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Survey of open vocabulary object detection methods

NIE Xiushan, ZHAO Runhu, NING Yang *, LIU Xinfeng
(School of Computer Science and Technology, Shandong Jianzhu University, Jinan 250101, Shandong, China)

Abstract: Object detection methods required training for specific scenes, with objects to be detected manually annotated. The object
detector could only recognize the objects that were labeled. As the application scenarios of object detection gradually increased,
object detectors trained for specific scenes failed to meet the needs of diverse scenarios. The generalization capability of object
detection methods became a hot topic among researchers. In different scenarios, the same object was given inconsistent labels, and
significant differences were noted in the features of various objects, causing the object detectors trained in those specific scenes to
fail in generalizing to other scenes. Addressing the aforementioned challenges, researchers introduced an open-vocabulary object
detection approach. This method utilized extensive image-lexicon knowledge to extend the object detection task from specific to open
scenes. Detectors were typically extended to open scenes in two ways: one was through the use of large-scale image-caption data,
and the other was via pre-trained visual-language models. The image-caption data method typically required extracting vocabulary
knowledge corresponding to objects from a large amount of data and injecting it into the detector. The visual-language model method
directly utilized pre-trained knowledge to extend the detector. Open-vocabulary object detection models were able to be applied to
different scenes without retraining, which made them more practical and effective.
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Fig.1 Comparison between open-set/open-world, zero-shot, few-shot and open vocabulary
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4.1 HEESIFMHIER

OVD J5 ¥ £ % %4 COCO LVIS F1 V3Det" "
B . V3Det s fi i £ Y R HLRSE s 4
AN T 13 000 4, JEH &S T OT
BRNCAG I, BT 3 A AR S, — LA TR
S UFAS Y B LR A2 AL RE 7 I 2 B4 0 At £
P 4L 47 W00, ] 40 Pascal VOC™ %% 4 4 Fil
Objects365 ™ Kt f T B4 KU 48 44 BRI 4%
RIKEHI, RARic W R ERAES S
YNk, B 28 LR HAE BN, 3 A% B0s 45 1
OVD % & i« 2 fiw,

2 IR G B R

Table 2 Common datasets for open vocabulary object detection A A
o e YILhsE Unaflie S
Ao B Elgfae AR EEE KE3ie B 6 TESSOE T8
COCO 48 17 107 761 665 387 4 836 28 538 4 614
LVIS 866 337 100 170 1 264 884 19 809 243 507 1200
V3Det 6 709 6 495 132 437 836 203 29 821 136 479 83 950

COCO %tdfs #E H 41, & 80 N, Horb 48 AME
RFEE T AMERBE . XFAE COCO $idli 51
OVD X # ,COCO M PFEALFEAR NIUAE A, , H A,
TR A A FREE A,

LVIS a2 0 KB H Akl AF 55 5 10, 2
A 1203 25, Hd 866 4~ frequent 25l common
FAENFEZE M 377 A rare FEF Y H2E, LVIS vl Y
OVD P TRIRAHERS A, . Hr A, TR A,

V3Det FiH 4 S — A~ P K A A0 B 4G T 5 4
£35 13 204 D51 243%10° DNEG AT 753%10°
AHEFE RS, ZETF RO B E |, V3Det i 46 1FAh 15
b COCO BEEAMIFA,

4.2  FFEUERNCHN A iR REXT B
OVD T #4561 B ARG M 7 2 i 6 1, 16k

REXTEUET, 8 S W X E S MBI R LW
KERE AR X L B ok B E S AT
w3,
4.2.1 fECOCO ¥¥fatk iyl

£ COCO #u#a4E LI AT I il 15 B vPAd 45
Frar Bl & R B AOAE A, FFCRNE 2o
A, HA A, ST 45 RIEAGHEA KK,
Nk 3 prsn, 7E LT ResNet 5+ M A9 472, LBP
BRI EWAS T emifH, Ay =37.8, X U6
LBP 2 7E T S d2 4B 2 i B W A 8, Z R0
PIITIE BT T S 2 TP A Y R A B, ]
BN T S e B BT 2 HE— 25 BRI AT ) [ A,
HE— 25 ISR 1 ResNet B TR0, 7E VI 2k b 5| A%
SMECHE, CORA J7 i BUAR T e i H, A, = 43. 1,
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fl,A,=41.3, DST-Det /3 3LA A5 LBP 2%
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Table 3 Detection performance on the COCO dataset

