Universal Instance Perception as Object Discovery and Retrieval
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« :trophy: We are the runner-up in Segmentation in the Wild challenge.
« :trophy: We are the winner of BDD100K MOT Challenge and the runner-up of BDD MOTS Chal-
lenge on CVPR2023 workshop.
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Highlight

« UNINEXT is accepted by CVPR2023.

« UNINEXT reformulates diverse instance perception tasks into a unified object discovery and
retrieval paradigm and can flexibly perceive different types of objects by simply changing the
input prompts.

« UNINEXT achieves superior performance on 20 challenging benchmarks using a single
model with the same model parameters.
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Object-centric understanding is one of the most essential and challenging problems in computer vi-
sion. In this work, we mainly discuss 10 sub-tasks, distributed on the vertices of the cube shown in
the above figure. Since all these tasks aim to perceive instances of certain properties, UNINEXT reor-
ganizes them into three types according to the different input prompts: - Category Names - Object
Detection - Instance Segmentation - Multiple Object Tracking (MOT) - Multi-Object Tracking and Seg-
mentation (MOTS) - Video Instance Segmentation (VIS) - Language Expressions - Referring Expression
Comprehension (REC) - Referring Expression Segmentation (RES) - Referring Video Object Segmenta-
tion (R-VOS) - Target Annotations - Single Object Tracking (SOT) - Video Object Segmentation (VOS)

Then we propose a unified prompt-guided object discovery and retrieval formulation to solve all the
above tasks. Extensive experiments demonstrate that UNINEXT achieves superior performance on 20

challenging benchmarks.




Demo

https://user-images.githubusercontent.com/40926230/224527028-f31e8de0-b8aa-4cfb-a83b-
63a70ff5bd52.mp4

UNINEXT can flexibly perceive various types of objects by simply changing the input prompts, such as
category names, language expressions, and target annotations. We also provide a simple demo script,
which supports 4 image-level tasks (object detection, instance segmentation, REC, RES).

Results

Retrieval by Category Names

Object Detection (COCO 2017 val)

Model | Backbone | AP APy AP;; APs APy APy

Faster R-CNN [87] 42.0 62.1 455 26.6 454 534

DETR [9] 43.3 63.1 459 225 473 61.1

Sparse R-CNN [93] 45.0 634 482 269 472 59.5

Cascade Mask-RCNN [8] ResNet-50 46.3 64.3  50.5 - - -

Deformable-DETR [135] 46.9 65.6 51.0 29.6 50.1 61.6

DN-Deformable-DETR [55] 486 674 52.7 31.0 520 63.7

UNINEXT 51.3 684 56.2 32.6 557 665

HTC++ [12] . 58.0 - - - - -

DyHead [21] Swinl 163 - . - - -

Cascade Mask R-CNN [8] 548 738 59.8 - - -

UNINEXT ConNeXtL | 5o 1 749 637 407 625 736

ViTDet-H [74] VIT-H 58.7 - - - - -

UNINEXT 60.6 77.5 66.7 451 64.8 753

Instance Segmentation(COCO 2017 test-dev) Video Instance Segmentation
Model ‘ Backbone ‘ AP APsy AP;; APs APy APp Method Backbone Online AP v'izg;:m[:l)w AP OXIE,DVG] APys
Condlnst [94] 386 602 414 206 410 511 VisTR [104] X 362 598 369 | - B -
Cascade Mask R-CNN [§] 38.6 60.0 41.7 21.7 408 49.6 MaskProp [4] X 40.0 - 429 - - -
SOLOV2 [103] 388 59.9 417 165 417 562 IFC [45] X 428 658 468 | 131 278 116
HTC [12] ResNet-50 | 20’2 614 431 9226 422 506 SeqFormer [107] | ResNet-50 X | 474 698 518 IS.’I) 3.9 138
UNINEXT 449 670 489 263 485 590 ol S 1530 7s2 203 | 340 s55 356
Querylnst [31] swin.L |41 742 538 35 518 632 SeqFormer [107] X | 593 821 664 | - ) -
Mask2Former [16]* 50.1 - - 299 539 721 VI\?IT[ 1 X %97 - 66.7 198 396 172
Cascade Mask RCNN 8] | (o o 1476 713 517 - - , VITA [41] Swin-L % o 860 o o =
LILLLID.NY SN 496 734 543 304 536 657 pori09) v |3 815 710 |426 657 452
ViTDet-H [74]" VIiTH 509 - - - - - UNINEXT ComNeXtL | « | 643 872 717 |4L1 658 420
UNINEXT 518 762 567 333 559 675 UNINEXT ViT-H v/ | 669 875 751 |49.0 725 522
MOT (BDD100K) MOTS (BDD100K)

Method Split mMOTAT mIDFI4+ MOTAtT IDFIf IDSw.} Method Online mMOTSAT mMOTSPt mIDFIT ID Sw.|
Yueral [124]  val 25.9 445 569 668 8315 el o ; e it .
QDTrack [82] val 366 508 635 715 6262 pranipnnien | o = .
Unicom [113]  val 41.2 540 66.6 73 10876 QDTrack-mots [7] v 25 59.6 40.8 1340
UNINEXT-L  val 41.8 549 64.6 687 9134 PCAN [49] > pi pitpi 45 76
UNINEXT-H  val 44.2 56.7 67.1 69.9 10222 VMT [48] x 28.7 673 457 825
Unicorn [113] v 29.6 67.7 44.2 1731
UNINEXT-L v/ 32.0 60.2 454 1634
UNINEXT-H v 357 68.1 485 1776



assets/demo.sh

REC (Prec@0.5) RES (o]

