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Traditional Object Detection
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Open-Vocabulary Object Detection
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Open-Vocabulary Object Detection
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Open-Vocabulary Object Detection

» Prompt-then-Detect

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: 15|25 7 52K, P iR B0

Previous Open-Vocabulary Detectors: 155K, UM B SERfHERE, /MR 2=
YOLO-World: TR ZE /AR IGE /7, KA ESH W7 R TE IS H Fele,  HEE & R
AT N N AR



b

2. YOLO-World ¥R 59| 4




Model

st  Vocabulary Embeddings Image-aware Embeddings ~ Region-Text Matching Text Embeddings

| Training: Online Vocabulary ' 00
i i man @ ma 1
! A man and a Text % i i R
E woman are skiing . woman —jp — @ woman [ > C5 » T-CSPLayer P5
: e Encoder 5 O o ® i r
| : X2 X =
Extract Nouns A = A / 2
| Deployment: Offline Vocabulary | : §' | C, T-CSPLayer —>| T-CSPLayer P,
I NG User’s i ;r)! > I:‘ D I:‘ |:] 2 “xl
4 Vocabulary : Multi-scale 03 Object Embeddings vy 2
et ; Image Features oo C3 T-CSPLayer > P3
[¢] \ 4
———— L7 | B Text e LSty Caibioc) Tewtapeiing
e 5 ) & — : ayer oc ext Embeddings
: ) YOLO z Contrastive Head = | M y 8 .
B ,V : = i e g _— e ‘ = i : i e Dark Bottleneck ]—D[ Max-Sigmoid G i
Py A g Box Head p2- — ! split channels concat E
Input Image )

® L THlui-1E S @1 Open-Vocabulary YOLO Detector: Text Encoder g5 F P Hi A\ SCA
® R ESHULIIA I -TE T &MY, =LA R BG-G9 EBRE .
® HTXE-SCAULECXT ELE >, 78 R FBIR egion-TextE 4 1)l 25

10



Model
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Training
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Benchmark Results

> FREARE

[1] Zero-shot Evaluation on LVIS (1203 categories)

Method Backbone Params Pre-trained Data FPS AP | AP, AP. APy
MDETR [19] R-101 [14] 169M GoldG - 242 1209 243 242
GLIP-T [22] Swin-T [30] 232M 0365,GoldG 0.12 249 |17.7 19.5 31.0
GLIP-T [22] Swin-T [30] 232M 0365,GoldG,Cap4M 0.12 260 |20.8 214 31.0
GLIPv2-T [54] Swin-T [30] 232M 0365,GoldG 0.12 26.9 - - -

GLIPvV2-T [54] Swin-T [30] 232M 0365,GoldG,Cap4M 0.12 29.0 - - -

Grounding DINO-T [28] Swin-T [30] 172M 0365,GoldG 1.5 256 |144 19.6 322
Grounding DINO-T [28] Swin-T [30] 172M 0365,GoldG,Cap4M 1.5 274 |18.1 233 32.7
DetCLIP-T [51] Swin-T [30] 155M 0365,GoldG 2.3 344 1269 339 363
YOLO-World-S YOLOVS8-S 13M (77M)  0365,GoldG 74.1 (19.9) 262 |19.1 23.6 29.8
YOLO-World-M YOLOvV8-M  29M (92M) 0365,GoldG 58.1(18.5) 31.0 |23.8 29.2 339
YOLO-World-L YOLOvV8-L  48M (110M) 0365,GoldG 52.0(17.6) 35.0 |27.1 32.8 383
YOLO-World-L YOLOV8-L 48M (110M) 0365,GoldG,CC3M' |52.0(17.6) 354 |27.6 34.1 38.0
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Benchmark Results

