCN R-101 CVPR 21 277 365 433 502 596 227 30.1 338 409 469 217 306 381 445 509
HallucFsDet*  FRCN R-101 CVPR 21 470 449 465 547 547 263 318 374 374 412 404 421 433 514 496
%ﬂ;f;ﬁg S MPSR*4 FRCN R-101 ECCV20 417 514 552 618 244 392 399 478 356 423 480 497
FADI®I FRCN R-101 NIPS 21 503 548 542 593 632 30.6 350 403 428 480 457 497 49.1 550 59.6
FSOD-UP!#3] FRCN R-101 ICCV 21 438 478 503 554 617 312 305 412 422 483 355 397 439 506 535
RepMet!#0] FRCN R-101 CVPR 19 261 329 344 386 413 172 221 234 283 358 275 311 315 344 372
NP-RepMet*”l  FRCN R-101 NIPS 20 37.8 403 417 473 494 416 430 434 474 49.1 333 380 398 415 448
%a;,%%j . PNPDet*8] CenterNet* WACV 21 182 27.3 410 166 - 265 364 189 272 362
CMEM! FRCN R-101 CVPR 21 415 475 504 582 609 272 302 414 425 468 343 396 451 483 515
MM-FSOD*4 FRCN R-34 CVIU20 500 559 579 609 373 457 465 482 356 433 441 454
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Fig.10 Novel categories few-shot detection performance

of four classical methods on the VOC dataset.
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Table 3 Few-shot detection performance of Base classes and novel classes on the PASCAL VOC

e ik nAP50 bAP50

3 shot 10 shot 3 shot 10 shot

FSRWB 26.7 472 64.8 63.6

HEFIrEE Meta-RCNNI3! 35.0 51.5 64.8 67.9
1% Meta-DETR¢! 53.2 62.0 70.0 73.0
FSDetView!34 422 57.4 69.4 71.1

LSTDB7 12.4 38.5 66.3 66.3

s TFADS] 447 56.0 79.1 78.4
%%ﬁgig FSCEB! 46.8 59.7 73.7 75.2

)5 ik

FSOD-SRI4 56.2 62.4 77.4 77.4

SRR-FSDH!! 51.3 56.8 78.2 78.2

R s MPSR44] 51.4 61.8 67.8 71.8
177 i FADIM] 54.2 78.9 -
HTRRE PNPDet48] 27.3 41.0 75.5 75.5

IRIRES
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Table 4 Novel classes detection performance of four classical methods on MSCOCO in 10/30-shot case.

s g nAP nAP50 nAP75 nAPs nAPm nAPI
10 shot 30 shot 10 shot 30 shot 10shot 30 shot 10shot 30shot 10 shot 30shot 10 shot 30 shot
FSRW130I 5.6 9.1 12.3 19.0 4.6 7.6 0.9 0.8 3.5 4.9 10.5 16.8
Meta-RCNNB! 8.7 12.4 19.1 253 6.6 10.8 2.3 2.8 7.7 11.6 14.0 19.0
Meta FR-CNNP2I 12,7 16.6 25.7 31.8 10.8 15.8 - - - - - -
SQMGR3I 13.9 - 29.5 - 11.7 - 7.6 - 15.2 - 19.0 -
B DRLB4 10.9 15.0 25.2 31.7 7.0 11.8 3.6 4.8 11.2 15.9 16.0 23.1
17 MetaDet!*] 7.1 11.3 14.6 21.7 6.1 8.1 1.0 1.1 4.1 6.2 12.2 17.3
Meta-DETRE®! 19.0 22.2 30.5 35.0 19.7 22.8 - - - - - -
FSDetView> 12.5 14.7 27.3 30.6 9.8 12.2 2.5 32 13.8 15.2 19.9 23.8
DCNetl>3] 12.8 18.6 234 32.6 11.2 17.5 43 6.9 13.8 16.5 21.0 27.4
DAnAP 18.6 21.6 - - 17.2 20.3 - - - - - -
QA-FewDetl?"] 11.6 16.5 23.9 31.9 9.8 15.5 - - - - - -
LSTDB! 32 6.7 8.1 15.8
TFAB®] 10.0 13.7 19.1 24.9 9.3 13.4 4.5 5.9 8.8 12.2 15.8 21.3
FSCEB! 11.9 16.4 - - 10.5 16.2 - - - - - -
FSOD-SR 11.6 152 21.7 27.5 10.4 14.6 4.6 14.5 10.5 14.5 17.2 24.7
HTFiEBy] SRR-FSD! 11.3 14.7 23.0 29.2 9.8 13.5 - - - - - -
75 UniT!®! 21.7 231 408 43.0 206 21.6 9.1 9.8 238 253 313 338
cos-FRCN-C[7] 11.3 15.1 20.3 29.4 - - - - - - - -
DeFRCNI2 16.8 21.2 - - - - - - - - - -
AttFDNet[74 12.9 16.3 19.5 24.6 13.9 17.3 - - - - - -
RR-CNN¢I 10.5 13.8 - - - - - - - - - -
TIP2] 16.3 18.3 33.2 35.9 14.1 16.9 5.4 6.0 17.5 19.3 25.8 29.2
TR MPSR44 9.8 14.1 17.9 25.4 9.7 14.2 33 4.0 9.2 12.9 16.1 23.0
10PeRES FADIS! 122 161 227 291 119 158 - - - - - -
FSOD-UP®I  11.0 15.6 - - 10.7 15.7 4.5 4.7 11.2 15.1 17.3 25.1
. PNPDetl48] 55 - - - - - - - - - - -
%?m‘fﬁﬁi;jﬂ CMEMI] 15.1 16.9 24.6 28.0 16.4 17.8 4.6 4.6 16.6 18.0 26.0 29.2
MM-FSODI 8.2 - 19.2 - 8.0 - - - - - - -
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Table 5 Novel classes detection performance of two methods on LVIS in 10-shot case.

