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Abstract  Open-vocabulary object detection aims to enable models to recognize novel object cate-

gories that are unseen during the training process, demonstrating significant application value in
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diverse fields including autonomous driving, intelligent monitoring, and medical diagnosis. How-
ever, current state-of-the-art approaches face three critical technical challenges that significantly
limit their practical deployment: poor pseudo-label quality resulting from inherent limitations of
vision-language models, severe region deformation issues caused by naive resizing operations that
distort object geometry, and insufficient few-shot generalization capability when adapting to new
categories with limited training examples. To comprehensively address these fundamental chal-
lenges, we propose RAPID-OVD, an open-vocabulary object detection framework based on re-
gion classification enhancement and optimized pseudo-label generation process. The proposed
framework adopts a modular design architecture consisting of three core technical components
that work synergistically. First, we construct a RAPID-CLIP module based on a key-value cac-
hing mechanism. This module builds comprehensive key-value caches on few-shot training sets
and leverages sophisticated similarity retrieval and feature fusion techniques to organically com-
bine domain-specific few-shot knowledge with CLIP pre-trained knowledge. By introducing expo-
nential functions for similarity transformation and carefully designed residual connection fusion
strategies, the module significantly enhances the model’s region classification capability in few-
shot scenarios. Remarkably, it achieves performance levels comparable to 200 training epochs
with merely 20 epochs, thereby improving training efficiency by an impressive factor of 10. 2
times. Second, we design an Adaptive Padding Strategy (APS) that dynamically selects optimal
padding approaches based on the morphological characteristics of target regions. Specifically, for
targets with areas smaller than 3000 pixels and aspect ratios less than 1.4, a 1 : 1 padding ratio is
strategically applied to maintain visual integrity; for targets with larger areas and higher aspect
ratios, a 1 ¢ 1. 4 padding ratio is employed to better preserve geometric structure. This adaptive
strategy effectively addresses region proposal deformation issues while simultaneously maintai-
ning original target proportions and ensuring input size consistency required by the vision en-
coder. Third, we establish a systematic four-stage pseudo-label generation and optimization pipe-
line. Through intelligent multi-source information fusion of RPN localization scores and RAPID-
CLIP classification scores, combined with sophisticated multi-stage filtering techniques including
confidence thresholding and non-maximum suppression operations, the pipeline significantly im-
proves both the accuracy and reliability of generated pseudo-labels. Extensive experimental re-
sults demonstrate the superior performance of our approach. On the widely-used COCO-OVD
benchmark dataset, RAPID-OVD achieves 40. 5% AP, for novel category detection, surpassing
the current best-performing method OV-DQUO by 1. 3 percentage points and substantially im-
proving upon the direct baseline VL-PLM by 8. 2 percentage points, while maintaining highly
competitive performance of 56.3% AP,,. on base categories. On the more challenging LVIS-
OVD dataset with long-tail distribution, the framework achieves 26. 5% AP, for rare category de-
tection, 34.9% AP, for common categories, 38. 1% AP, for frequent categories, and an overall
performance of 34.7% AP. Comprehensive ablation studies validate the effectiveness of each
component: the adaptive padding strategy achieves a substantial 29% relative improvement in
small object detection capability, while the RAPID-CLIP module attains 73. 75% region classifi-
cation accuracy on the COCO-OVD validation set, representing approximately 9 percentage
points improvement over zero-shot CLIP baseline. These comprehensive experimental results col-
lectively demonstrate that our method provides a systematic and effective solution for open-vocab-
ulary object detection, achieving a favorable balance between detection performance and computa-

tional efficiency.
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A<—exp(—pR(1—S))/ /MBI JE 4 1k A% e
[/ B B = R A TN 5 AT
7. Popa<A * Lo/ /MR G G A7 B
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AT BOH D B A B s v B SRR S R X
BRI 25 4R 19 AL 8 8 AE A O B (keeys) , X
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WK 2 FrR . JBR T 254 40K 8 0 4 5 1 45 ch
224 X224 B ,CLIP W 4r 5 PERE 1 20 12 3 T B 5L 2
R B O ) = A S R 3

(D%ﬁ%?m@GHM34q)a%%mF
BEHT R 53 2 UBERHA , BAR FEAY 0,18, X —RIWZE
1) WL SR T A 3z ) 4% b AE JL AR A8 TR IS i ] S 3
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else

O N > Ul = W D

Mode<—Adaptive// H & W 3 7

9. scaleemin<§,h£>//% IEp



1560 37 - A /| R S i 2026 4F
10, o, ok, )< G X scaleoh X scale) /AU R 5 G I KIS I B0 R 1 D i
11. mw,AhW(Siwv ’S;h\ >//i,a:ﬁ1%§ 58 4 W HAR I 045 8, AL & T H AR A9 17 78 o A
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. (S S
scale =m1n(;,;)
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0. 67 4.13 21.9 34.18  40.5

