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Background

Object detection and segmentation are widely employed in computer vision applications

= Conventional models like YOLO series, while efficient and accurate, are limited by
predefined categories.

= Recent open-set methods leverage text prompts, visual cues, or prompt-free paradigm
to overcome this, but often compromise between performance and efficiency due to
high computational demands or deployment complexity.

(a) & (b): Text prompts, (¢): Visual prompts, (d) Prompt-free




Introduction

We introduce YOLOE, which integrates detection and segmentation across diverse open prompt

mechanisms within a single highly efficient model, achieving real-time seeing anything

RepRTA for text prompts. It enhances visual-textual alignment with zero overhead.
SAVPE for visual prompts. It brings improved visual embedding with minimal complexity.

LRPC for prompt-free scenario. It identifies all objects without cost language model dependency.

On LVIS, with 3 X less training cost and 1.4 X inference speedup, YOLOEVS-S surpasses YOLO-Worldv2-S

by 3.5 AP. On COCO, YOLOE-v8-L achieves 0.6 AP? and 0.4 AP™ gains over closed-set YOLOVS-L with
nearly 4 X less training
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| Methodology

Re-parameterizable region-text alignment (RepRTA)

Improve pretrained textual embeddings during training through reparameterizable lightweight auxiliary network.
Enhance alignment between textual and anchor points’ object embeddings with zero inference and transferring cost.
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| Methodology

Semantic-activated visual prompt encoder (SAVPE)

Semantic branch outputs prompt-agnostic semantic features in D channels
without overhead of fusing visual cues.

Activation branch produces grouped prompt-aware weights by interacting
visual cues with image features in much fewer channels under low costs.

Derive prompt embedding with grouped prompt-aware aggregation.
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| Methodology

Lazy region-prompt contrast (LRPC)

Reformulate prompt-free setting as a retrieval problem and lazily retrieve
category from built-in large vocab for anchor points with objects efficiently.

Use specialized prompt embedding and train it to find all objects to filter
valid anchor points. O’ ={o€ O|o- P} > 5}

Avoid cost large language model dependency.
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Experiments

On zero-shot detection on LVIS, YOLOE achieves best trade-offs between performance and efficiency.

YOLOEVS8-S surpasses YOLO-Worldv2-S by 3.5 AP, with 3 X less training cost and 1.4 X inference speedup.

Prompt Training  Training FPS
Model Type Params Data Time  T4/iPhone AP APr AP APy
GLIP-T [32] T 232M OG,Cap4M 1337.6h -/- 26.0 20.8 214 31.0
GLIPv2-T [70] T 232M 0G,Cap4M - -/- 29.0 - - -
GDINO-T [37] T 172M 0G,CapaM - -/- 27.4 18.1 233 32.7
DetCLIP-T [65] T 155M oG 250.0h -/- 344 26.9 33.9 36.3
G-1.5 Edge [50] T - G-20M - -/- 335 28.0 34.3 33.9

0365,0LHT

T-Rex2 [20] A" - CH.SA-1B -/- 37.4 29.9 33.9 41.8
YWorldv2-S [5] T 13M oG 41.7h 216.4/48.9 24.4 17.1 22.5 27.3
YWorldv2-M [5] T 29M oG 60.0h 117.9/34.2 32.4 284 29.6 35.5
YWorldv2-L [5] T 48M oG 80.0h 80.0/22.1 35.5 25.6 34.6 38.1
YOLOE-v8-S T/V 12M/13M oG 12.0h 305.8/64.3 279/26.2 223/21.3 27.8/27.7 29.0/25.7
YOLOE-v8-M T/V 27M/30M oG 17.0h 156.7 /41.7 32.6/31.0 269/27.0 31.9/31.7 344/31.1
YOLOE-v8-L. T/V 45M/50M 0OG 22.5h 102.5/27.2 359/342 33.2/33.2 348/34.6 37.3/34.1
YOLOE-11-S T/V 10M/12M oG 13.0h 301.2/73.3 275/263 21.4/225 268/27.1 293/264
YOLOE-11-M T/V 21M/27M oG 18.5h 168.3/39.2 33.0/314 269/271 325/319 34.5/31.7
YOLOE-11-L. T/V 26M/32M oG 23.5h 130.5/35.1 35.2/33.7 29.1/28.1 35.0/346 36.5/33.8 m m m




Experiments

YOLOE achieves superior performance and efficiency on segmentation and prompt-free scenarios.

