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From language query to multi-modal query
» Multi-modal queried object detection

Fish?

* One can detect customized objects through

textual descriptions, visual exemplars, or
both.

» Language-queried object detector (current open-world
Plane? Plane? detectors):

v Pros: high information density and strong
generalization capability

X Cons: insufficient granularity and ambiguous queries
» Vision-queried object detector (few-shot detectors):
v’ Pros: rich description granularity

X Cons: redundant information and low generalization

»  Multi-modal queried object detector (ours)

v'  Open-set generalization

v" Rich description granularity
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(a) Prompt-based design . (b) Two-branch few-shot design (c) Ours

Contributions

* The first multi-modal queried open-world object detector. We take the first step on multi-modal queried object
detection.

. Wide applicability. We design a plug-and-play Gated Class-scalable Perceiver (GCP) structure and a vision conditioned
masked language prediction strategy to enable multi-modal queries on most language-queried detectors.

. High performance. The proposed MQ-Det significantly boosts open-world detection in both finetuning-free and few-
shot finetuning scenarios. For example, +7.8 AP over previous SOTA on finetuning-free LVIS.
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* Language-vision fusion
N X—MHA(VZ', I), ’IA)Z = X-MHA(ti, \_/’i),
fi =t; + J(ga,te(f)i)) - V;

= {t1,to,...,[MASK],... t/¢}

* To ensure sufficient visual intervention
* To bridge class-wise visual cues and in the modulating stage.
textual cues in each high-level stage of
the text encoder of the detector.
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Finetuning-free LVIS Few-shot ODinW

el aekboiie e-Train Data D?la Training Time | #Vision MiniVal (%) Val v1.0 (%) : s : z
Modl Backbo Fre-Train Dac Size | (V100 days) | Query | AP AP, AP AP;| AP AP. AP. APy Model Language Query Vision Query| Backbone Pre-train Data Data | ODInW 357 QODnW-13
MDETR [20]* RN101 GoldG,RefC 0.9M 400 0 |242 209 249 243|225 74 227 250 Size | AP,y AP,y
MaskR-CNN [17]*  RN101 = . . 0 333263340339 - - - - - - -

Supervised-RFS [13]*  RN50 ) ‘ ‘ 0 | - - - - |254123243 324 Finetuning-free Setting
GLIPT (B) [25] Swin-T 0365 0.66M| 300 0 178 135 128 222|113 42 76 186
GLIP-T [25] Swin-T 0365,GoldG,CCAM 5.5M 480 0 [260 208 214 31.0(172 10.1 125 255 MDETR [20] v X ENBS [38] GoldG,RefC 0.9M 10.7 25.1
GLIPv2-T [48] Swin-T 0365,GoldG,CC4AM 5.5M - 0o (20 - - - |- - - - . .
GroundingDINO-T [27]  Swin-T 0365,GoldG,Cap4M 5.5M - 0 [257 152 219 309 - - - OWL-ViT [30] v v ViT L/14(CLIP) 0365, VG 0.8M 18.8 409
CnisINO.L (27] Swinl. |0365,01 Gomtcs Captin.CoCoRetc 15| 0| 0 |0 222 307 a0 1T B2 B4 GLIP-T [25] v X Swin-T 0365,GoldG,CapdM ~ 5.5M | 187 419
e R R e (LD Y (| o= | SeEceenecERe GENdl WoE - S1D
MQ-GroundingDINO-T  Swin-T 0365" 0.66M 10 5 302 217 262 352(221 129 17.4 314 OmDet [50] v X ConvNeXt-B | COCO,0365,LVIS,PhraseCut 1.8M 16.0 43.6
MQ-GLIP-T Swin-T 0365 0.66M 10 5 304 21.0 275 34.6 22.6 15.4 184 304 GLIPv2-T [48] v X Swin-T 0365,GoldG,Cap4M 5.5M 22.3 50.7
MQ-GLIP-L Swin-L 0365° 0.66M 22 | 5 |43.4 345 412 469 34.7 26.9 32.0 413 %
DetCLIP [42] v X Swin-T 0365,GoldG,YFCCIM 2.4M - 43.3
GroundingDINO-T [27] v X Swin-T 0365,GoldG,Cap4M 5.5M 21.7 49.8
MQ-GroundingDINO-T v v Swin-T 0365 0.66M| 225 50.9
MQ-GLIP-T v v Swin-T 0365" 0.66M| 20.8 45.6
: -GLIP- v v in- t : : g
Compare WIth GLIP MQ-GLIP-L Swin-L 0365 0.66M 23.9 54.1
Few-Shot Setting
DyHead-T [6] X X Swin-T 0365 0.66M| 375 43.1
GLIP-T [25] v X Swin-T 0365,GoldG,Cap4M 5.5M 38.9 50.7
DINO-Swin-T [47] X X Swin-T 0365 0.66M| 412 49.0
OmDet [50] v X ConvNeXt-B | COCO,0365,LVIS,PhraseCut 1.8M |  42.4 485
MQ-GLIP-T v v | Swin-T 0365 0.66M| 43.0 57.0
Full-Shot Setting
GLIP-T [25] v X Swin-T 0365,GoldG,CapdM  55M | 626 61.9
DyHead-T [6] X X Swin-T 0365 0.66M| 632 58.7
DINO-Swin-T [47] X X Swin-T 0365 0.66M| 66.7 -
OmbDet [50] v X ConvNeXt-B |COCO,0365,LVIS,PhraseCut 1.8M 67.1 65.3
<© MQ-GLIP-L DINO-Swin-L [47] X X Swin-L 0365 0.66M 68.8 67.3
- 46.4
Nl MQ-GLIP-T MQ-GLIP-T v v | Swin-T 03651 0.66M| 648 62.5
7431
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