AT

4 XWEREHH

4.1 HIE&E
AR SCAE FF R H B A 00 4503 2 TA B9 A g A v

Bl AT 7 AT S I E, >k ] COCO-OVD
I LVIS-OVD W45 fE B0l 48 . 3 9 > 20 i 4R 1
BT FERCENC B bR A DA 5T B A% G T Al S, LR
JIT AT 12 40 8 1Y) 32 3 7 3k A LA G A Sy P BB I IE Y S
HE I R T AR B B O R T A LA
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AT R I H bR K I 4538 1) A E 8 b S IR
(Average Precision, AP) % ¥4k FF iR H b A P
AREIER L. AP 4R 115 A H] ToU B{E T Y
i 26 [l 3 i 8 T AR RE 8 A A0S A N R ¢
N MR ITH LR G YR, ACEBMEHLT
JUAS K TR R

AP 0 a GBI ) B 0GB, L 1T T VF A
FEAD I hoasd B b R WL e py Rl e 0y . X R
SRR H A A I fe A% O B VR AN T8 b B4 S e TR
R Iz A e .

AP, CBEZ) R 26 501 7 0K B2 ] T PP Al 5
RUXT I R4 b AR 28 00 B R D8R . 148 s S B
T I AT HCRENC RE 7 J5 B AT )RR AT 55 T v GE
FefE ol .

AP (TR < B A 200 19 25 5 7 KRS B2 Jd ad
TIASC - 357 R Al 248 1) R0 288 O3] 1 ke DK 32 A5 3], A A
AU PP B B A 4 Jmy IE A .

g T R E AR Bz AL RE T AR SETE 2 AN
PR AR A B 5 B EATPRAL . 18 LVIS Bdln 4k
b AR AR 20 BUCR N 1203 A2 51K 4 = AT
R WA 2 (rare) L ULZE A Ccommon) FlA 22k
Bl (frequent) , fHNHLEH AP, AP, #1 AP, %3 %
PPl AR 7E A [A] 33 6 2500 B iy R I

%83 RAPID-CLIP f i A58 e i) 51 224 HT L A
S JA] B 2R 4 25 HE 1 28 (Classification Accuracy) 3
PEAL DX S 1) 73 25 PEfE . A0 2 UERR 26 O IEHf
G320 DX S AR TR i S DX B DO Y LA

o I Ay 4328 X S B
4 Y o= 0
o3 UET R < B X 100%

(16
PR bR 3 A Rl S5 R o A AS [ S5 TS SR A
A7 5 Xk o S RE B L A7 B T B A AG I 4 fE 4R

FHI I LEHLH
4.3 BEXR%

T AT VPR B O A RO AR SRR T
TR B bR ] 5 5l 5L A A R B O TR HEAT N T
SEHS MRS [ A B R L R PE RE R B, AR S E
HUTFRERLRGHITHIL

(1) VLDet"""

VLDet £ 7 — F i 21 35 19 9158 15 5 HE 420k
Fife T TR E A RS I TP) R, 32 7 K AR DX S e
fE R ik A R A B 3 X3 DG I B 1 S 4R
DX 35 -3 % B G R B B VR L . VI Det B2 M B & -
SCASXE I 2 H Ak DU 2 TC T MR & 5 1Y 2 L AR
T B A3 2 e 1] ) R AR TR R AT TR 2R

(2)BIND""

BIND 5| A T Built-in Detector f# i1 3 &, %
JH Gt Bl 25 T 45 &5 4 RV B B I R E 2, 5 — B
B3 1 AR - SCA XU G B 4 2 2T IX 38— % 5%, 5 —
BBl FH DETR XUA% B i 1 & E AT R D U 2%, 5
fES W IE RS 2% 2] J7 B AN [E), BIND 5 B T M3l 25
TR T8 5 R TR ) 0 A ) 2 1 R B T R IR IR
FET A O RTI4TN AR

(3) OADP™

OADP J2— P& T H IR 2800 i okl o7 s B
FRUE B X 3 SCAS R AE X S 2RI L P EIAT —4
BT 55 o 1 B AT 55 SR ASE AL TR R ok KR A
FE W) BT ZEANTRNL, DA OK 1IE WA RRAF 2= > i 72, A
R G2 fifk 1 2 A A DN s A 2 20 7 A IR X e il 248 5
TR 1) M 1 35 A 0] B

