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Abstract  Object Detection methods based on Deep Learning (DL) have been able to achieve
good detection accuracy. Nevertheless, DL, as a data-driven technique, relies heavily on massive
labeled data. Currently, Few-Shot Learning has been extensively studied, as it can alleviate the
reliance on a large number of labeled samples. In this paper, we focus on the research on Few-Shot

Object Detection (FSOD). In FSOD, the deep model is first learned on the base class data that
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must have enough labeled samples. The model then continues to learn new classes with only a
few labeled samples. The ultimate goal of model learning is to quickly adapt to the identification
and localization of new classes of objects. In FSOD, on the one hand, compared with the base
class, the new class has few samples available. On the other hand, the new class and the base
class contain different target classes. This results in that FSOD methods are generally able to learn
better base class features, but the learned new class features are weakly separable. To enhance
the separability of meta-features for new classes, in this paper, we propose a Meta-Feature
Relearning with Embedded Label Semantics and Reweighting Few-Shot Object Detection method.
The proposed method can transfer the new class-related features from the base class to the new
class, thereby enhancing the meta-features of the new class. In detail, in the few-shot training stage,
firstly, we construct a word vector label semantic graph generation module. The word vector
label semantic graph generation module introduces the label semantic information to generate the
word vector label semantic graph. The generated word vector label semantic graph is used to model
the semantic association between the base class and the new class. Meanwhile, we construct a label
semantic embedding module. The label semantic embedding module first integrates the semantic
association between the base class and the new class. Then, the meta-features of the support set
samples are relearned based on the semantic association between the base class and the new class.
The features associated with the new class in the base class can be passed to the new class when
relearning the meta-features of the support set samples. Consequently, the proposed method can
learn better meta-features of new classes when the new class has only a few samples. Finally, by
training the model end-to-end, the proposed method enhances the separability of the features of
the new category and thus improves the detection accuracy of the objects in the new category.
Comparison and ablation experiments on the PASCAL VOC and COCO datasets demonstrate the
feasibility and effectiveness of our method. Compared with the FSODFR method, the object
detection accuracy of our method is improved by 2. 2% and 4. 3% on the PASCAL VOC dataset
under 2-shot and 5-shot, respectively.

Keywords few-shot learning; object detection; few-shot object detection; meta-learning; label

semantic; feature relearning
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U 27 5T S AT /NS 25 B 4 2 9]
T PR A R R R LKl B e AT 4
W F AR R Q IR Q € RIO 1o
Forp | QI FR B (R A B 13X 13 FR F IE 1Y
TN 1024 477 1 19300 00 5. 34 50 0 0 81 3%
I R ) 4 i 0 B 2 S5 S AR IR e A A S
s — T 2 A T o 6T X7 % 7 4
R IRV JE . A% S5 o (0T B R A S F B I 2
Foly DarkNetlo, 162 3 8 M 345 52 #54e be A
S HBIIRRITERFAE X0 € RIC V10 S0 53 8 Mg

W 26 S5 K0 kg 7 )2 A4 BRI b £ FH B8 ) I 4 AR 4 A
S8 X B A (] AR 25 15 SCE AR BT O #y g
i) ] bR 1B L G 1% AR AR H B B0V
Rt AR BUR A B GloVe BRIV, R 2 5
A SCRERY 2% 5 () ik B Bl S R SR SR AR A AR 1)
JCHRAE X° 5 46 g 1 1) 1] AR 25 1 LB G AE N B
BT SR AREEE U 4 AR GON FR2% 2 R4
FEA WG I JCFRAE X°. )5 - T3 24 21 5 19 DG4 AE
X € RO A Sy T AN 1) 5 X A 9 R
FRIE Q HEAT EAE R #2445 218 i J5 14 25 1 45 &
PGARAE Q€ RIC! Qs 1s1020 g Hphe Sy ) 143 245
3k H kA 15 20 2 i A UG T B AR R 43 28 RE
45y
3.3 AEERTIEEFEER

AR SO AR 208 X B 3@ 1o 0 1) 5 Ar 2518
PR O f ] ) i AR 4 TR LR G s @RS
V] P 18 K. 1) ] St bR 2 1 IR AR A A A 1) 7]
RS L G T W 2 TR, & Sk bR 2 ik
X B R AFRZ b, (TN cat”™) il 3 T 4R 1Y GloVe

@ https://github. com/stanfordnlp/GloVe
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[

motor TN [ ] )

cat o c= BN Nus SN HE‘Q%
GloVe | Cmrem i
FREE X PR X FR2EE X AL IR S ] [

Py A] [ B LA R B SRR b2t
2 ARl AR TR L PR AR YA
R WSS Ay A AR 25 0] I 1) 3] 1] ¢ vee, € R* 13 31 42 Fo 1] ) AR 251 L Gl G JE— D2 E T

AR A5 1 SCH I ) R A Vi = {vee, s vee, s -+
vec, . v. SRR I I T A5 B 4 X B i 1) e 2 ) A AR
5% B A4 B by 2 38 SCA LB B AL € RO B
2 2 6 T SCOG IR R L A 4 i SCAH UL BE S B
A PAEATTR AU BE R BT 07 A

E
E vec, X wvec,
i J

e=1

2 (wvec; )* X Z (vec;, )?