RefCOCO RefCOCO+ RefCOCOg Method RefCOCO

val  testA testB | val  testA testB | val-u test-u val  testA  testB
UNITER, [15] 8141 87.04 74.17 | 7590 8145 66.70 | 74.86 75.77 ~ CMSAI[123] 58'22 6(216; 53-(2)9
VILLA, [34] 8239 8748 7484 | 7617 81.54 66.84 | 76.18 76.71 g&‘ggil[ J] 2‘2143 gi'gg 2048;
MDETR [47] 8675 8958 8141 | 79.52 84.09 70.62 | 81.64 80.89 S Dy :

Method

MCN [72] 6244 6420 59.71
RefTR [57] 85.65 88.73 81.16 | 77.55 82.26 6899 | 79.25 80.01 EFN [33] 6276 65.69 59.67
SeqTR [134] 87.00 90.15 83.59 | 78.69 84.51 71.87 | 82.69 83.37 VLT [26] 6565 6829 62.73
UNINEXT-R50 89.72 9152 86.93 | 79.76 8523 72.78 | 83.95 84.31 SeqTR [134] 7170 7331 69.82
UNINEXT-L 9143 9373 88.93 | 83.09 87.90 76.15 | 8691 87.48 LAVT [120] 7273 7582 68.79

UNINEXT-H 92.64 9433 9146 | 85.24 89.63 79.79 | 88.73 89.37 UNINEXT-R50 7790 79.68 75.77
UNINEXT-L 80.32 82.61 71.76
UNINEXT-H 82.19 8344 81.33

R-VOS
Ref-Youtube-VOS Ref-DAVIS17
Method Backbone T&F 7 F T&F Ve F
CMSA [123] 364 348 38.1| 402 369 435
URVOS [90] 472 453 492 | 515 473 560
YOFO [54] ResNet-50 | 48.6 475 49.7 | 544 501 587
ReferFormer [108] 587 574 601 | 585 558 613
UNINEXT 612 3593 630 | 639 596 68.1
PMINet+ CFBI [27] | [ 542 530 555 - B B
CITD [58] e 614 600 627 | - - -
MTIR [7] ) ) 553 540 566 | - B B
ReferFormer [108] | V900SWInT | 628 670 | 611  58.1 64l
UNINEXT ConvNextL | 66.2 640 684 | 667 623 7L1
. . NINEXT ViT-H 701 67.6 727 | 72. 2 76.
### Retrieval by Language Expressions L : §%.6 2 02 J68
SOT
LaSOT [30] LaSOTey [29] TrackingNet [79] | TNL-2K
Method Backbone |5 5 TAUC Paows P | AUC Prom. P | AUC
PDIMP [27] 508 688 608 | - B T [758 816 704 | 470
LTMU [20] 572 - 572 414 499 413 | - . - | 485
TransT [14] ResNet:50 | 649 738  69.0| - B S| 814 867 803 507
KeepTrack [75] 67.1 77.2 70.2 | 482 - - - - - -
UNINEXT 692 771 755|512 581 581|832 869 833 | 560
SimTrack [10] ih 03 7185 - - B T 823 - 865 | %48
OSTrack [122] - 711 811 77.6| 505 613 576 | 839 885 832 559
Unicom [113] | oo oo [ 685 766 T4l | - B 830 864 822 -
UNINEXT OMVNEALL | 724 807 789 | 544 618 614 | 851 882 847 | 58.1
UNINEXT VITH 720 807 794 | 562 638 638 | 854 8§90 864 | 593
VOS
Netiod YT-VOS 2018 val [111] DAVIS 2017 val [83]
G Jo Fo Ju Fu J&F T F
- STM[51] 79.4 79.7 84.2 72.8 80.9 81.8 79.2 843
g CFBI[121] 81.4 81.1 85.8 75.3 83.4 819 79.1 84.6
5 STCN[I8] 83.0 81.9 86.5 77.9 85.7 85.4 822 88.6
Z XMem [17] 86.1 85.1 89.8 80.3 89.2 87.7 84.0 91.4
SiamMask [100] 52.8 60.2 58.2 45.1 47.7 564 543 58.5
£ Unicorn [113] ... oL 692 652 732
£ SiamR-CNN[98] 732735 - 662 - 706 661 750
= TVOS [130] 67.8 67.1 69.4 63.0 71.6 723 69.9 74.7
£ FRTM [89] 72.172.3 762 65.9 74.1 767 73.9 79.6
Z UNINEXT-R50 77.0 76.8 81.0 70.8 79.4 74.5 713 77.6

UNINEXT-L  78.1 79.1 83.5 71.0 78.9 772 732 812
UNINEXT-H  78.6 79.9 84.9 70.6 79.2 81.8 77.7 85.8

### Retrieval by Target Annotations

Getting started

1. Installation: Please refer to INSTALL.md for more details.

2. Data preparation: Please refer to DATA.md for more details.
3. Training: Please refer to TRAIN.md for more details.

4. Testing: Please refer to TEST.md for more details.



assets/INSTALL.md
assets/DATA.md
assets/TRAIN.md
assets/TEST.md

5. Model zoo: Please refer to MODEL_Z0OO.md for more details.

Citing UNINEXT

If you find UNINEXT useful in your research, please consider citing:

@inproceedings{UNINEXT,
title={Universal Instance Perception as Object Discovery and
Retrieval},
author={Yan, Bin and Jiang, Yi and Wu, Jiannan and Wang, Dong and
Yuan, Zehuan and Luo, Ping and Lu, Huchuan},
booktitle={CVPR},
year={2023}
}
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