(4H))CAKE™

CAKE #& 7 2859 8 A R 2 BUHE 28, 40 % 2%
B B IR ZE 48 40 3 (CSKD) #1286 51172 1k X 3 412 32
M 4% (CG-RPN) , CSKD i i X 42 2% 1 3 25 4 WL
ZENR P R ) B A2 R AR 4E L CG-RPN A 1 Z R 1F 4
F& TR A B 22 St 2 B A . CAKE fE
Shy BIVA B R HE SR, T G 25 2 04T 7 ik AE B 2S5
F1R) S 44 B

(5)BARON™"

BARON Sz TR 7% 18 28 I J im0 4G I 1 o5 i
28 B SOM G Y IX 8843 2H O £, (bag) il o 405
B I SO S i 25 8 AL 1R A ) RO
I bR SCE B s R AL 4 R AR X 5 AR R
U5 2 A A U 2 2 2D W T Z IR S T O ) P A

(6)L.BP™""

LBP(Language-guided Box Propagation) J& —



7 K BLAE:RAPID-OVD. T X 543 28 5 Oh 45 45 2E iU AR 0 1k 0 T i) JE B A A 0 AE 42 1563

o2 W B A RN AS I 7 . B B R R
A, N BEARTEREA (exemplars) H &, ¥ i1 5L
MEAR T B S A6 55 BBl £ b KRR EER . %
53 308 o ML R SCAS 1R AR B R AR K R B
A i O PR 2 L B R AR TN TR T AR

(7HCORAM

CORA J& 3 F 43 2 25 14 FF B I A ) 7 i, R
JH DAB-DETR fill €3 2845 . 07 R 45 e 16 5
T35 Y 24 B 2% 2 B4, (W) B 0 P 25 it 28 0 A 25 X Res-
Net-50 P 2% i 47 B e A SE A7 500, DL 3 R T
WORNCAS AT 45 . CORA 3l 1t 25 0w 250 1 1 8 o
W AETF AR IRZ RGO F SE 8 T R e i
o M BE

(8)SIA-OVD™"

SIA-OVD 5| AJE MR A A2 35 BL 4% (Shape-Invari-
ant Adaptor) 25K A 4 Jay B E A Jsy 38 X 38 2 8] ) &
INZEME . R R TR B IS BC AR A U R T
P T8 5 R R A R 5 4 AE 0 B0 5 B BE 1. STA-
OVD 7€ 4b BN [ R IR AR BE 9 H b B 28 B 38 4
)

(9)SHiNe!'™

SHiNe J&—Fh Jo 75 Y1l 2k 19 FF 5 i8] 10 B A5 A6
B8 5 3 SRR AE D A% R AR ST 43 SR e B T T
SR ZR M TERE . 1% T DL JC AR B R BT T A
F18) SFF S TG 0 #28 v 3 A 2l A IR DX SRR AE AE R
A7 (] A B AR A5 R HE AT 20 00
PR TR A A BN ()RR TR B ) A
TR B2

(10)OV-DQUO™

OV-DQUO $2 i 7 — i & T 2 M SCA A 38 |
SRANFF R R R0 G W 1 JF iR DETR AE
ARk fift o A R 2 [P) R . 32 3 o T A DT
SREM RG22 T R 0 6 B 50 T SCSCAR R A
(R TC R G 2R 8 i 5 il 24 31 053 268 J31) 18] 1) 85 A5 B i
25 5 0% A 22 M SO A I 2, TR CHE LR o 25
BT 5015 S A -HE XS AT X e o) R 2R G
TS X AT RE 75 51 B SR DX I A 1) e B AR e, 45
B KB SCA AR E 55 8 A BE 4 55052 B F A 1 12 3
P, OV-DQUO H ik T OA ik Z 00 &
15 P85 Ml 2 MR AR [ J8L, 8 FF 5 1) Y G 00 366 o b B A%
FEREIR T

(1) VL-PLM"*

VL-PLM J& th b 28 FF i) 0 K i i 7 41 4 T
VB AR A SO W ) A BR . %y Pl i | T o8

B ) PR 2 A LT 7K e B R B 1 S R S R DL
b Y 28 00 A B e B A L ARE PR AR 4. VL-PLM
SR 2R 56 56 1 DX 4R 0 A AR 2% A CLIP 55 A1, i
it Rol FRAE 48 BRI 432 3k 3 FH B0 R Ble it i FAE 42
W,

(12)SAS-Det""

SAS-Det il i 5] A 18 A 5 L (Semantic-
Aware Sparsification) 15 5 % f £k T ) T A P 9
FE . ZABLHLRE S E X R B 45 2 5 L A 80
K S AT SR TC W) i AR B2 Z 1 B ik
HE A5 S oy R T I T R s R h e A
AT RE A H bR A D8k, AT T TR A SR S
k.

