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Abstract Deep learning-based object detection algorithms have matured considerably. However, detecting novel classes
based on a limited number of samples remains challenging as deep learning can easily lead to feature space degradation
under few-shot conditions. Most of the existing methods employ a holistic fine-tuning paradigm to pretrain on base classes
with abundant samples and subsequently construct feature spaces for the novel classes. However, the novel class implicitly
constructs a feature space based on multiple base classes, and its structure is relatively dispersed, thereby leading to poor
separability between the base class and the novel class. This study proposes the method of associating a novel class with a
similar base class and then discriminating each class for few-shot object detection. By introducing dynamic region of
interest headers, the model improves the utilization of training samples and explicitly constructs a feature space for new
classes based on the semantic similarity between the two. Furthermore, by decoupling the classification branches of the
base and new classes, integrating channel attention modules, and implementing boundary loss functions, we substantially
improve the separability between the classes. Experimental results on the standard PASCAL VOC dataset reveal that our
method surpasses the nAP50 mean scores of TFA, MPSR, and DiGeo by 10. 2, 5.4, and 7. 8, respectively.
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*3 AR PASCAL VOC Hdii 4 [-#Y nAP50

Table 3 nAP50 of different methods on PASCAL VOC dataset unit: %

Novel Split 1 Novel Split 2 Novel Split 3
Method Backbone K= K= K= K= K= K= K= K= K= K= K= K= K= K= K=
1 2 3 5 10 1 2 3 5 10 1 2 3 5 10
LSTD™ VGG-16 8.2 1.0 12.4 29.1 38.5 11.4 3.8 5.0 15.7 31.0 12.6 8.5 15.0 27.3 36.3
YOLOv2-ft"™ 6.6 10.7 12.5 24.8 38.6 12.5 4.2 11.6 16.1 33.9 13.0 15.9 15.0 32.2 38.4
FSRW' YOLOV2 14.8 15.5 26.7 33.9 47.2 15.7 15.3 22.7 30.1 40.5 21.3 25.6 28.4 42.8 45.9
MetaDet"*” 17.1 19.1 28.9 35.0 48.8 18.2 20.6 25.9 30.6 41.5 20.1 22.3 27.9 41.9 42.9
RepMet'” InceptionV3 26.1 32.9 34.4 38.6 41.3 17.2 22.1 23.4 28.3 35.8 27.5 31.1 31.5 34.4 37.2
FRCN-ft"*” 13.8 19.6 32.8 41.5 45.6 7.9 15.3 26.2 31.6 39.1 9.8 11.3 19.1 35.0 45.1
FRCN-+FPN-ft " 8.2 20.3 29.0 40.1 45.5 13.4 20.6 28.6 32.4 38.8 19.6 20.8 28.7 42.2 42.1
MetaDet ™" FRON-RI0L 8.9 20.6 30.2 36.8 49.6 21.8 23.1 27.8 31.7 43.0 20.6 23.9 29.4 43.9 44.1
Meta R-CNN' 19.9 25.5 35.0 45.7 51.5 10.4 19.4 29.6 34.8 45.4 14.3 18.2 27.5 41.2 48.1
TFA w/fc"” 36.8 29.1 43.6 55.7 57.0 18.2 29.0 33.4 35.5 39.0 27.7 33.6 42.5 48.7 50.2
TFA w/cos™” 39.8 36.1 44.7 55.7 56.0 23.5 26.9 34.1 35.1 39.1 30.8 34.8 42.8 49.5 49.8
MPSR™ 41.7 — 51.4 55.2 61.8 24.4 — 39.2 39.9 47.8 35.6 — 42.3 48.0 49.7
SRR-FSD"" 47.8 50.5 51.3 55.2 56.8 32.5 35.3 39.1 40.8 43.8 40.1 41.5 44.3 46.9 46.4
DiGeo™! FRCN-R101 37.9 39.4 48.5 58.6 61.5 26.6 28.9 41.9 42.1 49.1 30.4 40.1 46.9 52.7 54.7
FSCE" 44.2 43.8 51.4 61.9 63.4 27.3 29.5 43.5 44.2 50.2 37.2 41.9 47.5 54.6 58.5
Retentive R-CNN"™" 42.4 45.8 45.9 53.7 56.1 21.7 27.8 35.2 37.0 40.3 30.2 37.8 43.0 49.7 50.1
HTRPN™’ 47.0 44.8 53.4 62.9 65.2 29.8 32.6 46.3 47.7 53.0 40.1 45.9 49.6 57.0 59.7
FSAD(ours) 50.5 54.7 54.6 57.6 62.2 31.4 35.5 39.2 42.5 45.2 46.1 46.3 47.3 54.8 59.0