> YOLO-World Model Zoo

model Pre-train Data Size APMINi  Ap. AP, AP; APVAl AP, AP, AP weights

YOLO-Worldv2-S 0365+GoldG 640 227 163 208 255 173 1.3 149 227 HF Checkpoints &
YOLO-Worldv2-S 0365+GoldG 1280¢ 241 187 220 269 188 141 163 238 HF Checkpoints @
YOLO-Worldv2-M 0365+GoldG 640 300 250 272 334 235 171 200 301 HF Checkpoints &
YOLO-Worldv2-M 0365+GoldG 1280¢ 316 245 290 351 253 193 220 317 HF Checkpoints &
YOLO-Worldv2-L 0365+GoldG 640 330 226 320 358 260 186 230 326 HF Checkpoints &
YOLO-Worldv2-L 0365+GoldG 1280¢ 346 292 328 372 276 219 242 340 HF Checkpoints &
YOLO-Worldv2-L (CLIP-Large) &  0365+GoldG 640 340 220 326 374 271 199 239 339 HF Checkpoints &
YOLO-Worldv2-L (CLIP-Large) &  0365+GoldG 800 ¢ 355 283 332 388 286 220 251 354 HF Checkpoints @
YOLO-Worldv2-L 0365+GoldG+CC3M-Lite 640 329 253 311 358 261 206 226 323 HF Checkpoints @
YOLO-Worldv2-X 0365+GoldG+CC3M-Lite 640 354 287 329 387 284 206 256 350 HF Checkpoints @
& YOLO-Worldv2-X 0365+GoldG+CC3M-Lite 1280¢ 374 305 352 407 298 211 268 370 HF Checkpoints &
YOLO-Worldv2-XL 0365+GoldG+CC3M-Lite 640 360 258 341 395 291 211 263 358 HF Checkpoints &

A 13M B 100M B R, s =
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Benchmark Results

> HiAYOLO-World
[2] COCO Zero-shot & Fine-tuning

MOdel EPOChS APZCI‘O AP AP50 AP75 —— YOLOv6
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<
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o
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37.51
YOLO-World-L 80 454 539 709 588
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Benchmark Results
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> JHBhSCIG

3] 24T [4] RepVL-PAN CAFH &
Pre-trained Data AP AP, | AP, APy Data Text-guided? | AP AP, | AP, APy
0365 235 162 | 21.1 270 0365 X 224 145 | 20.1 26.0
0365,GQA 319 2251299 354 0365 v 23.2 152 |20.6 27.0
0365,GoldG 325 223|306 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
® TillZral NFE B CAREE(GQA / o U AFEGEIESA TR IK Bk (AP,
GoldG) et & & $& - H 5 1n) VL BE rare AP), JLH 2 & A KNEFEE AW F 2L

(AP,: rare AP). #& (GoldG).
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YOLO-World
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Schemes
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Zero-shot
Inference
» Zero-shot Detection
> Image Prompts » Object detection for generic scenes
> Referring / Grounding
> Open-vocabulary detection
9..

[ d
Re-parameterized @ Normal
Finetuning YOLO-World Finetuning

> Specific domains (Differ from

. » Lacking training data
generic scenes)

> Efficiency > Maintain zero-shot ability

Prompt Tuning
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Prompt YOLO-World B S heni CV PR
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Prompt Tuning

> 414 Prompt Embeddings

s/ DAKR T 4= 50, Prompt Tuning $& Lk
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Prompt Embeddings
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YOLO-World-Small 45.9 62.3 49.9
Finetuning
o* %
P ® ¥ . " N N
o WHEZEUD, RN
YOLO-World

Image Prompt Version

23



6 CVPR

1%, 1 4
Sl N JUNE 17-21, 2024

Image Prompt

> ZETF CLIP Vision Encoder 4245

H.$2F] FHCLIP Vision Encoder /&
Image Prompt Embeddings, 14l

CLIP
Image
Encoder

Image Prompt

2 A 4 \
3 % f = )
of If 1
= " [eg \
: / N
1 / g
P / ¢ it . 8
f{ 1 & (
! | f
3 k ! | Y
{ 9 §
E - 5
object 0.25 LI . 4
‘Y

H#E ¥ CLIP Image Encoder Ul ji &6 R FA !