(13)MarvelOVD"*

MarvelOVD #2 i T — F 2 ¥ £/ 7 L 28
(multi-view vocabulary distillation) ) 3R g, B A
A FH B — 1 28 1) 44 R A O i B AR S 3 i RO
HE BB RIAER TEE B LR LT X
EAE BB E ORI (BP0 A 70D . XF R
FLAE BB B (5 5 AR A5 0 8 B T 27 26 A I 28 X 1
B A B i Rz AR RE T
4.4 ZWHER

H T AMEIE RAPID-OVD KEZR (4 5 bE , 4
AE COCO-OVD Fil LVIS-OVD %8 45 F k4T 1T
TEANA SC I PG . 55 56 3 B0 M T 0 IR A I e
TH il S5 96 73 B A [6) RO F 4 4 19 6 0 2 i 43 B ]
TR AR 55 5 43 T DU AN T R T, LA 4 T A R 4 R O Tk
TERF 4R B PERE R AL .

40401 FF TR AG I RE X L

F3MFE 4 0 HERT RAPID-OVD 5%
PEHRELR Jr 78 COCO-OVD Ml LVIS-OVD # 4 4
B T R AG I P RE X HE . SRER 2 SRR L AR
P2 11 89 RAPID-OVD HE 42 78 i 28 il 46 W 5 1w B A5
TR ENTERER T .

M 3 T LIA t, RAPID-OVD 7 3 2 5 46 I
(AP,.) FIEE] T 40, 5% BF 208 B M HL T B f
FEL LA IS T W E R, ML T HHEEL V-
PLM.RAPID-OVD #£F+ T 8.2 4~ H 4 5 (M 32. 3%
FETHZ 40. 5000 s M e T4 T PERE SR AL ) OV-DQUO
J5 RAPID-OVD #£ 7 T 1.3 A~ EH 43 (K 39.2%
PTFE 40.5%) .,

EW B Pk PE R LVIS-OVD % % |- RAP-
ID-OVD gkz; e 3 i 5 iz Ak fg g1, & 4 By
7~ >RAPID-OVD TR A 2L (AP ORI ik 5] T
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R 3 7 COCO-OVD ##E & £ 557 ¥ (SOTA) AR L&

Irik 7 21 o AR APOGZIL)

A HAA LA
VLDet""] ICLR 23 Faster R-CNN WS-OVD 32 50. 6 45.8
BINDM! CVPR 24 Built-in Detector WS-OVD 36.3 54.7 50. 2
OADPM?] CVPR 23 Faster R-CNN G-OVD 35.6 55.8 50.5
CAKEM* AAAI 25 Faster R-CNN G-OVD 39.1 58.1 53. 1
BARONH! CVPR 23 Faster R-CNN KD-OVD 35.8 58. 2 52.3
LBpH? CVPR 24 Faster R-CNN KD-OVD 37.8 58.7 53.2
CORAM® CVPR 23 DAB-DETR C-OVD 35.1 35.5 35. 4
SIA-OVDH™ MM 24 DAB-DETR C-OVD 35.5 40. 3 39.3
SHiNe **] CVPR 24 CenterNet2 C-OVD 24.3 54.4 44.9

OV-DQUOM AAAI 25 DINO C-OVD 39.2 — —
VL-PLM ECCV 22 Mask R-CNN PL-OVD 32.3 54.0 48. 3
SAS-Det'" CVPR 24 Faster R-CNN PL-OVD 37.4 58.5 53.0
Marvel OVD"?*) ECCV 24 Faster R-CNN PL-OVD 38.9 56. 4 51.8
RAPID-OVD(A S5 %) — Mask R-CNN PL-OVD 40.5 56.3 52.2

ARG LR DB SE , TR OISR T (O VD) 5 6 T3 20 Bt BRI . RAPID-OVDAR 3L ) 78 AP5S0 8 Ml ik B 7 fe i pE B
40.5% ,0V-DQUO J ik Bl A RE 39. 2% .

&4 FELVISOVD b5 SOTA 75 iAKILE 8 A3 25 G B T 40 ARG I A BE X B R Dl A 25 B A1 HT .
ik T[4 AP A AP H APH APA RAPID-OVD & 17 482650 g 11 42650 1
VLDet!" RN50 21.7 29. 8 34.3 30. 1

LT YERESE TR AR 6 2 L BUERE R B, B
PRI 7 AR A I IS T 1.6 A 2k

BARONM" RN50 23.2 29.3 32.5 29.
OADPH ViT-B/32  21.9 28. 4 32.0 28.

wl

Y

MarvelOVD'?  RN50 26.0 34.2 36. 9 34. 2 B T) .
RAPID-OVD ~ T A P A P N ”
kg, | RNSO 265 sho 81 507 2 4 Dy B 2 0 5 B 14 01 DG IB6 43T