Fik ETF ML HIERFE AP AP50 AP75 APs  APm APl APr APc APf
A5 19.8 33.6 20.4 17.1 25.9 33.2 2.1 18.5 28.5
TFA fcl3! FRCN R-50 223 37.8 222 18.5 28.2 36.6 14.3 21.1 27.0
TFA cosl®®! 22.7 37.2 23.9 18.8 27.7 37.1 15.4 20.5 28.4
A ISR 23.1 38.4 243 18.1 28.3 36.0 13.0 22.0 28.4
TFA fcl3! FRCN R-50 v 24.1 39.9 25.4 19.5 29.1 36.7 14.9 23.9 27.9
TFA cosl®! 24.4 40.0 26.1 19.9 29.5 38.2 16.9 243 27.7
B IR0 21.9 35.8 23.0 18.8 28.0 36.2 3.0 20.8 30.8
TFA fcl3! FRCN R-101 23.9 39.3 253 19.5 29.5 38.6 16.2 223 28.9
TFA cosl*®! 243 39.3 25.8 20.1 30.2 39.5 18.1 21.8 29.8
B IR0 24.7 40.5 26.0 19.0 30.3 38.0 13.4 24.0 30.1
TFA fci38! FRCN R-101 v 25.4 41.8 27.0 19.8 31.1 39.2 15.5 26.0 28.6
TFA cosl*®! 26.2 41.8 27.5 20.2 32.0 39.9 17.3 26.4 29.6
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Table 6 Novel classes detection performance of

four methods on FSOD in 5-shot case.

. FSOD  FSOD
ik % . nAP50  nAP75
LSTDE Yes Yes 242 13.5
FRCNNP3! No Yes 11.8 6.7
FRCNNP3! Yes Yes 23.0 12.9
FSODI8] Yes No 27.5 19.4
MM-FSOD4 Yes No 51.7 31.1
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Background

Few-shot object detection (FSOD) is currently a research
hotspot that aims to solve the problems of the traditional object
detection model, which requires a large amount of training data
and iterative steps and performs poorly on less sample training
data. It aims to classify and locate objects in images by a small
number of labeled samples and is more challenging. Therefore,
a higher requirement is put forward for the data utilization abil-
ity of the model. In the scenario of data scarcity, how to use a
few labeled samples to learn, design a detection model with
good generalization ability, and extend it to new tasks, is an ur-
gent problem to be solved in FSOD. FSOD aims to design an
object detection model that can classify and locate objects in
images through a small number of labeled samples.

Generally, few-shot object detection has made significant
progress, but all kinds of methods have their applicable scenar-
ios and limitations. Existing algorithms only stay in few-shot
object detection scenarios of limited supervision. It is difficult
to achieve the object detection of a small number of samples in
complex scenarios, such as continuous incremental learning,
weak supervision, or domain adaptation. The studies of contin-
uous incremental few-shot object detection for UAV and robot
scenarios are little and lack corresponding experimental verifi-
cation. Weak supervision or domain adaptive few-shot object
detection is still in its infancy, and it is necessary to design de-

tection algorithms according to specific domain knowledge and
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task characteristics. Therefore, the few-shot object detection
method and its application in complex scenes remain to be stud-
ied.

There is a relative lack of Chinese literature on the system-
atic introduction of few-shot object detection. This is not con-
ducive to researchers gaining a rapid and in-depth understand-
ing of the field. Given this, this paper systematically summa-
rizes the main methods of few-shot object detection, including
meta-learning based, transfer-learning based, data augmentation
based, and metric-learning based methods. In detail, we present
the task definition and core problems, learning strategies, re-
search methods, and experimental design of FSOD. The perfor-
mance of the current few-shot object detection methods is com-
pared. Finally, we outlook future challenges and possible devel-
oping directions of FSOD. This paper aims to review the latest
methods for researchers in the few-shot object detection field
and further promote the development of FSOD technology. We
hope this paper inspires subsequent research works.
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