24



Image Prompt

» Image Prompt Adapter

. Zero-shot Prompt Adapter
£ CLIP Vision EncoderZ&fitl_E 340 - _
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= =  object Stiget 064 e objecabject 0.51 object 0.58 °t 0-85 object 0.75
A object 0.90 —n2Medh 038 5 object 0.94
\ < o obje object 0.65 object 0.9 >
; N N N l_l W ( object 0.61 et .88 L [
YN ALY object 0. ; =
1] L 1Y) MLP Adapter YR AME 5 = -\ - —
: = ~

2 RS0 2
F Z o g i fol = object O. =
object 0. 56 object 0.
; (b,‘:oes 2 R
VB ) 2 B =3 . . o=& 4
m = _

CLIP
Image
Encoder

et | —

Image Prompt

£ MS-COCO _EFENLRAEIARAE,
FHEHL Image Prompt Il 2%

& AFF demo 5405



Reparameterized Finetuning i St CVPR

Text Embeddings

> BESHHHA
Re-parameterize

(CNCNO) ) (
YOLO-World #&##i Text Encoder$ it Text Embeddings: >

x —F 1}3? /ff % %’é % IJ 36 ?2 ﬂ:‘lj )ﬂ i ZIK #@ﬁ ﬁ Image Features Image Features
x i ZIK éﬁé ﬁ% i% ﬁE 'f§ ;E\ K ‘{ﬁ Eﬁ ’ 7"‘ B @\ %’é %U IZ éj\ 5 5 Text embeddings as inputs Text embeddings as parameters

X Text Encoder ¥ LA B 1% %2 P BRI B R AR Felk, Text EmbeddingfE NERFA S5

k‘ A
YOLO-World I::> Reparameterization I::> Finetuning I::> @ O N N X 1. 2#5."3/?\ Text Encoder
2. BEZEL Text Embeddings

Pre-trained YOLO-World 1. Remove Text Encoder 1. Finetuning all parameters Less “reshape” or “matmul”
2. Merge embeddings into 2. “Text embeddings” are 3. ﬁ}%&iﬁﬁﬂ UH éﬁ: / T—‘;LB%
models, (matmul -> independent between
conv) “neck” and “head”

YOLO-World HIFAA R HE—47 4 2 SEI Reparameterization
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Reparameterized Finetuning

> BESHMHMAE

YL)L O-World I::> Reparameterization I:> Finetuning I:> @ O N N X

Pre-trained YOLO-World 1. Remove Text Encoder 1. Finetuning all parameters Less “reshape” or “matmul” MS-COCO %ﬁ%%%
2. Merge embeddings into 2. “Text embeddings” are

models, (matmul -> independent between %ﬁﬂ?ﬁﬂ 80 epOChS
conv) “neck” and “head”
Method AP AP, AP;5
/—dj Y A é . e 3:|:IJ é% Mz &% Mz 4 . é% AY 4
Zero-shot ' ) '
ES R )5 - YOLO-World-Small 450 1 49
¥ Text Encoder S5 ARG, & & 8 (YOLOVS) Finetuning
V2 | . - . X - YOLO-World-Small
WEREHRTE, TR R AT S5 (BRI LME R SCAR TR Reparam-finetuning 46.3 62.8 50.4
B R S YOLOVS-Small 45.1 61.7 48.9
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Applications

> Best Practice

o (] T U ) ONNX
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Applications

> fk X N

’3..
: x Segment Anything
YOLO-World O\ Meta

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

YOLO-World 3 3 #F ComfyUI TAER
ComfyUI: https://github.com/StevenGrove/ComfyUI-Y OLOWorld
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Real-World Applications

6 CVPR

SEATTLE W2y JUNE 17-21, 2024

» YOLO-World Demos /% ARC:

[1] YOLO-World
TRELTESE: VYOLO—WorId—X—1280

big cat 0.77

‘B J7E 2k Demo

6B /R FIMS-COCO#IEEE (https://cocodataset.org/)

1 (AR + New Tag
ity FoE FIAIRS THEA

BEEE. HEXAMBEEKZR yixiaoge@tencent.com

[2] YOLO-World
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1B S HIEEIER
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BRF B EISIRE
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Real-World Applications

> YOLO-World Demos

[1] YOLO-World HuggingFace Demo [2] YOLO-World + EfficientSAM

YOLO-World: Real-Time Open-Vocabulary Object Detector

YOLO-World + EfficientSAM ¢
[ €0 'open in Colab MR Roboflow Blog I - Youtube I @) GitHub ['arxiv

This is a demo of zero-shot object detection and instance fon using YOLO-World and

Powered by Roboflow Inference and Supervision.