Segmentation evaluation on LVIS

Downstream transfer on COCO

Model Prompt  AP™ AP AP APY
YWorld-M* T 16.7 12.6 14.6 20.8
YWorld-L' T 19.1 14.2 17.2 23.5
YWorldv2-MT T 17.8 13.9 15.5 22.0
YWorldv2-LT T 19.8 17.2 17.5 23.6

YOLOE-v8-S T/V
YOLOE-v8-M T/V
YOLOE-v8-L. T/V
YOLOE-11-S T/V
YOLOE-11-M T/V
YOLOE-11-L. T/V

17.7/16.8 15.5/13.5 16.3/16.7 20.3/18.2
20.8/20.3 17.2/17.0 19.2/20.1 24.2/22.0
23.5/22.0 21.9/165 21.6/22.1 26.4/243
17.6/17.1 16.1/14.4 15.6/16.8 20.5/18.6
21.1/21.0 17.2/18.3 19.6/20.6 24.4/22.6
22.6/225 19.3/20.5 20.9/21.7 26.0/24.1

Prompt-free evaluation on LVIS

Model Backbone Params AP AP, AP. APy FPS

GenerateU [33]  Swin-T  297M 26.8 20.0 24.9 29.8 0.48
GenerateU [33]  Swin-L  467M 27.9 22.3 252 31.4 0.40

YOLOE-v8-S YOLOv8-S 13M 21.0 19.1 21.3 21.0 95.8
YOLOE-v8-M YOLOvV8-M 29M 24.7 222 245 253 45.9
YOLOE-v8-L YOLOv8-L 47M 27.2 235 27.0 28.0 25.3
YOLOE-11-S YOLOI11-S 11M 20.6 184 20.2 21.3 93.0
YOLOE-11-M YOLO11-M 24M 25.5 21.6 25.5 26.1 42.5
YOLOE-11-L.  YOLOI11-L 29M 26.3 22.7 25.8 27.5 34.9

Model Epochs AP” APZ, AP2; AP™ APL, APT:
Training from scratch
YOLOv8-S 500 447 614 487 36.6 580 38.6
YOLOv8-M 300 500 66.8 548 40.5 634 433
YOLOvS-L 300 524 693 572 423 660 449
YOLO11-8 500 46.6 63.3 506 37.8 59.7 40.0
YOLO11-M 600 515 685 557 41.5 650 439
YOLOI11-L 600 533 70.1 582 428 66.8 455
Linear probing
YOLOE-v8-S 10 356 515 389 303 482 320
YOLOE-v8-M 10 422 59.2 463 355 556 377
YOLOE-v8-L 10 454 633 500 383 59.6 408
YOLOE-11-S 10 370 529 404 31.5 49.7 335
YOLOE-11-M 10 43.1 60.6 474 36.5 569 39.0
YOLOE-11-L 10 451 628 495 38.0 592 40.6
Full tuning
YOLOE-v8-S 160 450 61.6 49.1 36.7 58.3 39.1
YOLOE-v8-M 80 504 67.0 552 409 63.7 435
YOLOE-v8-L 80 53.0 69.8 579 427 665 45.6
YOLOE-11-S 160 46.2 629 50.0 37.6 59.3 40.1
YOLOE-11-M 80 513 683 56.0 41.5 648 443
YOLOE-11-L 80 526 69.7 575 424 662 452

= YOLO-v8-L outperforms
GenerateU with 6.3 X fewer
parameters and 53 X
inference speedups.

= On COCO, YOLOE-v8-L
achieves 0.6 AP? and 0.4
AP™ gains over closed-set
YOLOVS-L with nearly 4 X
less training.
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Experiments

Roadmap to YOLOE.

= RepRTA enhances performance with zero overhead. = SAVPE outperforms Mask pool with improved aggregation.

Model Epochs AP AP, AP. AP; FPS (T/O) Model AP APf- !-‘!.P.,—- AP_f Model LRPC AP AP, AP. AP, FPS
YOLO-Worldv2-L 100 33.0 22.6 32.0 35.8 80.0/22.1 ] L 21.0 191 21.4 21.0 565
+ Fewer train. epochs 30 31.0 22.6 28.8 34.2 80.0/22.1 Mask pool 304 27.6 31.3 30.2 ve.s 0=l 210 190 213 210 958
+ Global negative dict. 30  31.9 22.8 31.0 344 80.0/22.1 SAVPE 319 204 32.5 31.7 “’_z 1"—':_, 210 19.1 213 21.0 66.1
- Cross-modal. fusion 30  30.0 19.1 28.0 33.9 102.5/27.2 : ] ' : d=1e" 20.8 19.1 21.2 208 106
+ MobileCLIP encoder 30  31.5 20.2 30.5 34.4 102.5/27.2 . . .
+ RepRTA 30 33.529.5 32,0 355 102.5/27.2 = [RPC obtains notably inference speedups by lazy retrieval.
+ Segment. (YOLOE) 30 33.3 30.8 32.2 34.6 102.5/27.2
L ]
- TN :
Text Prompt: {white hat, red hat, Visual Prompt: handcrafted shape Visual Prompt: cross image Prompt free (omitting segmentation H | l -
white car, sunglasses, mustache, tie} for clearer visualization) :
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