K10 FSAD Y5 TFA filZER . (a)FSAD; (b)) TFA
Fig. 10 Prediction results of FSAD and TFA. (a) FSAD; (b) TFA
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Bif T 0, A 5 )BT 28 0 280K B 42 T s DiGeo ™ & 1 T4
TE 2 2] AHRRAE T 43 1Pk 5 1 A7 76 A 2 sHTRPNY #E &
IR BE T (ARG I AR SR A 2% 5 AR R B FSAD 76 UK
JE N 0 FAE [T UAORS B 1A BT . 4 FSAD 58
P BERSECR R, AN FSAD BB S5
BHZTF TFA,”>F DiGeo il HTRPN,
4.4 HEhICI®

Xif FIF 5 % B 45 AL G o R AT T AR 9T . 1 A

Brai vk RE smk , SR G R AR SR O TAER B, A
SCHY BT AT I A SR AR R 3 T PASCAL VOC BUE4E 19
By E 1S

25 W T RS AL AT R B OCIRE A R A
SR o I S IR A, S LSS RO S ) B R M
B X P A B, AR A DR B 3 B S LA BRI RN
B IS RRAE 43 A0 R dee Rl B R T ] ok . Y
K=1.3 .5, A b J5 i W 2%, 15X 3 438 4 19 Jr 42
L nAPSO 3RS T 9.2 N H 4 48 8. 3N H 43
3.9 H AT AR £
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Table 4 Parameter quantity comparisonunit: million

Method total params trainable

_params nontrainable_params

61 55E 8HI/2024 £ 4 B/BAEHBFFHE
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~ person c_;r ape

oh

. B

SRV 2 B T 25 5L L (a) MPSR; (b) Retentive R-CNN; (¢)DiGeo; (d)HTRPN; (e)FSAD
Prediction results of differnet algorithms. (a) MPSR; (b) Retentive R-CNN; (¢) DiGeo; (d) HTRPN; (e) FSAD

XIS A ECA L A9 A 8Pk . 2 K=1.3.50F A
Bl ARG ER DX IS AR R AEAS B A AR A 4 T
Xof A A F A IOKG BBE 5 in AN ECA BB J5 50 780 1) 14531 g
JInE R . 2 K=1.3. 50, A LU 4R M 4, I+
i 7 FH 36 1A A A ) I 265 B nAPS0 3R A% 7. 34 1 43
B 2AN AR LB 24 A UG £

3 BE R W A S IR 2 R b B OCHEAE T . O SRR
WordNet 171 51 570 BL i A 8t KR 1T A [ Y

F 6 ORI B BOBEH i A7 25 1
Table 6 Effectiveness of modules in the correlation and

recognition stage

TFA 60. 3 0.1 60. 2
FSCE 60. 3 60.1 0.2
DiGeo 76.4 15.0 61.4
HTRPN 76.5 76.3 0.2
FSAD 60. 4 17.9 42.5
#5  FSAD A A4 2tk
Table 5 Effectiveness of different components of FSAD
- . . _ nAP50 /%
Association  Disentangling  Margin

K=1 K=3 K=5

X X X 41.3 46.3 53.7

NG X X 42.4 46.8 55.2

X V X 42.4  47.3 54.1

N/ NG X 44.9 50.3 56.8

X X v 46.3 48.8 56.4

/ / V/ 50.5 54.6 57.6

nAP50 /%

Dynamic Rol head ECA
K=1 K=3 K=5
X X 43.2 49.4 54. 4
NG X 44.9 51.3 56.0
X NG 46.7 53.0 56.8
NG N/ 50.5 54.6 57.6
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Sy BC SR WS, 25 RN 7 TR o random R K LSS BE HL
I3 45— B 26 human KR 2 T AR AR BEATRY A
3 EE , visual 278 & T8 AR DL PRI R SRS R 6,
topl Fl top2 Fn il () H B ML LA S Z ik
AL SR 2 AR BE 2R A SR o 2 — D EEZR P B 28
AN TR R B S (4 5 " Bl oy O 45 55 AN A7)l T