1 Don't give up right away if YOLO-World doesn't detect the objects you are looking for on the first try. Use the Configuration taband experiment with confidence_threshold and iou_threshold. YOLO-World tends to return low confidence
values for objects outside the COCO dataset. Check out this notebook to learn more about YOLO-World's prompting.

Configuration

& Outputimage

Enter the classes to be detected, separated by comma

dog, starbucks, laptop

Submit Clear

Deploy and Export ONNX Model

Download ik

Categories

hand, hair
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Large Multimodal Models
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[1] PaliGemma

PaliGemma

Image Input

SigLIP Image Encoder

!

Linear Projection

!

Text Input

!

Concatenated Tokens

!

Gemma

!

Text Output

. AR S5 A L 2

. R IR SRR,

B RRAS 2 N GRRR 2

Lt

UNdetection/grounding/captioning

[2] Florence-2

The image shows a person riding a red
< bicycle on a road with a red car in the
3 10 background. The person is wearing a
c white t-shirt, black pants, and a black hat.
:] O She has a backpack on her back and is
3 o pedaling with their feet on the pedals. The
r:,n = 3 road is lined with trees on both sides and
[e} g 3 r o ( ) there is another person riding another
8_ «Q ¢ 3 0] D bicycle in front of her. The date
[+] © Q "9/22/2023" is visible in the bottom right
3 =3 3 corner of the image.
D3 ] D ~
1 ¢ 5||3| D|g
3 % S ,>_<.. person (0.41,
\ | =~ 7} 7} B} + 0.15,0.63, 0.73)
[ What does the image describe? | [¢] o o 3 — .. car (0.58, 0.26,
| % g 3 8 0.89, 0.61)
[ Locate the objects in the image. ] 3 : o @ @ 3 2
D) | 8 m||o D/s
Q
[ Locate the phrases in the caption: A ] 3 g g 8 3 8‘ A ;\::m(%n“qldlng
woman riding a bike. [o] (] 3 a bike (0.41,
9 D) =) Q a4, D) C:D 0.15,0.63,0.73
SN 24 |'e D) | 3
What does the region (0.41, 0.15, 3 » » D)
0.63, 0.73) describe? 3 g J 3
)| g
What is the polygon mask of region l 3 =3 3
0.41, 0.15, 0.63, 0.73? B e —
(2]

Multi-task prompts
\ R
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LLMs v.s YOLO-World

> F R R X

GPT4-V fails to detect objects !

®

I'm sorry, but I'm not able to provide bounding boxes or any
form of visual markup on images. However, | can describe the
scene for you. There is a person in the foreground wearing a
baseball helmet and uniform, likely a player running during a
baseball game. If you need help with image processing or object
detection, you might want to use image editing software or a
computer vision application that can perform such tasks.

In the image, there is a person visible who
appears to be playing baseball. This
individual is wearing a baseball helmet, a
white uniform, and is in motion, suggesting
that they might be running bases during a
game. The attire and the context indicate
that this is a sports-related activity,
specifically a baseball game.

W

GPT-4Vv

prompts: detect person prompts: detect person with bounding boxes

PaliGemma

PaliGemma-3B
prompts: detect person prompts: detect person wearing prompts: detect person prompts: deteclt
red clothes <COCO 80 categories>

...
® o
® o
1009 ©

YOLO-World

YOLO-World-X-70M . .
prompts: person prompts: person wearing red clothes prompts: person prompts: <COCO 80 categories>

perso
person 31°5% 27’ rs9 erson 50.4% 1. Pers perso
CAAAl

MEIX 535851 e hL R B i e}l AR e
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Future of Detection

B Scaling Open-Vocabulary Object Detectors

. AL & HdfE Scaling up RE A R IVERESRTT, AL AL IS5 Bt
2. ZEESIN, A & EE prompts

3. PR S NS

4. FEAAGI, HE & R UG

U

B Detection through Large Multimodal Models
1. = R P S 2
2. 215G —, DinetEnRE
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