Grounding DINO: Marrying DINO with Grounded Pre-Training
for Open-Set Object Detection
Shilong Liu et al., IDEA Research & Tsinghua & MSR Asia (CVPR
2023)



Closed-Set vs. Open-Set

p: Object localization Text understanding_)

Collaborate with stable diffusion.

COCO pre-defined categories Human-input novel categories Human-input reference sentences

person worldcup The bottom man with his head up Prompt (modify background): All people
: : Zero-Shot Transfer to Referring Object Detection around the world cheer with a worldcup.
Standard Object Detection , . : .
! Novel Categories (Referring Expression Comprehension) '
v

4
(a) Closed-Set Object Detection (b) Open-Set Object Detection (c) Application: Image Editing



Closed-Set vs. Open-Set
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Vision-Language Models (0f|: GLIP, VL-DETR)
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Related Work

GLIP (Grounded Language-Image Pre-training)

Transformer-based Detectors (DETR Family): DETR, DAB-DETR, DN-DETR

DINO (DETR with Improved denoising)



Overall Architecture
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Dual Encoder
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Feature Enhancer

2. A Feature Enhancer Layer
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Language-Guided Query Selection
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Language-Guided Query Selection
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Language-Guided Query Selection
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Cross-Modality Decoder
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Training & Loss Functions

Text-Box pairs

CHt &2 data sets
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Grounding DINO vs. DINO
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Experimental Setup

Zero-Shot (Open-Set) Object Detection
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1. Zero-Shot COCO

| .. Zero-Shot Fine-Tuning
Model Backbone Pre-Training Data 901 7val 2017val /test-dev
Faster R-CNN RN50-FPN - - 40.2 / -
Faster R-CNN RN101-FPN - - 42.0 / -
DvyHead-T |5 Swin-T - - 49.7 / -
DyHead-L |5 Swin-L - - Hh&8.4 / b&.T
DyHead-L |5 Swin-L 0365,ImageNet21 K - 60.3 / 60.6
SoftTeacher |50 Swin-L 0365,5SS-COCO - 60.7 / 61.3
DINO(Swin-L) |57 Swin-L 0365 - 62.5 / -
DyHead-T7} |5 Swin-T 0365 43.6 53.3 / -
GLIP-T (B) |25 Swin-T 0365 44.9 53.8 / -
GLIP-T (C) |25 Swin-T 0365,GoldG 46.7 | 55.1 / -
GLIP-L |25 Swin-L FourODs,GoldG,Cap24M 19.8 60.8 / 61.0
DINO(Swin-T)t |57 Swin-T 0365 46.2 56.9 / -
Grounding DINO T (Ours) Swin-T 0365 46.7 56.9 / -
Grounding DINO T (Ours) Swin-"T 0365,GoldG 48.1 | 57.1 / -
Grounding DINO T (Ours) Swin-T 0365,GoldG,Cap4aM 48.4 57.2 / -
Grounding DINO L (Ours)  Swin-L 0365,01 [19],GoldG 52.5 62.6 / 62.7 (63.0 / 63.0)*
Grounding DINO L (Ours) Swin-L 0365,01,GoldG,Cap4aM,COCO,RefC  60.7% 62.6 / -




2. Zero-Shot LVIS

MiniVal |18]

Model Backbone Pre-Training Data AP  APr/APc/APf
Zero-Shot Setting
GLIP-T (C) Swin-T 0365,GoldG 24.9 17.7/19.5/31.C
GLIP-T Swin-T 0365,GoldG,Cap4dM |  [26.0 20.8/21.4/31.C
DetCLIPv2 Swin-T 0365,GoldG,CC15M 40.4  36.0/41.7/40.C
Grounding DINO T Swin-T 0365,GoldG 25.6 14.4/19.6/32.2
Grounding DINO T Swin-T 0365,GoldG,Cap4M | |27.4 18.1/23.3/32.7
. . 0365,01,GoldG,Cap4M, ; ;
Grounding DINO L. Swin-L . COCO . RefC 33.9 22.2/30.7/38.8
Fine-Tune Setting
MDETR RN101 GoldG,RefC 242 20.9/24.9/24.3
Mask R-CNN RN101 - 33.3 26.3/34.0/33.9
DetCLIPv2 |51 Swin-T 0365,GoldG,CC15M 50.7 44.3/52.4/50.3
Grounding DINO T Swin-T 0365,GoldG 52.1 35.4/51.3/55.7




3. ODIinW Benchmark

Model Language Input Backbone Model Size Pre-Training Data Test
- APE’UET'EEH JELP'rrLEd'Eun