Forr veey RN @ ASBRZXS 18] 1] B vee, 155 e
ANHEREE . E Ron i 1) B R 4E ) E=300. R
T 28 22 1) 1) 18 SR ) 3 3k G Xk 7 ) 3] [ ] 14 4%
LR B R R B AL A E D [ — 1,1 0 Tk
B )5 22 B A BT B 0 R SORRAE 1 RUBE i L FRAT]
H IR FE 4 20, 1 VS Bk I — Ak it 55
VW)

A= Q)

Ic]
DAL —Min(ALD)

Ai,] _ i=1
“ 0 Max(AL) —Min(AL)
Ho, Min(AL) Fl Max (AL 4> B8 4E @ MRk s
B A AR B T SCAHARLEE Hh 1) o KA AN i /ML e 44458
B0 — fb B BR 25T S SRS A, .

TEASE I — AL B FR 2518 SUMMUBE RS AL 2 )5

(2

] [
PR LH
IR
b2z L

WG 1 55 555 A o0 4 80 b 25 18 S nl 1) o 4
B Vi s G P RBBEH B A 5 — 1k 1 B5 28 15 SCAH AL
I A (0 30 B R 25 18 PR RE % 1 R 2 A
B2 B 1 L.
3.4 IREIBNHANER

PR i St AEHL S5 A N & 3 BT 3l i
N EHEFZ GON B4 B AL o HE 2%
Hh 5B SR 56 ) R IR A% 8 2 BT 2 L 2 ) AT Y BT 2R
JURHE. 75 GCN Z J5 . U fin BN FIBkER % 4. 4% & 5
FRERAE 2Z I A S AR5 I A% 326 21 181 5 AR 2 05 L B
TRAE WS B AL AE L e v 5| A B 75 {5 810 52 . s 4
B St AN B (1 i A 0] ) bR 25 1 B G FTSE
FrAEAEA (00 36 O G RR AR XO. 1 5 B 0 1) B AR 2
T L GBS AR S FE AR ) 46 1 ST R AE X il
A IR AR 2508 U G B AR B A5 28 R R
A B W 46 1) G R R AE R 4 1) 7] AR 2518 LR G, o
VL P4 25 11 ) ] i e 2 X 7 P 45 5500 . B G
I BR 25 18 SCIET I 45 i SCHRFFE AR ) B 9 DT AR AIE
1R 2 ARRAE X R 1 A 2 22 R] A 1 SRR RLUEE . AR
AR 2 18 SCIEI I 3R AT AN B B 455 A %o I 1) S 4 R
A B e 1) TTRRAE A5 R, 1T AN R &1 1 0 R AT ST
AR SR B 24 1) T 45 5 R AR SR AT S SR AE

[n = =]

GCN

BN >

Liner

BT
- n mE

z-n mE

THEg

BRI TCHFAE

K3 pREih

3 A B b R AT A AR A S R 4 A B S AR
RV UG W JCRHE 1 F 2= ) BRI R

X' =¢(BN(A, . X'®)+X° (3)

Horp, X0 R SR SR REAS 19000 B B TR AT L AL R

SCHR AR R 21715

JH — i by 2 10 SOM L BE AR M @ € R™ 7 AR 4
TSGR A S50, BN () %8 BN B8, 0()
BNV BRI AR SOOIk b BN 2 M T eR R
F/n o Liner-GON. &AW IH L @ A IC RN
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Hl

Y,
&

i 2022 4F

0 BITE/INFEAS I 25 [ B A B 40 Ui [ 1% # 1) X =
X', b5 38 5 ) A% 7 R @, 8 Al N Y 1A [
2% 591 1) S R A A 1 TR AT A o e B

TE/IREAS Y 25 B B » A SCT7 2 FH GON A 4t
FrR&TE i ABLH. R GCN 3 B AL i3 AL - ok 3t
FEITTRRE R O 117 5 Rl BT 26 SR RE A I T R
AIE 5 DT 4 i 5 TR0 X 28 s R T 25 2R
3.5 EHMKEY

T OACB R H AR R B L oy

L=L.+L,,.+L,, 4)

Horpr, Lo Ry 150 i) 2 ) 52 5 b B AR 2800 5 552 H bs
N B A SUIRAR I (L, Ry TN A4 A 160 4 BIAE b H A
ML H S H bR B O 28R L Loy, S B
LB A A R AR LR H PR AE 5 35 38 47 19 Anchor
1) ToU FlE 52 AL bR 5 F A Anchor (1 ToU (34 J7
ZEPR . AE BN SR B B A /INRE AN 2 B 5 T A
[ 7 I s o 5 i 81 i 1 R 5 D0 A A 7R 4 R AT 2% 2T 11
B S8 i 1 R 8GR E bR IC BB B 2
B2 2 I TR S B e, i 2k HE BR e Y
i ) £ b A5 1 I P AR R O B S NLP o i
YR S5 AR SO R P A X LT 22 5 DA R
IR B B2 > 15 3] (14 165 8 Sy JL A, /N A4S I 25 B B

ALt 71 2 1 2k AR 7 i Pk g 8K
4 0% %
4.1 HIEHE

PASCAL VOC. A3 ] PASCAL VOC 2007+
2012 B AT HEAT S AR AT 20 S H AR
i B 2R gE L HE PASCAL VOC 2007 11 2012 Il
SRR R UESE . 3L 16551 iR &, W 5 Oy PASCAL
VOC2007 K4, 3L 4952 i & 4. 3% B8 FSODFR
DR R 2 AN SR 2 2 R 4y O 2K AR SOH < bird
bus, cow . motor.sofa” 5 /4~ H 47 2 5l 1F i 25 K
4> 15 /4~ H #5 2 5l “bicycle, train, boat, car, aeroplane,
horse, cat, dog. sheep, person, bottle, chair, dining
table, tv monitor, potted plant”{F J 3L P47 525