BT Ty /R ARG ARY o MR SR Ap, Ap, Apyy
PB-OVD'*#! CLIP ViT-B/32  Mask R-CNN COCO Cap VG.SBU 30.8  46.1 42.1
RN50 CoDet!* CLIP CenterNet2 COCO Cap 30.6 523 46.6
CORA™’ CLIP DAB-DETR @ 351 355 35.4
Region CLIP™  CLIP RN50 Faster R-CNN CC3M 314 571 50.4
OADP!*! CLIP Faster R-CNN COCO Cap 30.0 533 47.2
RN50-C4
OV-DETR™" CLIP Def-DETR @ 294 61.0 52.7
Detic'* CLIP CenterNet2 COCO Cap 27.8  47.1 45.0
ViLD CLIP ViT-B/32  Mask R-CNN 0] 27.6  59.5 51.3
LocOv!* CLIP Faster R-CNN COCO Cap 28.6 513 45.7
VLDet"?"! CLIP Faster R-CNN COCO Cap 320  50.6 45.8
VL-PLM'* CLIP Mask R-CNN COCO Cap 34.4 60.2 53.5
RN50-FPN  HierKD ! CLIP ATSS COCO Cap 203 513 43.2
BARON'* CLIP Faster R-CNN %) 340  60.4 53.5
LBp* CLIP Faster R-CNN 19 378 587 53.2
F-VLM"" CLIP RN50 Mask R-CNN 19 28.0 — 39.6
PromptDet ™ CLIP Mask R-CNN LAION 26.6 — 50.6
Region CLIP™*!  CLIP RN50x4 Faster R-CNN CC3M 393  61.6 55.7
RS0 CORA™’ CLIP RN50x4 DAB-DETR COCO Cap 431 609 56.2
DST-Det"* CLIPSelf Mask R-CNN 0] 41.3 — —
RO-ViT"* CLIP Mask R-CNN o 30.2 — 41.5
ViT-B/16 CLIPSelf* CLIP Mask R-CNN @ 376 54.9 50.4
DITO"® DITO Pretrain Faster R-CNN [} 38.6 — 48.5
Prompt-OVD"**  CLIP ViT-L/14  Def-DETR @ 30.6  63.5 54.9

T BRARBCTF AT R IR AR REIR AR ; @ TR A T AN — R BT W (L,

4.2.2 1 LVIS $EsE by

TE LVIS Bi 4 bl A, 7R 7 246 I 2%
BIMRES . Wk 4 B, 768 FR 1 ResNet-50 &
T-WEF, LBP J7 i MAR L T HoAth 5 vk, JRUAS T e ey
{H,A, =24.1, LBP 7EWI 5885 AL T 454 1
Ty, R VAU B 7 2 A R . S SR Y
ResNet ‘i T W B, DST-Det 5 1 BUAS T % & 1,
A, =34.5, DST-Det fEYIIZRid FE Hf AN T5 22 5] A&ish
45, DST-Det Fl LBP 7 Jit - #f5 J2& MKl H 1)
SO Z AR S A5 S, X Ul MR T S e
RIS, V207 T 20 T 3K A S ()&, ey
M SRR BRI M EEL, EHLT VIT
i, WA ViT-B/16 1/ k& T, DITO HUig
TEmE A, =32.5, TERMEIG B X L T — 8

FrEAEE R T R R, o DITO J7 i ffi H
T VIiT-L/16 fE N & T M, 51 A% 284 4
DataComp-1B #1711k, BUfS T e =i {H, A, =40.4,
TG A T %
4.2.3 1 V3Det H¥EdE L AYEH

