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Few-shot Object Detection Method Based on 'Queéry Guidance and
Semantic Enhancement

XIE Binhong, SHI Yufei, ZHANG Rui, ZHANG Yingjun
(School of Computer Science and Technology, Taiyuan University of Seéiénce and Technology, Taiyuan 030024, Shanxi, China)

[ Abstract] This study proposes a Few-Shot Object Detectiony( FSOD) method based on a query-guided strategy and
semantic enhancement mechanism to address the following concerns: the lack of prototypical key information,
insufficient adaptation to query images in the metazearning paradigm, and the detector’s sensitivity to the variance
of the novel class leading to misclassification. The. Query Guidance Module (QGM) conditionally couples query-
aware information into support features by ledrning thé correlation between the query and support features, aiming
to generate specific and representative prototypes for each query image. The Visual Semantic Enhancement Module
(VSEM) distils the knowledge from tegtual semantic information that matches the novel class of visual features and
adaptively enhances these features.to improve their discriminability and mitigate variance sensitivity for better
classification. In addition, the_classification and regression tasks are decoupled, and semantic enhancement is
performed on the classification, branch to facilitate the model’ s understanding of the target semantics. The
experimental results demonstrate that, compared to the currently known state-of-the-art SMPCCNet method, the
proposed approach achieves,an average improvement of 2. 2 percentage points in novel Average Precision (nAP) on
the PASCAL VOC dataset and an average improvement of 1.0 percentage points in Average Precision (AP) on the
MS COCO dataset, validating its effectiveness.
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TeSNett?"] 44.6 46.6 48.2 58.2 61.1 26.1 3l.2 4l.6142.8 43.6 40.1 41.8 48.3 54.2 55.6

FSRW! 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

Meta R-CNNI) 19,9 25,5 35.0 45.7 515 404 194 29.6 34.8 45.4 143 18.2 27.5 41.2 48.1

FSOD!* 37.8 43.6 51.6 56.5 586w, 225 /80.6 40.7 43.1 47.6 31.0 37.9 43.7 51.3 49.8

Meta- DCNet] 33.9 37.4 43.7 51.1 5906 232 24.8 30.6 36.7 46.6 32.3 349 39.7 42.6 50.7

learning

CME™ 41,5 47.5 50.4 58.2) 60.9 27.2 30.2 4l.4 42.5 46.8 343 39.6 45.1 48.3 515

ISAM-QSAM ™) 31.1 357 3942 50.7%59.4 22.9 28.4 32.1 35.4 42.7 243 29.1 350 50.0 53.6

CAReD! 36.5 45.24047.0 50.8 58.8 26.4 31.0 37.9 43.5 51.1 20.2 33.8 41.6 483 55.3

FM-FSODMY)  47.5 50n6 '53.4° 57.2 59.9 37.9 39.8 43.6 46.7 49.8 33.4 36.3 40.5 46.8 48.9
SMPCCNet'' 454w, 5003 54.2 56.1 — 27.9 35,6 43.7 46.2 — 37.7 44.5 48.2 556 —

QGSE(Ours) 44,8541 584 59.8 61.7 31.5 38.7 454 485 521 39.8 459 49.6 558 58.4

K 2~F 4 T VOC2007 Bl £ TE 3-shot M. i d il 19 QGSE Jy B AE $2& F1 B 2 1k RE 1 [W] B
W A TR I ZE 5, WigE 3 4 R TR MR X R B A WA 1
AR R0 o3 T o0, 5 R e A I 4] A
k2 FEHEEZE VOC2007 HIFE 3-shot iZ B THFEMER (AP@O0.5) %L 1
Table 2 Comparison of novel and base classes (AP@0.5) of different models under VOC2007 dataset 3-shot setting 1 %

Novel Classes Base Classes

Type Model

bird bus cow mbike sofa mean aero bike boat bottle car cat chair table dog horse person plant sheep train tv mean

FSRWLS 26.119.1 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
Meta R-CNNLY 30,1 44.6 50.8 38.8 10.7 35.0 67.6 70.5 59.8 50.0 75.7 81.4 44.9 57.7 76.3 74.9 76.9 34.7 58.7 74.7 67.8 64.8
Novel Set 1 NP*RepMeI[C 12.9 60.5 39.9 43.1 52.2 41.7 79.8 82.5 66.9 73.8 71.6 57.6 52.9 64.1 49.6 70.7 71.8 58.7 74.2 55.0 69.5 66.6