Zero-Shot Setting
MDETR 18 v ENB5 46 169M s0ldG,RefC 10.7 3.0
OWL-VIiT 35 v ViT L/14(CLIP)  >1243M 0365, VG 18 8 9 &
GLIP-T |25 v Swin-T 232M 0365,GoldG,CapdM 19.6 5.1
OmDet |60 v ConvNeXt-B 230M COCO,0365,LVIS,PhraseCut 19.7 10.8
GLIPv2-T |59 v Swin-T 232M 0365,GoldG,CapdM 22.3 8.9
DetCLIP 52| v Swin-L 267M 0365,GoldG,YFCCIM 24.9 18.3
Florence 54| v CoSwinH ~841M FLD900M,0365,GoldG 25.8 14.3
Grounding DINO T(Ours) v Swin-T 172M 0365,GoldG 20.0 9.5
Grounding DINO T(Ours) v Swin-T 172M 0365,GoldG,CapaM 22.3 11.9
Grounding DINO L(Ours) v Swin-L 341M 0365,01,GoldG,CapdM,COCO,RefC 26.1 18.4

Few-Shot Setting
DyHead-T |5 X Swin-T ~100M 0365 37.5 36.7
GLIP-T 25 v Swin-T 232M 0365,GoldG,CapdM 38.9 33.7
DINO-Swin-T [57 X Swin-T 49M 0365 41.2 41.1
OmDet 60| v ConvNeXt-B 230M COCO.0365,LVIS,PhraseCut 42.4 41.7
Grounding DINO T(Ours) v Swin-T 172M 0365,GoldG 46.4 51.1

Full-Shot Setting
GLIP-T |25 v Swin-T 232M 0365,GoldG,CapdM 62.6 62.1
DyHead-'1" |5] X Swin-T ~100M 0365 63.2 64.9
DINO-Swin-T' |57 X Swin-T 49M 0365 66.7 68.5
OmDet 60 v ConvNeXt-B 230M COCO,0365,LVIS,PhraseCut 67.1 71.2
DINO-Swin-L |57 X Swin-L 218M 0365 68.8 70.7
Grounding DINO T(Ours) v Swin-T 172M 0365,GoldG 70.7 76.2




Referring Expression Comprehension

(REC)

Method Backbone Pre-Training Data Fine-tuning RefCOCO RetCOLO- RetCOCOg

al  testA testB | wval  testA testB | wval  test
MAttNet |53 R101 None v 76.60 81.14 69.99|65.33 T1.62 56.02 | 66G.08 67.27
VGTR |10 K101 None v 7920 82,32 T3.75(163.91 70.09 56.51 |65.73 67.23
TransVG | 7| R101 None v 81.02 82,72 T8.35 | 64.82 70.70 56.94 | 68.67 67.73
VILLA L™ 11 K101 CC. SBU, COCO, VG v 82.39 8748 T4.84 [T6.17 81.54 66.84 | T6.18 76.71
RefTR 26| R101 VG v 85.60 SR.73 8116 | 77.55 82.26 68.99|79.25 80.01
MDETR |18 K101 GoldG. RefC v 26.70 8058 81.41 [ 7T9.52 84.09 70.62 | 81.64 B0.89
DCQ-DETR 45 R101 GoldG . RefC v 8863 91.04 83.51 [R1.66 86.15 73.21 | 82.76 83.44
GLIP-T(B) Swin-T 0365.GoldG 49.96 54.69 43.06 [49.01 53.44 43.42 | 65.58 6608
GLIP-T Swin-T (0365,GoldG,CapdM 50.42 54.30 43.83 | 49.50 52.78 44.59 | 66.09 66.89
Grounding DINO T (Ours) | Swin-T 0365,GoldG 50.41 57.24 43.21 51.40 57.59 45.81 67.46 67.13
Grounding DINO T (Ours) | Swin-T (0365,GoldG, RefC 73.98 T4.88 59.29 66.81 69.91 56.09 71.06 72.07
Grounding DINO T (Ours) | Swin-T (0365,GoldG, RefC 89.19 91.86 85.99 RB1.09 87.40 74.71 84.15 84.94

Grounding DINO L (Ours)*

Swin-L

0365,01,GoldG,Capd M, COCO, RetC

90.56 93.19 88.24 B2.75 88.95 75.92 86.13 87.02




Ablation Study
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Limitations

e High Computational Costs
o Still dependent on Data set
e Complex realation / Negation
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Grounding DINO: Open-Set Object DetectionS 23t ME22 22 & X Q.
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Foundation Models for Vision
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Foundation Model
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Imgage Segmentation

(b) Semantic Segmentation (c) Instance Segmentation (d) Panoptic Segmentation
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TASK: Background
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TASK: Promptable Segmentation Task

https://segment-anything.com/demo
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TASK: Promptable Segmentation Task
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TASK: Promptable Segmentation Task
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TASK: Promptable Segmentation Task
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Model: Segment Anything Model
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Model: Segment Anything Model
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Model: Segment Anything Model
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Model: Segment Anything Model
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DATA: SA-B1

—— Data Engine
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1) Zero-Shot Single Point Evaluation
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2) Zero-Shot Edge Detection method year | ODS oIS AP R50
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4) Zero-Shot Instance Segmentation
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