COCO. COCO 2014 %@ dhfu & 123 287
i R 78U SR AT 80 A H ARG, &2 35 Bt I
AR BRI L A S0 2 BROSCHR 46 107 25, il e COCO 45 4
R AT LS. 5 SCHR46 05 B A R] L A SCE X
KBS H(1.2.4,5.7,.8,9,19,20,21,23,24,25,62,
63.64,65,70} [ 18 A 228, E L5 5 h

{3,6,16,17,18,22,67 ) 1) 7 D AE Mo 2. MIBR A
LA 25 R H AR IER G . BTl By COCO
BHE A 0 T A 106287 I 145 M A BEHL Hh HL
5000 g G AE R D3 4 o JH: 4 TR A5 2R )1 25 4.
XFF COCO %t 4 i fl PASCAL VOC ¥4 4E #7
2 24 A [ (H S B & T A [6] 26 ) 19 28, A Sc g — fil
1 VOC B4 82 v 1 b5 2 iy 24 8 A i3] 1] 4
4.2 EWEE

TE LSS kB B R/ RE AR I 25 B B, FRATT 3 fif
FHREALER B B (Stochastic Gradient Descent) {1k
AT S BT H S A, N LR Beh 22 > R
k1 0.000 33, kAR 170 1R, /NEEAR I 2k B B Y
2] 328 0. 00067, YN ZRABAY 10 X, A S i)
24 FSODFR J5 i 42 9 A JF R b i e 2
ORI H Hy 53 9 U A BRI AE AN U 2R B B
BATEREA R 22 RO Y1 250w, T 2 6 i A BHR
M RSH R E R 416 X416 [ [ 2 K/, # 3 FSOD 2%
SRS T 5F % PASCAL VOC #1 COCO %R 4
AT o3 B A AR P A ER A Q| 16
32, R T HERHL KN FEL 3T 4 K FSOD 2 2 4T 45
Je AT A BT RY SR I B2 2R RS AR S AL /).

PP 81T I HAE R G A Ubuntul6. 04, DL
TR HEZL Ry Pytorch, fC % 4 %8 A Python 15 7 52
A S5 B A BE A 2 A 22 A 8 Y Intel
Z i} E5-2650CPU, F4ii Ky 2. 4 GHz, W 4% 64 GB,
GPU 4 Nvidia TiTan X,GPU &%k 12GB.
4.3 LRHEREDH
4.3.1 Xfbszug

ALy vk 5 H AT 2 7E PASCAL VOC ¥4 4
X SRR A R AN SR 1 Fron. T B O Y LA
AR FSOD J5 g AR R 1 HhbRiE 7 AW 5 iE
PR 23] R FET B G 000 EE 24 | T 8 P ) 5 A 12 S A9 IR0
2R A5 (N/'S 7R SCHF G AN 2 i) AR A 3h 2 RRAE
WD) . Z 4 T Two-stage ) HARK M AESE Faster
R-CNN FlH ¥ (1) R AE $2 U4 ResNet101, TFA J5
Y H LSTD Jy k™ 3545 2 i Mk Re 3 25 A1
()75 % L FSODFR J7 #1700 o8 3 £k (Baseline) . {H i
FAT G DR 0 BRI TR AT 00 5 vk I o {0 BB A Ok 1
REY 25 19 22 RUBE (9 BRI RSk m . JF HL . AT
TP D BT RS R AU N AR AT O T it
RN AR S BRk — & WK BE . (ELfd TR B2 R PUR
W LU L B AT DR /N M B 2 B . FRATTAE IR A 114 52
KB T B T FSODFRJF %7 fl CME J5 i
433 32R K FSODFR ™ F CME ™. %t [ 36411 5 B0 19 45
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RATLLAE th» Liner-GCN J5 L 7E i A shot T, & il
W EH LT FSODFR". 5 CME” #f I, Liner-GCN
7E 5-shot #1 10-shot WE F 4RI T 5% F1 3. 6%
MERG 2. 5 FSODFR Jrik™ H4E A . Bi 48 Liner-
GCN £ 1-shot, 2-shot Fl1 3-shot & & T P HEREAL .
{H¥E 5-shot 1 10-shot & & T » Liner-GCN B4 T
HLA 0 4 Mk A R IDORS B2 b4k . 3T CME ik JF
VR 7E L 2SN 25 [ B R A 0 A AL, JRATT L B T
FSODFR 77 320 fiiAs 3¢ 53 Liner-GCN, 43 5l 7R
i FSODFR-CME il Liner-GCN-CME. 7 3¢ 75 ¥ .
FSODFR J5 35V fil CME J7 350 78 36 280 25 B B
HAH R 59 B R 45 44, 55 FSODFR® Ml Liner-GCN
ke . B8k FSODFR-CME #1 Liner- GCN-CME {ifi