FSODH 35.8 61.2 57.6 60.2 44.7 51.9 68.0 73.3 58.6 54.1 79.5 81.7 48.4 62.9 79.1 83.6 76.3 36.6 65.2 75.4 62.3 67.0
KFSOD 28] 39.8 61.9 59.6 58.3 45.7 53.1 78.1 73.4 60.3 58.2 79.4 81.0 52.2 61.1 83.3 74.9 80.8 41.3 76.6 71.7 70.5 69.5
Baseline 41.3 63.5 56.6 60.2 48.1 54.0 76.1 70.0 63.4 54.1 75.2 78.3 49.8 64.9 77.2 77.6 79.1 42.4 69.4 71.1 69.7 67.9

QGSE(Ours)  43.8 69.6 62.5 64.9 51.3 58.4 79.2 72.7 65.1 57.7 77.4 80.5 53.4 67.6 79.2 78.4 81.4 46.5 70.2 73.0 70.6 70.2
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*x3 AREEBZE VOC2007 HIBLE 3-shot 1% B THIFHLME L (AP@O.5) 3T LE 2
Table 3 Comparison of novel and base classes (AP@0.5) of different models under VOC2007 dataset 3-shot setting 2 %

Novel Classes

Base Classes

Type Model
aero bottle cow horse sofa mean bird bike boat bus car cat chair table dog mbike person plant sheep train tv mean
Baseline 42.6 15.1 53.9 52.2 46.7 42.1 73.2 74.3 49.9 76.6 75.4 77.1 47.2 57.4 75.3 68.7 79.5 39.5 67.8 69.2 70.1 66.8
Novel Set 2
QGSE(Ours) 45.8 18.6 56.7 56.3 49.6 45.4 75.1 76.7 51.4 78.5 77.0 79.6 49.2 59.1 77.2 71.4 81.4 41.8 68.2 70.8 71.6 68. 6

R4 AEEBTE VOC2007 HBEE 3-shot i B THIFRME L (AP@O.5)3LL 3
Table 4 Comparison of novel and base classes (AP@0.5) of different models under VOC2007 dataset 3-shot setting 3 %

Novel Classes

Base Classes

Type Model
boat cat mbike sheep sofa mean aero bird bike bottle bus cow car chair table dog horse person plant train tv mean
Baseline 38.259.1 60.4 28.6 45.1 46.3 74.3 74.6 72.2 58.6 78.7 68.6 80.9 44.1 54.3 71.8 79.6 75.8 38.5 71.5 70.9 67.6
Novel Set 3
QGSE(Ours) 41.4 62.6 63.9 32.1 47.8 49.6 75.6 76.2 74.1 60.3 81.6 71.7 81.5 47.3 57.8 74.4 81.7 .77.1°40.6 73.1 72.4 69.7

MS COCO: R4 MS COCO 404 Bk My A
52 RGN X 55 T S 48 o A G WA ER 5 R B T
51,5 SMPCCNet J7 A0 Lk, AP {E 43 Bl 7E 10-shot Fl

30-shot A7 0.5 Fl 1. 6 7 74 B9 25 B2 TH 76 5 /A%
) AP@O. 75 485 WA 2,21 0. 3 {4 S i 4Tt
RINASCHY T R T Rz AR

x5 AEEEA MS COCO &k L HERExTtE

Table 5 Comparison of the performance of different models on the, MS COCO dataset %
Type Moddd 10-shot 30-shot
AP AP@0. 5 AP@0. 75 AP AP@0. 5 AP@0. 75
TFA w/fc"] 10.0 19. 2 9.2 13. 4 24,7 13.2
Fine-tuning TFA w/cos™ 10.0 19. 9.3 13.7 24. 9 13.4
Retentive RCNNE 10.5 — — 13.8 — —
DMNet-?%] 10.0 17. 4 10. 4 17.1 29.7 17.7
TeSNet! ") 14. 1 25.1 14.0 16.5 27.7 17. 4
FSRW"% 5.6 12.3 4.6 9.1 19.0 7.6
Meta R-CNN'™ 8.7 19.1 6.6 12.4 25.3 10.8
FSOD!® 11.1 20. 4 10. 6 — — —
DCNet 24 12.8 23.4 11.2 18.6 32. 6 17.5
Meta-learning CME!* 15.1 24. 6 16. 4 16.9 28.0 17. 8
ISAM-QSAM™ 13. 4 30.6 9.1 17. 1 35. 2 14.7
CAReD™ 15.5 25. 1 14.9 18.4 30. 1 17.7
FM-FSOD 13.1 26.9 8.4 — — —
SMPCCNetH "] 16. 8 — 14.5 18.5 — 18.9
QGSE(Ours) 17.3 28. 1 16.7 20. 1 35.6 19.2