H . RAPID OVD (A S Jr ) 76 AP, Wit bk sl T e pege 17 S B RBLITG g DU g B 0c
26. 5% s MarvelOVD J7 12 3% B U HEVE fE 26% . CLBEAEBIp [R] 250 - Oh b 28 %5 & 384 HL 4 fig 42
26. 5% [HERE , M L YR A 07 1 MarvelOVD (1 26. 0% Ft ., Snowboard (+ 97707 M HFRZ ., +6.78%) .
BIFT 0.5 AT AL RIBE 72 WA (AP ) f1 - Skateboard(+91233 4>, +4. 18 %) % 5 4241,

WG (AP, ) Bk 8 T 34. 9% F1 38. 1%, %% (2) Jo i A T 80« Oh b 2 850 v 20 (3 1 B 42
T T BRIk Ft, W Knife(—373163 MMAFr%E, +5. 97%) .Couch

5 Mt — B ER T ARSI 5 Yt bR & E (—16353 4, +6.72%) 5% 6 25, 5 JE Knife
AR MarvelOVD 7 COCO-OVD KiF£E | 17 2RI B R R IR B T R Dl b 45 T 0 ) A A .
£S5 HBEIFEHEIE COCO-OVD WiF£E FRI# N HERE (APSO A ) RIWIREHE N
6 fiE CAP50 4 )

ik Airplane Bus Cat Dog Cow Elephant Umbrella Tie Snowboard
MarvelOVD!? 68. 66 75.16 63. 37 72.19 54. 45 78.51 23. 81 18. 03 8. 65
RAPID-OVD(A )7 ) 69. 31 75. 46 51. 83 71. 26 46. 33 77.56 21. 74 20. 65 15. 43
A MEREAR fb +0. 65 40.30  —11.54  —0.93 —8.12 —0.95 —2.07  +2.62 +6.78
Tk Skateboard Cup Knife Cake Couch Keyboard Sink Scissors
Marvel OVD" 18. 35 32. 17 0. 96 31. 15 38. 00 46. 28 12. 04 25. 80
RAPID-OVD(A L7 #) 22.53 27.53 6.93 34. 36 44,72 47.16 18. 65 33. 82
A PEREAE L +4.18 —4. 64 +5.97 +3.21 +6.72 +0. 88 +6.61 +8.02
Fhbn 2 H it
ek Airplane Bus Cat Dog Cow Elephant ~ Umbrella Tie Snowboard
Marvel VD! 36213 51768 31613 28420 51776 45305 47827 90675 92395
RAPID-OVD(A SCH ) 30443 37401 60577 38054 20534 30832 95138 111869 190102
A B ARk —5770 —14367  +28944 49634 —31242 —14473 447311 421194 497707
7k Skateboard Cup Knife Cake Couch Keyboard Sink Scissors
Marvel OVD!2 90472 73946 396710 83772 41081 40940 39130 20929
RAPID-OVD (A 35 9) 181705 40002 23547 43420 24728 35304 39918 44598

A B AR 1k 491233 —33944 —373163 —40352  —16353 —5636 4788 423669




7 K BLAE:RAPID-OVD. T X 54328 5 O 45 45 2E iU AR A0 1k 0 T S is) 1 B A A 0 AE 42 1565

(3) P % ot i 5 0= 1Y F J& : Cat, Dog, Um-
brella &5 3 >8I f R O b 4 %5t 38 o, (814 g
TR Lh Cat 2000 B, P 5 28 N 31613 A>3 Jin )
60577 A~ (+ 28944 1) (HYERE TR 11.54% , % W
B4l IO AR 2 B0 T R RE PR IEPE BE 4R T .

(4) 13 P2 0 % T B FEAR A 2 : Elephant , Cow
Cup 5 3 250 Oh AR B0t i /> B RE R R, a0
Cow Fll Cup Z& 51 B9 th #2543 53l 9 /> 31242 A4~ Al
33944 A4, PEBRE A N T R 8. 12% Al 4.64% ., £ W
RAPID-OVD # £ [ B i 15 5 B X 52 2628 51 7T fig 2o
T

X T 8B 48 26 51 (i Cat,Cow ., Umbrella 25) 1) 7
AT R, FRATTIA X 3 BE T Y W0 R A RS
— I 5 AR (T, =3000,T,=1.4) , REEF
5375 AN TR 28 500 1 0 60 KR M 22 5 5 30 RAPID-
CLIP 7E X3 43 S i i) i M 1 I8 o 3 1717 52 e 5 A
I RE o
4.4.2  JHARSEE BT

N TR A B RAPID-OVD HE 28 b £ A 41 {4
(TR A SCHEAT T RN T Bl SE 50 o b . EE S
MrALFE SR X CLIP 43 28 M RE 1 1 3 LA ] 38 78 3R
W XoF 3 245 THE T 23 114 552 W RT3 RS 70 6 A DU 2 i
Phbr 2 5 i 1 S