FA T S 4E (1 SRR ARAE /N RE AR I 25 B B AT R
T 24003 kS 2 88 B R B e, OF HR i
FH B Ok 1 R 25 1 22 ROBE I 25 50 s, X 15 4R 2 B
#l FSODFR-CME 1 Liner-GCN-CME [1 ¥4 fig. %
FSODFR-CME Al Liner-GCN-CME 43 % 5 FSODFR*
M Liner-GCN A H |8 T #F 1-shot &4 F . FSOD #:
RE XA $ET1 . 22 B 0T 4 1) I 25 15 0 S BB A5 R
AEHY £ . 0Kt ] 452 0 B FRAT T A2 B I A R0k S 30 45
FEWT BE T AN W) 3 HF 2S00 18] ) o SCIBER L FRATT A 7 ik
TEAN[A] shot ¥ B T . 38 i bk &5 18 S ABEH, A [A]
THFFE N TTRHAIE AR 8 4k K L T 2R B A HE B A
FH P2 2] I 1) TG AE X 25 96 LG RE I 2E 47 18 L fig
A R i FSOD FHS EE.

k1 AXHEEHMBGETLE PASCAL VOC ER[E shot THEM EHRNIEEILRER G+ %)
2551 Jrik G N A 22 ERAE B 1-shot 2-shot 3-shot 5-shot 10-shot
, : Dark 19
YOLOv2-joint[2] ICCV2019 YOLOv2 Q: DarkNet 0.0 0.0 1.8 1.8 18
S:N/S
YOLOv2-{t(2] ICCV2019 YOLOv2 Q:DarkNetl9 3.2 6.5 6.4 7.5 12.3
S:N/S
_ . C

HF  LSTD(YOLOv2)[? ICCV2019 YOLOv2 g'Sj;kNet” 6.9 9.2 7.4 12.2 11.6

(el —

" TFA] ICML2020 Faster R-CNN ResNet101 39.8 36.1 44.7 55.7  56.0
MPSR( 13 ECCV2020 Faster R-CNN ResNet101 4.7  — 514 55.2 6L.8
Retentive R-CNNI15J CVPR2021 Faster R-CNN ResNetl01 42. 4 45. 8 45.9 53.7 56.1
FSCE!28 CVPR2021 Faster R-CNN ResNet101 44.2  43.8 5.4 61.9  63.4
FSOD-SR!6] PR2021 Faster R-CNN ResNet-50 50.1 54.4 56.2 60.0 62.4
RepMet! 7! CVPR2019 Faster R-CNN Inception 26.1 32,9 34.4 38.6 41.3

T NP-RepMet!'8] NeurIPS2020 Faster R-CNN ResNet101 37.8 40.3  41.7  47.3 49. 4

2 ResNe

- SRR-FSD!1¥ CVPR2021 Faster R-CNN Q:ResNetl01 47.8  50.5 51.3 55.2  56.8
S:Knowledge Graph
FSODFR!20] ICCV2019 YOLOv2 g’\?j‘;kNCtlg 14.8 15.5 26.7 33.9  47.2
CMED! CVPR2021 YOLOv2 g’\?j‘;kNCtlg 17.8  26.1 31.5 44.8 47.5
DCNetl26] CVPR2021 Faster R-CNN ResNet101 33.9 37.4 43.7 51.1 59.6
FSODFR * [20] ICCV2019 YOLOv2 g‘\?;‘;mm 13.7 16.6 21.8 30.0 42.8
BT —
3 i CME*[31] CVPR2021 YOLOv2 SQ’\II);;kNth 17.2 21.2 26.7 33.2 43.9
FSODFR-CME YOLOv2 Szﬁzweﬂg 1.4 16,9 22.9 36.3 44.7
H I
7 3¢ F7 ¥ (Liner-GCN) YOLOv2 Q: DarkNetl9 4.4 17.7 22.3 38.2 47.5
S:N/S
H /
A&7 #: (Liner-GCN-CME) YOLOv2 Q: DarkNetl9 13.2 2.8  25.3 41.9  48.0

S:N//S

ATy 5 Hfth 5 B AE COCO i % F iy B
e 2 pioR. 5 FSODFR™ fit CME™Y # [,
AR SCTT I BAR AR AR AT BT FSOD M Rg , (H 4K 153
1)z DK B AELARAIG. X AT BB 2 A A 5 R i COCO %X
P B AR LL A SCR T 18500 4R b i 1R R 0 8 R il
BURZE I BARR T, 3X 45 FSOD 47k B K BEAK.

AR ICT5 5 oAb D7 k78 PASCAL VOC %l 45
BRI KBTS 25 S A1 BRI B dn e 3 s A
# 3 LIFEF. 5 FSODFR" Ji 5 M EE . 1/2/3-shot
I AR 35 5 Liner-GON AEJL-F AN 451 2 HoA BT 26 19

