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Traditional Object Detection

Traditional detectors are capable to detect objects in close-set datasets

Object Detector

Faster R-CNN, YOLO, CenterNet,
FCOS, DETR, Deformable DETR

Other models  -e- Models with highest box mAP

Images or Videos Classification & Localization 66.0 COCO AP

Traditional detectors fail to detect objects not appeared 1n the training data

Q, 0O\ Meta Testing Datasets

Mask R-CNN
DETR

Training Datasets

 volovs

car plane ddg ‘- Fail to detect train | dét
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Open-Vocabulary Object Detection

» Efficient Prompt-then-Detect Paradigm

User User User

o X Fixed ® _, Text ® _, Text Offline
dh Vocabulary MR  Encoder Online @R  Encoder Vocabulary
Vocabulary

Re-parameterize

-»> Object Detector -> Large Detector - Lightweight Detector

(a) Traditional Object Detector (b) Preivous Open-Vocabulary Detector (c) YOLO-World

Traditional Detectors: tixed vocabulary, user can not modify.
Previous Open-Vocabulary Detectors: detectors are heavy and in-efficient, detect
based on users’ prompts (forward text encoders).

YOLO-World: aim for efficiency, user can modify the vocabulary on demand.
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YOLO-World

> Model Architecture

—————————————————————————————————————————————————— s : _ 3 oy - Text Embeddings
| Training: Online Vocabulary : Vocabulary Embeddings Image-aware Embeddings  Region-Text Matching 000
i @ man @ ma 1
A man and a Text % i R
woman are skiing Encod : O woman —s — @ woman Cs »| T-CSPLayer Ps
8 ncoder : . A
with a dog : @ dog @ dog - .
Extract Nouns i < vy
i Deployment: Offline Vocabulary : §' C, T-CSPLayer —»{ T-CSPLayer P,
' User’s ! g‘ + D D D D x2 1
: X =
Vocabulary Multi-scale 05 Object Embeddings vy 2
_________________________________________________ Image Features oo Cs HERI T > P;
(]
L7 |z e R R
Z : 1 T-CSPLayer (C2f Block) Text Embeddings
YOLO g Contrastive Head !
Backbone — I e Dark Bottleneck I—D[ Max-Sigmoid e

split channels Other Blocks concat

____________________________________________________

-7

® Open-Vocabulary YOLO detector with a text encoder and vision-language modeling

Input Image

® A re-parameterizable vision-language feature pyramid networks (RepVL-PAN) for fusing
language information into image features.

® Pre-training on large-scale region-text pairs: detection, grounding, and image-text data.
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YOLO-World

» Model Architecture: RepVL-PAN

Text Embeddings

Q,Orﬁ/

C 5 » T-CSPLayer —» P 5

< L TX%
A 4

C 4 —» T-CSPLayer —% T-CSPLayer —% P 4

___________________________________________________

[ T- -CSPLayer (C2f Block) Text Embeddings

1

:
I 1
1 ]
| Dark Bottleneck H Max-Sigmoid :
1 1
] 1
] 1
: split channels Other Blocks concat :
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RepVL-PAN

® Text-guided Layer to fuse text embeddings into image
features.

® Efficient deployment through re-parameterization.

Text Embeddings
e-parametenze

00
e §

Image Features Image Features

Text embeddings as inputs Text embeddings as parameters

re-parameterization: dot-product as a simple conv
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» Region-Text Training

Contrastive Loss on Region-Text Pairs Pre-training Datasets: nearly 1.6M samples
@ mam Dataset Type Vocab. Images Anno.
8 o > Contrastive loss Objects365V1 [46] Detection 365 609k 9,621k
- _ GQA [17] Grounding - 621k 3,681k
Text embeddings ' Flickr [38] Grounding - 149k 641k
CC3Mj [47] Image-Text - 246k 821k
Auto Labeling

Object embeddings
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» Data Engine
Automatic labeling large-scale image-text pairs: region-text (caption) pairs

“A photography of a man

and a woman”

v
nouns
[ n-gram Ji

“a man with long hair”
“a woman wearing white

clothes”

I

nouns i} boxes
Tagging Labeler > OpenLZ];)g?el;ulary > CLIP Labeler
! f f
image image image, object nouns

Extracting Object Nouns

Pseudo Labeling CLIP-based Filtering
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» Experimental Results: Zero-Shot Object Detection
[1] Zero-shot Evaluation on LVIS (1203 categories)

Method Backbone Params Pre-trained Data FPS AP |AP, AP. APy >0 O GLIPV1-T YOLO-World-S

MDETR [19] R-101 [14] 169M GoldG - 242 09 243 242 45 GLIPV-T YOLO-World-M
GLIP-T [22] Swin-T [30] 230M 0365,GoldG 012 249 |177 195 310 ®  Grounding DINO-T YOLO-World-L

GLIP-T [22] Swin-T [30] 232M 0365,GoldG,Cap4M 012 260 R08 214 310 x| ® DecLpT

GLIPY2-T [54] Swin-T [30] 230M 0365,GoldG 012 269 | - - - . S S A N X

GLIPV2-T [54] Swin-T [30] 230M 0365,GoldG,Cap4M 012 290 | - ) ) : . Sox Spoeding !