(D RFEXT CLIP 4 287 it A4 38 55

COCO-OVD % di g b — ik &l ml Be A 2 4%
IO AR 28 R T 50 E AR R 3 %o TR 2 o i 4 1
PERE LTI, Se e BEBR T8 SO % b AT T 3 5 Ab 3L, £l
BTG B — 3K R G R — AR 2, IR 4 IR bR
BN HEATIH S, TERFRPR UL MG L T . B A K
INBRINIEE O 16, & 6 JB/R T il 4£ COCO-OVD
0 UEHE L 114 DY T3 A 5

& 6 COCO-OVD IiF & F RAPID-CLIP &Y B R s 38 (%)

R 1) T RlATE 5T
BRZELW « 0.0 0.5 1.0 2.0 3.0 4.0
65. 17 66.30 65.31 64.35 64.67 63.21
BLEEL B 0.5 1.5 2.5 3.5 4.5 55
66. 23 66.13 66.30 66.25 65.39 65.18
ZfF RN 0 1 2 4 8 16

65.17 65.65 66.17 66.8 67.40 66.3
BLMEAF SGAAKRDPRE 16 32 64 128
N fine-tuning  66.3 66.97 68.05 68.13
Zero shot 65.17

FR 25 LU o 42 T RS 22 A7 A58 28 v Rl 98 B A 0 5
W ZRR) CLIP MZS A TR . BERHY o R7s il
T 2ok H D HEAR A 2] I R B 1 R T A

HABAER . A SCK o A0 284 E] 4.0, 0 S5 8
WHEHN 2.5, X a R0 B, BRI AR (D FEAR
2 RS LT SRR TR AR 2] CLIP,

BUEE L B2 B KT, HA TE itk A %S [R] o 5530
T2 P15 S5 AL A I 5 A5 A X 00 00 1 352 i 458 K, ] =2
IRR., FEZR 6 S 3T .a N 0.5 B, WL E B
AR BA B BR A2, B IAE R 2.5 B Ik 3] i A
PERE.

GAF RN AR SCHRIE T B AT /N X B8 1 BE 1Y
SR, EZA € 16-shot Y R4 YRS B0 L 3F oK faf B
WA AR A 16 DEEA M E M H T R/
F 0 5 16 Z AR, LAK/IN R 8 Byt Rl
AR SO BRI 16 ADFEABEALIRI 430 8 A~ 3454, 58
PR 2 A FEARRIE S B E R 8 A R
RN . % 08 B X Bl Bl LRI 4 7T R 5% ma ok fE SR
BOASCGHEAT T 5 WERIFMRE T FHES., &6
TR 25 S B, SR AF (R AS B B 2, 5K B 1 o
Sy =N

(2) F 3 N 3 70 5 W S BURIURR A 43 7

[ 35 N 3L TE R W 1 A 80 AR T P A G i
EHSEW AL E . mHEEE T, HTFX4/hME
FrEFEMRER, KTEWEME T, HFX Mm% H
SR H R, R GG S B R AR R
AE 19 5% W I 305 UF 2 5000 15 804 4 30 M FRATT B
Je e COCO-OVD #ds 4 bt A7 2 0m n) 2 5 R
Iy B BEJS 7E LVISSOVD B 6 4 F R E S B m ez
fb i

£ COCO-OVD %idls £ I, AT i =41 50 5%
REVESHOE BN R, A58, 3R
PR¥E T, =1. 4 AR AR T, B X R 1 58
MUSEm , SEERZE AN 7 FT/R, T, = 3000 B AP ..
B F) 40. 5% W (H M BE L M RE AR fb 2 BB W A9 8] U
AU 2k .

R7T EHRBRBET, MEUEENZEEET, =1.4)

T, AP, AP,,.. AP,
2000 39.9 55.9 51.7
2500 40. 2 56.1 51.9
3000 40.5 56.3 52.2
3500 40.0 56.0 51.8
4000 39.7 55.6 51.4

55 A RATSE T, = 3000 A48, M3
AT T8 B T, 46 004 B A S e, S 00 45 51
g 8 PR, [RIRE S B I ) VE RE IR (B AR 0E L T, =
L4 B AP . i85 40. 5% i tERE .