DN BE 091 D0 RE 6 S0 38 38 o 56 A7 248 1y s 00

@  https://github. com/Bohao-Lee/CME
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F2 AXAESHMAEE COCOHIEE EARE shot THEMFHRNBELRER (BT . %)
Average Precision Average Recall
K Tk - . - -
0.5:0.95 0.5 0.75 S M L 1 10 100 S M L
FSODFR[?%] 0.1 0.4 0.1 0.0 0.2 0.2 2.8 3.4 3.4 0.1 1.8 4.6
10 CMEB!U 0.3 0.7 0.2 0.0 0.2 0.4 3.8 4.5 4.5 0.0 2.3 5.8
Zgij}j(‘i 0.4 0.8 0.3 0.0 0.1 0.6 8.3 13.6 14. 4 0.6 9.2 20. 0
(Liner-GCN)
FSODFRI20! 0.2 0.5 0.2 0.0 0.1 0.4 4.3 5.4 5.4 0.0 1.8 7.7
30 CMEDB! 0.4 0.9 0.3 0.0 0.3 0.7 4.9 6.2 6.3 0.0 1.8 9.2
AR CT5 i .
(Liner-GCN) 0.3 0.8 0.3 0.0 0.1 0.6 8.7 14.0 15.2 0.6 9.7 21.0
R3I AXHZESHMA XA PASCAL VOC ER[E shot TEEMTEHRNBELLRER (T2 Y0
K o EES B
bird bus cow motor sofa mean aero bike boat bottle car cat chair table dog horse person plant sheep train tv mean
YOLOv2-joint'2) 0.0 0.0 0.0 0.0 0.0 0.0 78.4 76.9 61.5 48.7 79.8 84.5 51.0 72.7 79.0 77.6 74.9 48.2 62.8 84.8 73.1 70.2
YOLOv2-f[20) 6.8 0.0 9.1 0.0 0.0 3.2 77.1 78.2 61.7 46.7 79.4 82.7 51.0 69.0 78.3 79.5 74.2 42.7 68.3 84.1 72.9 69.7
LSTD(YOLOv2)(%) 12,0 17.8 4.6 0.0 0.1 6.9 75.5 76.9 63.2 46.2 78.9 84.1 52.5 66.8 79.2 79.4 74.1 44.7 66.4 84.6 73.6 69.7
1 FSODFR[2) 13.5 10.6 31.5 13.8 4.3 14.8 75.1 70.7 57.0 41.6 76.6 81.7 46.6 72.4 73.8 76.9 68.8 43.1 63.0 78.8 69.9 66.4
FSODFR* 14.6 1.8 23.8 28.1 0.3 13.7 76.6 74.6 54.8 43.3 63.6 76.2 48.9 55.0 74.3 76.0 70.6 39.2 59.5 79.4 71.6 64.2
Liner-GCN 14.1 1.9 28.2 27.6 0.3 14.4 65.9 72.3 52.6 38.3 12.4 77.4 37.9 7.0 73.7 71.4 64.2 33.8 45.2 78.2 54.2 52.3
Liner-GCN-New  11.1 2.7 20.0 25.6 0.2 11.9 70.9 66.9 54.9 38.9 48.6 79.1 42.7 33.6 73.1 74.9 70.1 33.2 50.5 79.1 57.4 58.3
YOLOv2-joint] 0.0 0.0 0.0 0.0 0.0 0.0 77.6 77.6 60.4 48.1 81.5 82.6 51.5 72.0 79.2 78.8 75.2 47.0 65.2 86.0 72.7 70.4
YOLOv2-f¢[20) 11.5 5.8 7.6 0.1 7.5 6.5 77.9 75.0 58.5 45.7 77.6 84.0 50.4 68.5 79.2 79.7 73.8 44.0 66.0 77.5 72.9 68.7
LSTD(YOLOv2)?) 12,3 10.1 14.6 0.1 8.9 9.2 77.4 77.1 59.4 46.4 77.8 84.5 50.9 67.1 79.1 80.6 73.8 43.3 64.9 79.4 72.4 68.9
2 FSODFR[2] 21.2 12.0 16.8 17.9 9.6 15.5 74.6 74.9 56.3 38.5 75.5 68.0 43.2 69.3 66.2 42.4 68.1 41.8 59.4 76.4 70.3 61.7
FSODFR* 18.1 0.524.8 28.0 7.0 16.6 73.4 75.8 49.5 39.5 75.7 78.2 46.0 58.3 73.2 61.8 67.5 42.1 56.4 66.7 68.4 62.2
Liner-GCN 17.5 5.6 25.8 33.5 6.1 17.7 69.6 71.5 42.2 35.8 74.4 77.7 41.0 56.3 68.9 70.7 65.5 35.2 43.9 71.5 63.9 59.2
Liner-GCN-New  18.5 6.7 31.3 29.7 13.6 18.0 75.8 71.6 42.9 35.2 75.8 79.8 39.9 64.8 73.6 70.2 66.2 34.4 51.8 67.0 59.4 60.5
YOLOv2-joint®) 0.0 0.0 0.0 0.0 9.1 1.8 78.0 77.2 61.2 45.6 81.6 83.7 51.7 73.4 80.7 79.6 75.0 45.5 65.6 83.1 72.7 70.3
YOLOv2-ft20] 10.9 5.515.3 0.2 0.1 6.4 76.7 77.0 60.4 46.9 78.8 84.9 51.0 68.3 79.6 78.7 73.1 44.5 67.6 73.6 72.4 69.6
LSTD(YOLOv2)*] 12,3 7.1 17.7 0.1 0.0 7.5 75.9 76.2 59.7 46.6 78.3 84.4 49.4 64.5 78.7 79.7 72.6 42.5 63.8 80.5 73.9 68.4
3 FSODFR[2] 26.1 19.1 40.7 20.4 27.1 26.7 73.6 73.1 56.7 41.6 76.1 78.7 42.6 66.8 72.0 77.7 68.5 42.0 57.1 74.7 70.7 64.8
FSODFR* 22.9 8.6 24.1 22.8 30.6 21.8 70.6 69.7 53.0 40.0 72.5 81.0 44.5 56.5 73.0 75.3 67.2 30.7 52.3 64.5 69.7 62.0
Liner-GCN 25.1 8.8 22.6 32.5 22.7 22.3 66.0 69.7 54.4 38.0 75.0 80.6 42.2 43.2 70.7 73.7 65.3 34.1 41.2 69.8 60.4 59.0
Liner-GCN-New  24.2 14.7 26.0 18.5 15.6 21.8 68.6 71.2 53.7 39.1 77.0 80.5 42.6 63.4 70.8 73.7 67.3 34.4 34.9 65.1 64.0 60.4
YOLOv2-joint) 0.0 0.0 0.0 0.0 9.1 1.8 77.8 76.4 65.7 45.9 79.5 82.3 50.4 72.5 79.1 79.0 75.5 47.9 67.2 83.0 72.5 70.3
YOLOv2-{t20] 11.6 7.110.7 2.1 6.0 7.5 76.5 76.4 61.0 45.5 78.7 84.5 49.2 68.7 78.5 78.1 73.7 45.4 66.8 85.3 70.0 69.2
LSTD(YOLOv2)%) 12,9 8.1 13.6 16.1 10.2 12.2 77.4 75.0 61.1 45.2 78.4 85.0 50.6 68.0 78.1 79.3 73.1 44.6 655 84.5 71.1 69.1
5 FSODFR[20] 31.5 21.1 39.8 40.0 37.0 33.9 69.3 57.5 56.8 37.8 74.8 82.8 41.2 67.3 74.0 77.4 70.9 40.9 57.3 73.5 69.3 63.4
FSODFR* 21.8 20.8 32.6 38.2 36.8 30.0 67.7 47.0 57.2 36.4 72.7 77.7 38.1 56.6 67.6 75.4 66.6 33.3 56.7 67.9 64.2 59.0
Liner-GCN 29.0 19.5 36.2 57.3 48.9 38.2 67.0 64.9 50.5 34.4 73.1 80.0 33.4 51.4 69.7 74.0 66.4 32.7 44.0 67.9 64.3 58.2
Liner-GCN-New  28.6 14.9 41.5 55.4 49.1 37.9 67.5 64.1 48.1 35.4 73.5 78.2 36.1 61.4 70.7 75.5 66.4 34.1 48.0 67.7 54.4 58.7
YOLOv2-joint®] 0.0 0.0 0.0 0.0 9.1 1.8 76.9 77.1 62.2 47.3 79.4 85.1 51.3 70.1 78.6 78.0 75.2 47.4 63.9 85.0 72.3 70.0
YOLOv2-ft[20] 11.4 28.4 8.9 4.8 7.8 12.2 77.4 76.9 60.9 44.8 78.3 83.2 48.5 68.9 78.5 78.9 72.6 44.8 67.3 82.7 69.3 68.9
LSTD(YOLOv2)I?) 11,3 32,3 5.6 1.3 7.7 11.6 77.1 75.2 62.0 44.5 78.2 84.2 49.9 68.6 78.8 78.8 72.6 45.0 66.9 82.6 69.5 68.9
10 FSODFR[20] 30.0 62.7 43.2 60.6 40.6 47.2 65.3 73.5 54.7 39.5 75.7 81.1 35.3 62.5 72.8 78.8 68.6 41.5 59.2 76.2 69.2 63.6
FSODFR* 21.1 60.2 36.0 54.2 42.5 42.8 67.0 68.2 51.4 32.0 73.9 77.3 33.5 52.8 65.7 75.3 65.5 35.4 55.5 72.4 66.2 59.5
Liner-GCN 32.159.3 47.2 56.8 42.3 47.5 66.6 67.7 48.2 35.4 74.3 80.5 36.8 48.2 70.4 77.0 66.3 30.4 50.2 72.5 63.0 59.2
Liner-GCN-New  34.3 59.9 51.5 58.1 43.1 49.4 68.3 67.3 47.4 33.9 74.1 79.1 34.0 57.4 70.8 75.0 65.4 32.8 50.0 73.5 63.8 59.5