V3Det $UHE 4 V3Det S i il £ H 9 1 R R AR
AR, A S 2L T 13 000 4, FEAZKGE T
6 000 >, 7E V3Det £tdi4E il A0 K R
B RAE XA BG4 LTI 2k, % g A %
FAE . AN S o, B BUE X L, DST-Det J5
REZBUE 4 L WUS T St 0 &5 R 1 A U
ResNet-50 ‘B TRl %k, Ay, = 7.2, & #0058 19 &
+ M 2 J5 DST-Det £ I ¥ GE 15 2 B & 4 5, A,, =
13.5,
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Table 4 Detection performance on the LVIS dataset
BT Ty /R SCAHLRY o D24 MRS Ap Ape Ap Apai
VLDet""! CLIP CenterNet2 CC3M 21.7 29.8 343 30.1
RN50 CoDet"*”! CLIP CenterNet2 CC3M 234 300 346 307
CORA"™ CLIP DAB-DETR (o} 22.2 — — —
MEDet"* CLIP Faster R-CNN CC3M .CC 22.4 — — 34.4
Region CLIP'*")  CLIP RN50 Faster R-CNN CC3M 171 274 340 282
RNS0-C4 - 5 Appis CLIP Faster R-CNN %) 219 284 320 287
OV-DETR™" CLIP Def-DETR 9] 174 250 325 266
ViLD" CLIP ViT-B/32  Mask R-CNN 1} 16.6 246 303 255
Detic'* CLIP Mask R-CNN IN-21K 17.8 263 316 268
BARON'*! CLIP Faster R-CNN @ 26 27.6 298 276
RN50-FPN  LBP"*! CLIP Faster R-CNN 1] 24.1 29.5 32.8 299
F-VLM""! CLIP RN50 Mask R-CNN 1} 18.6 — — 24.2
DetPro' ™ CLIP ViT-B/32  Mask R-CNN [} 19.8 256 289 259
PromptDet '™’ CLIP Mask R-CNN LAION 21.4 233 293 253
DST-Det"*! CLIP RN50x64  Mask R-CNN [0} 345 — — —
RN50x64 F-VLM"" CLIP RN50x64  Mask R-CNN ] 32.8 — — 34.9
RO-ViTH* CLIP Mask R-CNN (o} 28.0 — — 30.2
CLIPSelf"*! CLIP Mask R-CNN @ 25.3 — — —
ViT-B/16 DITO™ DITO Pretrain Faster R-CNN ALIGN 32.5 — — 34.0
Prompt-OVD™!  CLIP ViT-L/14  Def-DETR 9] 23.1 — — 24.2
ViT-H/14 ~ OWL-ViT"" CLIP DETR o} 25.6 — — 34.7
RO-ViT CLIP Mask R-CNN LAION-2B 32.4 32.9
ViT-L/16  CLIPSelf'* CLIP Mask R-CNN @ 34.9 — — —
DITO"*! DITO Pretrain Faster R-CNN DataComp-1B 40.4 — — 37.7
. VLDet"" CLIP CenterNet2 CC3M 263 394 419 381
Swin-B CoDet"™ CLIP CenterNet2 CC3M 204 395 430 392
Swin-L PCL'! CLIP ViT-L/14  Def-DETR [} 24.7 — — 38.7
SRR T S AR AR A s O TR I A BN  — 3R (.,
#5 V3Det ZdigE kIR
Table 5 Detection performance on the V3Det dataset
BT Jrid/ AR SCASARARY Tar 2% AN AR Ap, Ap, Apay
RN50 Detic!*! CLIP CenterNet2 IN-21K 6.7 30.2 17.1
RN50 Region CLIP™" CLIP Faster R-CNN CC3M 3.1 22.1 12.6
RN50 DST-Det CLIP Mask R-CNN @ 7.2 — —
RN50x64 DST-Det'* CLIP Mask R-CNN @ 135 — —
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Table 6 The performance of the model when transferred to other datasets
" -

P P50 P75 P P50 P75 P50 P75
VLDet"*" — — — — — — 10.0 61.7 —
COCO PB-OVD'™! — — — — 6.9 — 8.0 59.2 —
VL-PLM'* — — — — 10.9 — 222 67.4 —
RO-ViT — — — 14.0 22.3 14.9 — — —
Detict*! — — — — 21.5 — — — —
CoDet"* 39.1 57.0 423 14.2 20.5 15.3 — — —
ViLD"! 36.6 55.6 39.8 11.8 18.2 12.6 — 72.2 56.7
LVIS g ARON™ 36.2 55.7 39.1 13.6 21.0 14.5 — 76.0 58.2
OV-DETR™" 38.1 58.4 41.1 — — — — 76.1 59.3
F-VLM" 32.5 53.1 34.6 11.9 19.2 12.6 — — —
DetPro™* 34.9 53.8 37.4 12.1 18.8 12.9 — — —

T BAREE N e AR RE e b s — R I WA (EL.
4.2.5 FEIEFRIRREXT T

OVD J5 i K R = SR X i A VLML
PEEUHR YIS e Hbr k4%, S8 OVD kS
F A A, YNt R T B AR K
PR, 7 s, AFIT OVD FETF s SR v

7 MR H
Table 7 Model computing resource comparison

T /AR THA B Ykt E]/h
VL-PLM'* GPU A100x8 —
CoDet* GPU A100x8 20
CORA™! GPU A100x8 27
OV-DETR™ GPU V100x8 —
VLDet! " GPU V100x8 17

T — R B W,
4.2.6 RBREAIFHCGANCITESEEEX L

N TAEBTIRA BRI T W OVD J5ik, — 28
WFFE T IR O TR 2 AR T ORI B &, 491 40 OVLW-
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DAL B T T el A 0 Sk i 0 H A A
WMATES5 . HATE X2 AL OVD WHe b, & —1
AWITBIBTTE T I, Wk 8 PR,

*8 LIS R L

Table 8 Comparison of the parameter size of
lightweight models

i/ HAY ZH/107 HEHILER /s
DST-Det'* 22.9 —
OVLW-DETR'* 12.0 6.09
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