1566 £7 - v/ A S 14 2026 4
8 KEWHET, NN ZI(EE T, =3000) & 11 COCO-OVD 5 LVIS-OVD #iR&EEARR K E L HE

T, AP, A AP, AP, T, THHEHIRS TxTEE

1.2 38. 4 53. 4 19.5 COCO-OVD LVIS-OVD

L 40,7 s - M ERRE HBICO  BEEREE B0

L 0.5 s6.3 5.2 1.2 172399 19.2 361721 23.9

- w0 s o s 1.3 242008 27.0 192467 32.5
1.4 306461 34.2 605310 40. 0

L6 39.0 55.4 51.1 1.5 361766 40.3 701270 46.3
1.6 411879 45.9 783972 51.8

it — 2 K E S B AL A B PR R RN L B 4K
S e T AR R i SR G AT 25 A PR RE
WL EERMER 9 R, RINAE®EET T, M T,
IS /NME H A (2000, 1. 2) L 8 K (H 4 A (4000,
LOULRGHAHAG, U2HITAMA SR EN
B, LREREN. MERESHENALY
SECMEREM W R L BE T (T, =3000,T,=1.4)
) J AR M

Fz9 COCO-OVD #iIF&E FHSHAS RS

T, T, AP, 4 AP, AP,,
3000 1.4 40.5 56.3 52.2
2000 1.2 37.8 53.0 18.7
2000 1.6 38. 4 55.0 50.7
3000 1.2 38. 4 53.4 49.5
3000 1.6 39.0 55.4 51.1
4000 1.2 37.6 52.7 48. 5
4000 1.6 38.2 54.7 50. 4

BEXT 1R S 800 0 B B A N ), 3
filfE LVIS-OVD %48 % #4772 f 1t =ik,
LVIS-OVD HA 5K/ 28 5 B (1203 28) T i
AR AT AR A8 BT ™ A 1 2 807 Ak
WBE . 8GR R BN B E AR S A i B (3R 10
MFE 1D FRATEA T A BIRERN 27, &
BB E T .COCO-OVD 5 LVIS-OVD /)
H 5 Fe 9 43 5 48. 4% F1 69. 6 % , HL%& B % H 1] 43
Bk 34. 2% 1 40. 0% . AU 42 7E H bR LA 4
i b 2 2 Sl R PR A 2 B0z AL RE T A L
It 2 o

%&£ 10 COCO-OVD 5 LVISOVD #iIEEEA R EEBME T,

THBRSHxTE
COCO-OVD LVIS-OVD
ANHBRECE IO NEBREE O
2000 375448 41.9 960752 63.4
2500 408260 45.5 1013320 66.9
3000 434473 48.4 1054090 69. 6
3500 456962 51.0 1086828 71.7
4000 476131 53.1 1114364 73.6

FAT#E LVIS-OVD Eillif 75 COCO-OVD
RS A A SR mE 12 frn, LREERE
Bl,(T,=3000,T, =1.4) 7 LVIS-OVD I [f] k¢ ik
P TERE AP, 353 26. 5%,

F 12 LVISOVD #iIE&E FMSHASHEREITL

T, T, AP, A AP, AP, AP
3000 1.4 26.5 34.9 38. 1 34.7
2000 1.2 24.8 32.7 35.7 32.5
2000 1.6 25.3 33.5 36.6 33.3
3000 1.2 25.1 33.1 36. 1 33.0
3000 1.6 25.6 33.8 36.9 33.6
4000 1.2 24. 6 32.4 35.4 32.2
4000 1.6 25.0 33.0 36.0 32.8

PSR S S0 UE S SR AR SCIR I S RO B
(T,=3000,T,=1.4) ~MLFE COCO-OVD I ik |
AL PERE 78 B bR 40 i FRAE 3 AR A LVIS-OVD
RO S L B E T S B B R A 5 P R
ZALE

(3) AN [) 56 % %ot 43 28 o i 536 149 52 i) 43+ A

AN i RN LR R ST T AN [ S wg X CLIP
B3 S WE F 5E . Ry 4 T PPAS AR [ 7 30 A
TR R 5 ), AR SCR T T = 4L FL S 4 BTy
AT HG HE T SR RT3 TR B0 = AN 4 R AT A AT
Pl 3 JE 7R T A [F] JE 78 5 W XoF 4 28 ME B 3R (9 5 10

T AE B S T SR N AR SC R ) RAPID-
CLIP J5ik 53A W JUR o kA7 3 1. il 3 ()
Ji/R s RAPID-CLIP 7E4 M HEAR & T ¥ B EN T H
7. #E A ADFEA /T RAPID-CLIP ik
BT 73,75 WM HERRR , L ILZ Ik Tip-Adapter /&
2y 6 A or a8, (EA R Y B0 AR AR RE A
(2 DREA /25 B 1% W F . RAPID-CLIP 3 3¢ ¥ i
o ER R A F) 73.52% ., BEEFEAR BB NE 16
A/ & Tk e 22 BB SR W i RAPID-CLIP f&
F5 450 S Mo A