JE. BRI, 1-shot I cow” 288 Ji| 4 ~F- 247 46 00 4 2 2
THT 4. 4% . 2-shot B} “bus” 2 5] Fl “ motor” 2 5l iy
S5 R RS B2 43 B4R T T 5. 120 5. 5%, 3-shot i
“motor” J& | 1P KR UG BE 4R TE T 9. 700, £ 5/10-
shot ™ AR5 ¥ BB A A7 R4 T+ 22 A 28 il ) A6 T
JE LRI A (HE, 5 FSODFR J5 ik M H L AR SO0
2 Liner-GCN X F 38 28 i &0 i 14 REAE Fr A1 shot |

IR R A W A T A H A PR R A B T BE.
Liner-GCN-New J5 ¥ R /RFE/INEA YN ZR B B, 62K
R o M BOoC 2 > 2% M S th () 90 46 19 S0 R 1E
FRAEE Stk ABEER U By 1 2 > 5 09 S0 RR ik 18
il 1%, 5 Liner-GCN J5 i A [t » Liner-GCN-New
Ji Ve % T A ) OR BE 2 ST R AE Y AT 4y k. [
Liner-GCN-New J5 i 76 £ 8 2% B b B 1 g 4% 3115
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By e, X £ B Liner-GCN-New J5 % /] DL R
il BE 2 TUARRAE 1% BB PR BA B 28 TR AE 1 RT3k
4.3.2 I Fil S