B ARy 5 20, F B AT B R LM A B S AR 2 OC
WK, O BT HE 38 4 28 R ARARLRE L SR T R T 1 G K
M 7 R A7 X random il top2, 7E topl F AY nAP50
SRR TE T AT A A3 U 3L LA E 4 AR R ITE X
AHABLEE XS PERE A 2 2 5 5 i G T BR A, F— 2D R
530. 64> H o3 KR HE 5

T ORI ECHEE LB ORI T AR %)

Table 7 Comparison of different allocation strategies (without using margin loss)

Base bird bus motorbike sofa nAP50 /%
random person boat horse aeroplane sheep 39.6
human aeroplane train sheep bicycle chair 44.1
visual dog car horse person chair 43.4

top2 dog car sheep tv diningtable 41.2

topl horse train horse bicycle chair 44.3

topl w/o dup dog train horse bicycle chair 44.9

X SR 5 ArcFace™ Fll CosFace ™ #E 47 L #4¢
SR S PTR . WEER T, 4 03X P A B
RosBiFErERE, H A N TR B, A BBAE— &
TR b 22 ff e e R 1k o X b {8 13 ArcFace T 1Y
nAP50 Mk 37.9% F+ % 44. 3% , CosFace T [l nAP50 M
38.9% Fh & 44. 20 R E ik, MR LL AR SCRY I R
Wk 0N EI .,

i 3k e 7 ] A5 R SCAR L BE A A RLRE B R
V4 2 LA B2 A S A A 2 TN AR S A v A A
BE BRI R BE A B S AR R R Y R
8 S 5 — A S [R] B B0 a3 A B R O
B AT ST AR S N AL,

L

erson.O.BQ '
,’i -’l'.orse 0.58

8 ORI TR KA REXT 1L

Table 8 Performance comparison of different margin loss

Margin nAP50 /%
TFA 41.3
CosFace 38.9
ArcFace 37.9
CosFace(novel) 44.2
ArcFace(novel) 44.3
Ours 46.3

Pl 12 Jor s, fol R i AR 0P 5l e AR A 19 37 5 T
FEPERAR . Un 9 PR YA B B 22 I RS W B9
PR AR B0 B2 T LA DR/ IN T SO [R] 14 M 18 2 B

K12 e, 2o o o SCRATE , A7 b 45 AR LA

Fig. 12 Coexisting instances, left is semantic similarity, right is visual similarity
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Table 9 Comparison of visual similarity and semantic similarity

Novel Split 1

Novel Split 2

Novel Split 3

Metrie K=1 K=3 K=5 K=1 K=3 K=5 K=1 K=3 K=5
Visual 43.3 49.3 56. 4 22.5 37.2 39.3 31.8 43.1 50.7
Semantic 44.9 50.3 56.8 26.1 38.5 40.1 37.1 45.0 51.5
5 4 A [8] WulJX, LiuS T, Huang D, et al. Multi-scale positive
A e sample refinement for few-shot object detection[M]/

B DR AR 25 TR R AL 2 ] 23 AR 2

AE 1 B 2% T OB 28 00 SRS BE AR A (R, 2 4l 1 3 TG
IR AR 4 AR A H AR AR 7 ik FSAD. 72 1K Bir
Bl it 51 A 82 Rol 3k, 5843 F I ZRAE A I 4y o %
B IEAEE R, R SCARUE K 454 7 2 il )
8 2 8 ST, I X6 57 T 2 5 A SRR B 2R Y 2B N 0 A .

1EiR

W B, i 7 PR GEZS 8] AT 2P i R 2 MR 26 /Y

Y- DI BUR S P RITE /RN S 51 - S i 1
i FH ECA BLHI XA A4S AF ) 47 85 38 18 52 1L, DL
TSGR L SIS 45 IR E FSAD & — Fh il 3 A 20
FSOD f# o 7 % .
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