3.2 HELRIR

T I UE T B AR B A Rt 7E PASCAL
VOC a4 1 JE1T T IRl S50, 52 LR LSS IE
B A STER S5 RN EE 6 s, Hod, o/
FORIMAZAMRE L, K 6 195 8T LIE .
I BN A A A H A B T B 4 A P RE L I X E
55~ TATRIL, Y/ DAL — BRI AR R
FIE R B s UEW T AN [ ARE He xof A 50 RE R 25 R 57
ko [V OUREEER 1~55 4 7 A1 %0, 244 1) 2 —#5i

i o ARV B A N [ AR A 4R T 81, 5 S 9
B (BGSM) Y51 AR T2 0. 6 'F 43 s i3 1
RESRE T ST D 553 Ab A 1) (RGP ) — 275 g
PR 2 FUMA A 5] FALH (QGMD B, M B 42
Tl B3 P Re I £ 48 T 2. 3 4, BB L
FE AR U XoF 2 1) RS R ) 7 v Jo ok i R B A A5
ST R IERAUROCEE A5 B s Ak Mo 1 SO 5
R (VSEMD 3k T 1. 2 B 4 S0 2 g 2
ThAEB T3 SUfE AT DL SR B S AR AR



%52% % 38/2026 53 A/HENTRE 149
%6 REMRNBBRES
Table 6 Ablation experiments with different modules %
) Component Novel Set 1 Novel Set 2 Novel Set 3

BGSM QGM VSEM 1-shot 2-shot 3-shot 5-shot 10-shot 1-shot 2-shot 3-shot 5-shot 10-shot 1-shot 2-shot 3-shot 5-shot 10-shot
1 40.2 50.1 54.0 55.2 56.6 27.8 34.8 42.1 44.9 47.9 35.2 41.6 46.3 52.4 53.9
2 N 40.8 50.7 54.5 55.9 57.3 28.3 35.4 42.7 45.6 46.7 359 42.3 46.9 53.0 54.5
3 N 42.5 52.3 56.3 57.7 59.7 29.9 36.8 44.1 47.0 50.3 37.8 44.1 48.3 54.5 56.6
4 < 41.6 51.3 55.3 56.7 583 29.0 35.9 43.0 45.8 49.0 36.3 42.8 47.2 53.4 55.2
5 N N 43.2 52.8 56.9 58.2 60.3 30.2 37.5 44.6 47.3 50.6 38.6 44.6 48.5 54.9 57.0
6 N < 43.9 53.5 57.6 59.0 60.8 30.8 37.9 44.8 48.0 5.4 39.3 45.2 49.1 55.0 57.6
7 N < 42,4 52,0 56.1 57.4 589 29.5 36.6 43.4 46.4 49.9 37.1 43.6 [47.7 53.9 55.9
8 N/ N < 448 541 58.4 59.8 61.7 31.5 38.7 45.4 48.5 52.1 39.8 459 49.6 55.8 58.4

3.3 AL SH

T SN R R A ) 5 | AR (QGMD BIAL
ARSI NS Wt (Grad-CAM A +)
X SRR AT nT AL SRS UE AR 5| 5 SRR
AR B R A VEHT L 8 5 BTz CRE A 3CR WG
FAALTA)VE R HTML fit. FRD . Hb, 55 151052
SCRFIEMG. 5 2 B 2 T R E T IR R ROR L 5 3.
55 4 BN AW T BRI ROCR . AT LUE R T
AN IRV AR PSR SR T PR IR SRR 2 [ 2 1
AR SC A AR 1) 5 | SRR 5 | 5 A T SR B R R 5
P SCRFG AR SC 0 R A0 T ITAR R R K
T A 1 T A A R A SR . 55 b WL 1A e
55 A4S 5 AT T RIUA B L X A IS G 2 2 i
TR WA 2 B R ]

5 TSI SERATRL
Fig.5 Visualization of the query guidance module
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Fig.6 Visualization comparison of feature aggregation
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