A SORE R 2 18 Sk AR HIAS [ 1 25 7 35 47
TSRS W IE , L 45 R AN 4 iR, Liner-GCN
T E R IR bR 2 T AR AR SR R R o (o) B %
MO PR L. LeakyReLU-GCN Jy ik KR b5 & 15
At A B R B TG PR B o (o) 2k B AR 4R PR TS BB
B NSRS R AT LUE L SR AR B A (1/2/3/
5-shot) I, 4 £ 2k P OIS oR BUBITF » S HRFFE A B0
% (10-shot) B, 3& £ 4 £k 4 3 1% o8 50F 4F. Liner-
GCN-New J7 % fl LeakyReLU-GCN-New J5 i £
7N e R L ) T BREC AR/ INREAR YN R B B KR
KK 251 B HOTT 2 ) 4% M i 09 %) 46 1Y TR AR
FbR 2518 A AL U B 19 727 > J5 19 ST FRAE
I ] A o R AR HFR 2 A7 2 B 2R 1 T
F1E. 55 Liner-GCN J5 74 fil LeakyReLU-GCN J5 7k
1) S 30 235 R F b AR WY L 78 RO RARCAC R L 2 K
FEREAEAR 2> (1-shot) B, 5 2% 180 28 24 U bR 25 15
S ARG 1 JCRRAE BT 28 H AR R DRI S 47, 2
KRR Z2 0 A2 2] B 26 1 T R AE B 8 15
B 47 (05 2 H AR A I %R 3 3R WX B 28 T R AR
()27 2] TR 202 0 SE 1Y BB 8 48 T 9 28 H A A6 T
R ff 32 AR S % 3 A W) 9 0 4 b D7 w46

R4 BREFIFENHENERTER EE PASCAL VOCHIEE L
N[ shot T FT K ) F IS ERIRM AL 20)

fEbR 218 i A B GCN 1) 2%k, Liner-GCN-
Xavier J5 ik 7R i H Xavier #1145 1k 77 % 91 46 1k
GCN M2 250, 5 BOAE 4 0 W16 6 ) Liner-
GCN J5 i A0 1L« 8 AT Xavier 9] 46 4k J5 % 78 1-shot
BF PR B B T B R AE AR A RAR A AR
;B 27 2 AN [R) 26 J6 FRAE 22 (W) il A 22 70 R 25 BT
PEAN FATHE R 4 P g iy T3 F CME Jy ik IF
T A A A S B S [R) A 251 S A A BB Z5 70 T A
SCO7 % B ARG IRG R AT 3 3 A e AR e I bR 4 T
RANEHEE MY A S5 ¥ 5 B “-CME” % & 41
3R, NSLIRZ5 AT LU ), 3 F CME Jy kB JF
501 B G 1 R ASE TR S B 9 AR S 7 s B T FRATT
TE 32 BRI A I 25k 1 28 5 1) R 5 0 5 B AR S
A B A A DU P RE. U H 2 A U5 ¥ Liner-GCN-
CME #kf% 75 FSODFR J5 5 # o B A7 36 4 M 11
A UK JEE
4.3.3 ARk

R T A AR SO VR AR RO AT R
T PASCAL VOC ¥#a 4 FBi2e 5 H B0 1 br %
T SCHRUEEAE , N3 5 s, o 1 3R IB W M, AR
28 90 e BRI J M A W] T 3k 43 A DY R 2K A2 3l T
B Y  ANMFERE 26, N 5 AT LU A1
() I e 0 6 248 TR0 T 288 () A9 1 SCORH B A 1
XL RLRBR TAETE S B SR AL AR R AE |

R 5 PASCAL VOCHIR&E EHEXSHTE LMK

ViR 1-shot 2-shot 3-shot 5-shot 10-shot
FSODFR"?%J 14.8 15.5 26.7 33.9 47.2
FSODFR* 13.7 16.6 21.8 30.0 42.8
FSODFR-CME 11.4 16.9 22.9 36.3 44.7
ATk S
(Liner-GCN) 14.4 17.7 22.3 38.2 47.5
A5k . S
(Linroneme, 132 218 253 4L 48.0
ARSIy I
(LeakyReLU-GCN) 12.9 17.4 22.3 37.2 48.7
ARSIk
(LeakyReLU-GCN-CME) 12.0 17.0 26.9 40.6 17.5
ARSIk
(Liner GON-New) 1.9 18.0 21.8 37.9 49.4
ARSIk
(Liner-GCN-New-CME) 11.8 21.4 24.0 40.7 46. 3
ARSIk - -
(LeakyReLU.GON-Newy 1103 184 238 385 48.7
AR 3CJ5 % (LeakyReLU-
NN CMED 10.3 17.6  24.0 40.0  47.0
ATk -
Lines OCN Xaviery | 10:7 180 215 386 48.4
KNS @RS