LT SR W N L S22 Oy T 50 E L TR R A A AL
PR AR SOR L T P S 7 SR W . S N S A
FE(10px) [ & H B (1 ¢ 1) [ 8 il (1 s 1. 4) il



7 & BiAF . RAPID-OVD. 5&F X 4335 5 Oh br 8 Az ml i A8 10 4k 16 F 30 3m) Y A A 0 AE 2 1567

Tl . W 3(b) PR, A B SR ) B E T
TCILFE I UESE T TR AR X 4R T A S e Y
BIME L IE BT OR W AR T R AR R A R
FE R BRAE 4 ADREAR /ST A B0 73, 75% . A
FEWHI(1 s DRBIRZ, 5 HIE NI,
TG TE R W B YK 5 HE B SR AL 66. 67 Y0, X #E B
R 25 b 3 3R BY X R 2 T BO™ E A EHR AR TR, AT
S0 CLIP R BIEE T .

JUFE B (0 6] LU S50« AR SCHE— 25 R 5 TR [ 3

FEBAXT A AR R A, 3o iR, A
WaEg e, REH R MR, ES DA KM
TR ALRFR S s AR IR Z  EAHE
A ADFEAS /) 3R I 2 T L (E B A R AS B B, MR
225 B . R I B e e I R A, T3 2
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Background
Open-Vocabulary Object Detection (OVD) represents
fundamental paradigm shift in computer vision, addressing
the critical limitation of traditional closed-vocabulary detec-
tion systems that can only recognize predefined object catego-
ries. This research domain belongs to the intersection of
computer vision, natural language processing, and multimo-
dal learning, specifically focusing on leveraging large-scale
vision-language models to enable detection of arbitrary object
categories described through natural language instructions.

The international research landscape has evolved signifi-
cantly since the introduction of CLIP (Contrastive LLanguage-
Image Pre-training), which demonstrated remarkable zero-
shot recognition capabilities through large-scale image-text
contrastive learning on 400 million image-text pairs. Current
state-of-the-art approaches can be systematically categorized
into four main technical paradigms. Knowledge distillation
methods, exemplified by ViLLD (27. 6% AP,,..) » transfer se-
mantic knowledge from large vision-language models to light-
weight detectors through specialized distillation losses. Pseu-
do-labeling approaches, including VL-PLM (32.3% AP,....)
and the recent MarvelOVD (38. 9% AP,,..) s generate train-
ing labels for novel categories using vision-language models
with sophisticated quality control mechanisms. Region-aware
training methods like GLIP unify detection and grounding
tasks through region-text matching objectives. Transfer
learning approaches such as F-VLM directly utilize frozen vi-
sion-language models as feature extractors while training only
detection-specific components.

However, existing methodologies face persistent techni-
cal challenges that limit their practical deployment. First,
pseudo-label quality remains suboptimal due to inherent limi-
tations of vision-language models in handling complex spatial
reasoning and the semantic gap between global image under-
standing and local object detection requirements. Current ap-
proaches typically achieve pseudo-label quality with Novel
AP scores in the 20%—25%

room for improvement. Second, region proposal deformation

range, indicating substantial
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significantly impacts feature representation quality when ir-
regularly shaped target regions are naively resized to fixed di-
mensions (typically 224 X 224 pixels for CLIP), particularly
affecting elongated objects, small targets, and objects with
complex geometric structures. Third, existing approaches
exhibit limited generalization capability in few-shot scenari-
os, struggling to adapt effectively to real-world deployment
conditions where only minimal annotation is available for new
categories.

Recent international advances have achieved notable
milestones in addressing these challenges. MarvelOVD intro-
duced multi-view vocabulary distillation, generating rich tex-
tual descriptions through large language models to enhance
OV-DQUO achieved 39.2% AP,...

through improved discrimination and uncertainty estimation

supervision signals.

mechanisms. SAS-Det incorporated semantic-aware sparsifi-
cation to filter irrelevant background proposals, while LBP
reached 37. 8% AP,,. through learnable background prompts.
However, these advances primarily focus on individual tech-
nical components rather than systematic optimization of the
entire pseudo-label generation pipeline.

Our research advances the field by achieving 40.5%
AP, .. on COCO-OVD, establishing a new state-of-the-art
performance benchmark that surpasses existing methods
through comprehensive system-level optimization. We intro-
duce a unified framework that simultaneously addresses all
three core challenges: key-value cache-based CLIP fine-tun-
ing for enhanced few-shot learning, adaptive padding strate-
gies for geometric distortion mitigation, and multi-stage fil-
tering for pseudo-label quality enhancement. Beyond per-
formance improvements, our approach demonstrates practi-
cal viability by maintaining competitive base category per-
formance (56.3% AP, ) and showing consistent gains
across diverse object categories, {rom traditional large ob-
jects to challenging small and elongated targets, thereby ad-
vancing the practical deployment prospects of open-vocabula-

ry detection systems in real-world applications.





