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Overview:
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Previous object detection method pipeline:
-

Create a detection dataset

Training on the dataset

Inference on the dataset

[ Define the working environment we want

Define the categories we want to detect (vocabulary)

__ Collect images and annotate object instances

ex: common object detection (COCO, Objects365)
traffic detection (Cityscapes, Mapillary Vistas)
' UAV (Visdrone)

Training on the dataset
Inference on the dataset



The limitation:

focusing on a single dataset

What If we need to detect in a new scene ? (new environment or new categories)

We need to
collect new images

annotate again — Create a new dataset



What we want:
I

a universal object detector that can detect everything in every scene

once trained, can directly work in unknown situations
without any further re-training



Two abilities that a universal object detector should have:
I

1. Utilizing images of multiple sources and heterogeneous label spaces for training

a universal object detector that can detect everything in every scene

!

iInvolving diversified types of images as many as possible

I T

PASCAL VOC 20 11k
Cityscapes 8 5k Problem:
MS COCO 80 123k Limited by human annotators:
Objects365 365 638k 1) Large vocabulary datasets are noisy and ambiguous
LVIS 1930 68k 2) Specialized datasets
ImageNet 3130 1.2M
Openlmages 600 1.7M

VisualGenome 80138 108k



Two abilities that a universal object detector should have:
-

2. Generalizing to the open world well

Problem:
1) we can never predict what we want in advance
2) we can never annotate all categories (especially fine-grained)

!

Generalizing to the open world, especially for novel classes



Working pipeline:

Image-text pre-training
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Image-text aligned pre-training

A woman with a slight smile is

picking fruits in the fruitful orchard. An aeroplane files across the sky

In a sunny day.

key:
Image-text pairs are easy to collect (from social media)
large-scale training: see images as many as possible
align vision space and language space

CLIP, ALIGN, LiT, RegionCLIP, GLIP--



Heterogeneous label space training

Possible structures:
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Heterogeneous label space training
-

Decoupling proposal generation and Rol classification:

proposal generation (RPN): class-agnostic classification
better generalize to novel classes in the open world
Rol classification: class-specific classification

cannot be generalize to the open world well

Class-agnostic localization network for proposal generation:

@a! Head N

RPN classification
regression
backbone - T regression
localization
confidence localization

\ confidence /




Open-world inference
I

Problem: the network is strongly biased to base classes.

Probabillity calibration: balance the probability prediction

1 y

1 + exp(—ZiTjej/T) /m

Dij



Experiments: open-world detection

Training datasets: subsets of COCO (80 categories), Objects365 (365 categories),

Openlmages (500 categories)

Testing datasets: LVIS v0.5 (1230 categories), vl (1203 categories),
ImageNetBoxes (3602 categories), VisualGenome (7605 categories)

LVIS v0.5 (1.230)

LVIS v1 (1,203)

ImageNetBoxes (3,622)

VisualGenome (7.605)

Training data Stucture | \p Ap, AP, AP; | AP AP, AP, AP; | AP APs; Loc. Acc | AR; AR;y ARy
Faster RCNN (closed world) 17.7 1.9 165 254 | 162 09 131 264 |39 6.1 15.3 3.5 4.3 4.3
COCO - 164 187 17.1 145 | 137 135 136 139 |48 68 8.3 43 59 59
0365 - 202 213 202 198 | 168 147 162 183 [ 38 55 8.4 54 13 713
Olmg - 168 218 17.6 138 | 139 147 142 132 |79 108 16.0 50 81 82
COCO + 0365 S 210 222 218 194 | 175 160 172 184 |45 65 8.0 62 85 86
COCO + 0365 U 209 196 21.0 213|176 146 170 196 | 3.6 5.1 8.0 53 71 72
COCO + 0365 (+mosaic) U 214 223 215 210|168 135 162 189 |36 5.1 7.7 50 68 69
COCO + 0365 (+pseudo [62]) U 208 225 227 197|166 134 161 187 |36 5.1 7.6 50 66 67
COCO + 0365 P 222 237 225 212|182 155 176 201 |47 66 10.1 50 80 8.1
COCO + Olmg P 199 221 207 179|168 160 168 171 |69 95 14.7 57 17 18
COCO + 0365 + Olmg P 235 236 243 224|198 180 192 212 |82 114 169 | 65 87 88




Experiments: closed-world detection

Training and testing on the COCO dataset:

Model AP AP;, APs AP, AP,
transformer-based models

DETR (DC5) [5] 155 294 43 151  26.7

Dynamic DETR [Y] 429 610 246 449 544

DN-Deformable-DETR [27] | 434 619 248 468 594

DINO [60] 490 666 320 523 630

CNN-based models

Faster RCNN (FPN) [30,43] | 379 588 224 41.1 49.1

DenseCLIP [41] 402 632 263 442 510

HTC [6] 423 61.1 237 456 563

Dyhead [9] 430 60.7 247 464 539

R(Det)* + Cascade [29] 425 610 246 455 570
Softteacher ¥ [54] 445 - - - -

UniDetector (ours) 493 675 333 531 636




Inference on 13 ODInW datasets

Experiments: object detection in the wild
-

Dataset Objects of Interest Train/Val/Test
PascalVOC Common objects (PascalVOC 2012) 13690/34224-
AenalDrone Boats, cars, etc. from drone images S2157
Aquarium Penguins, starfish, etc. in an aquarium A48/127/63
Rabbits Cottontail rabbits 1950/19/10
EgoHands Hands in ego-centric images 3840/480/480
Mushrooms Two kinds of mushrooms 41/5/5
Packages Delivery packages 19/4/3
Raccoon Raccoon 15002917
Shellfish Shrimp, lobster, and crab 406/1 16/58
Vehicles Car, bus, motorcycle, truck, and ambulance BT8/250/126
Pistols Pistol 2377297/297
Pothole Potholes on the road 465/133/67
Thermal Dogs and people in thermal images 142/41/20

Model #Data Datasets Avg. AP
GLIP-T {A) [28] | (L66M Ohbjects365 288
GLIP-T (B) (.66 Ohbjects365 332
GLIP-T (C) 1.46M Ohjects365, GoldG 444
GLIP-T 5.46M Objects365, GoldG, Cap4M 46.5
UniDetector (ours) | 173k | subset of COCO, Objects365, Openlmages 47.3
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