(Liner-GON-Xavier-CME) 121 197 204 4L 8 a8.2

PR TE AR UE
B3| sofa cow bird bus motor
A
person 0. 39 0. 46 0.51 0. 47 0. 37
FBE
sofa 1. 00 0. 38 0. 33 0. 38 0. 30
chair 0.71 0. 40 0. 44 0.42 0.28
bottle 0. 39 0. 48 0. 50 0. 39 0. 30
tv monitor 0.17 0. 14 0.16 0.21 0. 14
dining table 0. 26 0.10 0. 10 0.12 0.13
potted plant 0. 26 0. 24 0. 35 0.17 0.2
;Y
cat 0.41 0. 60 0. 67 0. 45 0. 38
dog 0.41 0.63 0.61 0. 44 0. 38
cow 0. 38 1. 00 0. 56 0.41 0. 34
bird 0.33 0. 56 1. 00 0.41 0. 32
horse 0. 38 0. 68 0. 56 0. 45 0. 47
sheep 0. 32 0.77 0.53 0. 37 0. 35
2838 T H
car 0. 44 0. 42 0. 45 0. 65 0. 66
bus 0. 38 0.41 0.41 1. 00 0. 48
boat 0. 40 0. 38 0.51 0.58 0.53
train 0. 36 0. 45 0.47 0.73 0. 42
motor 0. 30 0. 34 0. 32 0. 48 1. 00
bicycle 0. 37 0.41 0.43 0.57 0.67

aeroplane 0. 26 0.31 0. 40 0.41 0.43
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W 5B 2R SRR L. 1 A8 5d T2 R i BT 2 “bus”
HEFE T train” Fl“ car” # A KR L B L R Sh W
SRR R AT L FE 43 A S 2 train” A car” 1Y)
JCRFAIE S 1 5808 28 “ bus” (AR UV J& M 1% ST AR AE. B
5 HIT & 1 K2 v AN [R] 9 2K 0] 14 18 SO EE A
A TR]. ) 40 52 BE i R 26 rp BT 26 “sofa” 15 BE 2K
“chair” {4 T SCAHBLBE AR & . (H 7 38 “sofa” 15 5 3
“dining table”,“tv monitor”,“potted plant” B #f
PRAE G BE Tt K26 v AH AT =2 1) f) A B BE AR AT
KBTI G T 5 BE F L T HL AT R e R
NUARBLEE A R R ke ) AN [ S 4 28 001 [ s 285 1
SCRH B E AL (4 A [] K [ 1) 1 SCORBR AN AE T 3L 1
A UL BE A% il B b 78 A [+ 28 591 18] 1 0 3R 00 1) 16K %
FETIZAE SOOI A IR B 18 S AR HR XS JTFRE
AT R~ 2 AT I A R

K 4 AR5 FSODFR ™ J5 78 PASCAL
VOC Hdfi 4k I+ 10-shot F X4~ #i 25 iy FSOD A 41
ek, B 4 hAEAT Rom — DR BN R 4y

JeR T BA AR S . B4 R —3 bR 1)
ATALAR 25 5L 55 81 O X D7 3k FSODFR™ ) ml A
FRZE R eI — BN AR SO vE I AT AR 25 . AT 4
TS AT RS AT LLER AR SO A A o
AT SR BE S I 2] 421 B bR, B 2 AE EE A
e, g 4 55 =47 BT/R » A8 3CJ5 76 A B FSOD-
FR™ 75 i BUR 8 A ARG B AH AR SO R Ay R B AR B
5y CEG A4 97. 200) W35 /= T FSODFR ™ 5 ik (&
fEEEAR Y 0.6 20). & 4 55 PUAT FIIR JG — 17 43 0l e m
TAEE SORE M H AR R RN S5 A SO 47
SREE A P B 1) B ARy 28 B BE AR A3, W ARAL 45 2R
FeW AR SO W AR A 2 ) BT 28 0T ) i Y RAE.
5 B AR e PASCAL VOC ¥4 4 I+ 10-shot
TXFEAS B2 FSOD s 2 17w ). 18 5 il 2k
BN HE R AR 2 L 1 4R A T I T HE R R AR SO
P A IHE. NEL S sl LA B s H
B 225 A8 A R K B H A5 4™ 530 4 0, 48 SCO7 R AE
TEIR A | J3 28 A5 BE AN e 50 S 6 A A 114 ) R

() GT

(b) FSODFR®

© FXHE

B 4 AXHPE FSODFR” k1 PASCAL VOC ¥4 4E I+ 10-shot F X &4~ # 25y FSOD 1] #i 4k 45
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HE AR . A A SCHR S T — AN BR800 S A BB 1%
RWEPEE i GON fil A 1) 32 R 8 B A ST R AIE 1Y 727
> b AR OB BE 2 R O SR DG I 1 B R B 4 B 2
JUHFAE S 76 A /D 1 0 2 5040 i 1 00 2 ) B8R
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Background

Compared with Object Detection, the purpose of Few-
Shot Object Detection is to hope that the deep model will use
only a small number of new samples to quickly adapt to the
identification and positioning of new objects after learning
base data with sufficient samples. It can reduce the dependence
of the depth model on a large number of labeled samples.

With the extensive research on Few-Shot Learning and
combining it with Object Detection models, many Few-Shot
Object Detection methods have been proposed. However,
because there are few samples available for learning in the
new class, the features of the new class learned by the model
are not strongly separable, which limits the detection accuracy
for the new class of objects.

In response to the above problem, existing works introduced
attention mechanism or context information into Few-Shot
Object Detection model to enhance the separability of new
class features. Our work imitates the ability of human associ-
ation learning. By introducing label semantics, we design a
word vector label semantic graph generation module, and
propose a label semantic embedding module to model the

semantic association of new classes and base classes. The

deep learning methods and applications, and complex remote
sensing image understanding and interpretation.
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features related to the new class in the base class are trans-
ferred to the new class, and the separability of the new class
features is enhanced by End-to-End learning. The experimental
results are given also prove the feasibility and effectiveness of
our method.
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