Grounding DINO-T [28]  Swin-T [30] 172M 0365,GoldG 15 256 |144 196 322 @ Q

Grounding DINO-T [28] ~ Swin-T [30] 172M 0365,GoldG,Cap4M 15 274 l181 233 327 4

DetCLIP-T [51] Swin-T [30] 155M 0365,GoldG 23 344 [269 339 363 307

YOLO-World-S YOLOv8-S  13M (77M)  0365,GoldG 74.1(19.9) 262 [19.1 23.6 298

YOLO-World-M YOLOVS-M  29M (92M)  0365,GoldG 58.1(18.5) 310 P38 292 339 251

YOLO-World-L YOLOVS-L 48M (110M) 0365,GoldG 52.0 (17.6) 350 PR7.1 328 383

YOLO-World-L YOLOVS-L 48M (110M) 0365,GoldG,CC3M!  [52.0 (17.6) 354 [27.6 34.1 38.0 O T 3 w0 5o 0 70 %o

FPS (V100)

YOLO-World obtains comparable zero-shot accuracy with heavy detectors while achieving

remarkable inference speed!
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» Experimental Results: Zero-Shot/Finetuned Object Detection
[2] COCO Zero-shot & Fine-tuning

MOdel EPOChS APzero AP AP50 AP75 —— YOLOv6
52.5 —— YOLOV7
YOLOVS-S 500 ; 44.4 61.2 48.1 " R el
YOLO-World-S 80 375 46.1 620 499 s
<«
YOLOV8-M 500 : 505 673 550 g
@)
YOLO-World-M 80 28 510 675 552 2
YOLOVS-L 500 i 529 699 677
37.51
YOLO-World-L 80 45 4 53.9 70.9 58.8

35.0

150 200 250 300 350 400 450
FPS (w/ TensorRT, V100)

Y OLO-World obtains competitive zero-shot performance on COCO, and significantly better fine-
tuned performance compared to YOLOvVS (baseline) or other YOLO detectors.
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YOLO-World

» Experimental Results: Ablations

[3] Data Scaling [4] Text-guidance from RepVL-PAN
Pre-trained Data AP AP, | AP, APy Data Text-guided? | AP AP, | AP, APy
0365 235 162 | 21.1 27.0 0365 X 224 145 | 20.1 26.0
0365,GQA 319 225|299 354 0365 v 232 152 ]20.6 27.0
0365,GoldG 32.5 223306 36.0 0365+GG X 309 19.8 [ 29.1 34.6
0365,GoldG,CC3MT | 33.0 23.6 | 32.0 355 0365+GG v 326 278 | 31.1 349

® Pre-training with more rich texts (GQA ® Adding text-guidance contributes to detecting
/ GoldG) improves open-vocabulary novel objects (AP,: rare AP), especially works
ability (AP,: rare AP). well with datasets containing rich texts (GoldG).
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» Experimental Results: Zero-Shot Grounding

[S] Vision Grounding

G . . v
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the jumping  person holding a person holding a toy the standing person moon
person baseball bat

Zero-shot grounding ability and language understanding ability

T. Cheng et al. YOLO-World: Real-Time Open-Vocabulary Object Detection. CVPR 2024. 11



YOLO-World sl o . cvpR

LAY JUNE 17-21, 2024

> YOLO-World as Few-shot Learners

YOLO-World supports few image prompts, detect objects based on referenced images

Prompt YOLO-World

T. Cheng et al. YOLO-World: Real-Time Open-Vocabulary Object Detection. CVPR 2024. 12



YOLO-World

» YOLO-World-SAM

9..
o. x Segment Anything
YOLO-World 00 Meta

“mammoth” “the bigger cat” YOLO-World + SAM + SD

Many interesting projects are developed based on YOLO-World!
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YOLO-World

» Boost Real-World Applications

> Traditional Object @ O N N X

Detection

_t - .
) o Deploy = —.
™ |:> Open-Vocabulary :> Ll: —
YOLO-World Object Detection
1

TensorFlow Lite

Visual Grounding

Pretraining Finetuning / Zero-shot Deployment

One YOLO-World, More Applications
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