SN,

3* 'NEURAL

2%1.. INFORMATION

“J*}4s PROCESSING
)4 *SYSTEMS

DeTrack: In-model Latent Denoising Learning for
Visual Object Tracking

Xinyu Zhou! Jinglun Li? Lingyi Hong! Kaixun Jiang? Pinxue Guo?

Weifeng Ge'* Wengiang Zhang!-*

1Shanghai Key Lab of Intelligent Information Processing,
School of Computer Science, Fudan University, Shanghai, China
2Shanghai Engineering Research Center of Al & Robotics,

Academy for Engineering and Technology, Fudan University, Shanghai, China
zhouxinyu2(0@fudan.edu.cn, jingli960423 @ gmail.com, lyhong22 @m.fudan.edu.cn,
kxjlang22 @m.fudan.edu.cn, pxguo2 1 @m.fudan.edu.cn,
weilfeng.ge.ic @gmail.com,wqzhang @fudan.edu.cn



DeTrack: In-model Latent Denoising Learning st

forVisual Object Tracking 5 UNEURAL
Xinyu Zhou?, Jinglun Li?, Lingyi Hong?, Kaixun Jiang?, Pinxue Guo?, Weifeng Ge! and Wengiang Zhang?? "} +PROCESSING
1School of Computer Science, Fudan University, 2Academy for Engineering and Technology, Fudan University, ¢*SYSTEMS

Motivation \

Noisy Image, Input Image

Templates  Search Region

Noisy box;

Feature
" Extraction

\ Encoder / i ,

1= 1= 2% 2=
| X[ Vi > X1 5 VI |

U-Net Repeat Noisy box Denqwmg et
X N xi, vi, wi, hi ViT

/ Decoder \
Repeat

! < N Mapping
i In-model Latent
Denoising
Noisy Image; , Noisy box; Box,
(a) Denoising Learning in Image Generation (b) Denoising Learning in Object Detection (c) The Proposed Denoising Learning Tracking Paradigm

> We propose a novel in-model latent denoising learning paradigm for visual object tracking,which provides a new perspective for the
research community. It decomposes the classical explicit denosing process into several denoising blocks and solves the problem with
atracking network in a single forward pass, which is valuable for real applications.
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P We present a tracking model including a denoising ViT, comprised of multiple denoising blocks. The denoising process can be completed
by progressively denoising through the denoising blocks within ViT. Furthermore, we construct a compound memory in the model that
improve the tracking results using visual features and trajectory.
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P We design a compound memory that includes both a visual memory and a trajectory memory. The visual memory enhances the model’s
ability to adapt to changes in the appearance of the target and the environment in the video. Besides, the trajectory memory enables the
model to continue tracking the target even in the presence of occlusions or disappearances.
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AV'.-T- GOT-10k* LaSOT __ LaSOT... . . \
Method AUCOPS0 OP75 | AO SRos  SRo7s [AUC PP [AUC o Quantltatlve RESUltS

SiamPRN++a55 [31] 39.0 435 21.2 | 51.7  6l6 325 49.6 56.9 49.1 | 34.0 41.6 39.6

DiMPaogg [2] - . - el 717 492 [ 569 650 567 | 392 476  45.1 ) _
ATOMogg [11] 386 415 222 - - - 515 576 505 | 376 459 430 3P Ourtracker demonstrates outstanding performance on AVisT,
PrDiMPaogg [12] 433 480 287 | 634 738 543 | 598 688 608 | - _ - . .

Oceanass [53] 389 436 205 | 6.1 721 473 | 560 651 566 | - - - a dataset with extreme weather conditions and harsh
Alpha-Refinesgs [48] | 49.6 557 382 | - - - 653 732 680 | - - - environments. It outperforms SeqTrack384 by 2.4% in AUC,
TransTosg [7] 490 564 372 | 671 768 609 | 649 738  69.0 | - - - L , .

ToMPogg [34] 510 595 380 _ _ . 67.6 78.0 772 | 45.9 . . SUbStantlatlng our tracker’s excellence in extreme

DATTa5¢ [52] - - - | 728 831 684 | 652 693 736 | - _ - : o

TATrackosg [24] - - - |70 83 685 |[e81 772 722 - - - environmental conditions

CTTrackasg [39] 563 661 448 [ 713 807 703 | 678 778 740 | - - - P0ur method demonstrates superior performance on the
TMT355 [42] 48.1 553 338 | 67.1 777  S83 | 639 ; 614 | - ; - . o

KeepTracksso [35] 494 563 378 i _ i} 67.1 77.2 702 | 48.2 _ i GOT-10k. Our DeTrack256 achieves a S|gn|f|cant

STARK 320 [47] ST 592 39.1 | 688  78.1 64.1 | 67.1 770

610 790 06 200 3| 477 556 554 improvement in AUC compared to SeqTrack256 , with

AiATrackazo [17] - - - _ _

Mixformersag [10] 565 663 451 | 707 8.0 678 | 692 787 747 | - . - increases of 3.0% and 2.4%, respectively. Our DeTrack384

OSTrackasg [51] 542 632 422 | 710 804 682 | 69.1 787 752 | 474 573 533

OSTrackag [51] 577 673 483 | 737 832 708 | 711 811 776 | 505 613 576 outperforms the state-of-the-art method ARTrack384 by

SwinTrackaz4 [33] - - - |73 819 645 | 672 708 - | 476 539 - 2.4%,.

SwinTrackaga [33] - - - | 724 805 678 | 713 765 - | 491 556 - _ . _

ROMTrackssg [3] 578 676 486 | 729 89 702 | 693 788 756 | - . - >LaSqOT is benchmark designed for long-term tracking,

ROMTrackas4 [3] 59.1 687 505 | 742 83 724 | 714 814 7182 | - ; - ¢ . lecti . £ 280 vid 0

F-BDMTrackose [49] | - - - | 727 820 699 | 699 794 758 | 479 579 540 eaturing a test collection consisting o videos. vur

F‘—BDMTfaCk.‘ISd [49] - - - 75.4 84.3 72.9 72.0 Bl1.5 77.7 50.8 61.3 57.8 DeTrack256 achleves an AUC Of 71'3%’ exh|b|t|ng

GRMa5¢ [18] 545 631 452 | 734 89 704 | 699 793 758 | - ; - )

GRM320 [18] 552 642 468 | 734 829 705 | 699 793 758 | - ; _ performance improvement compared to other methods.

SeqTrackzse [6] 568 668 456 | 747 847 718 | 699 797 763 | 495 608 563 s A

SeqTrackss4 [6] 578 674 480 | 748 819 722 | 715 818 778 | 505 616 575 Additionally, our DeTrack384 also demonstrates state-of-the

ARTrackase [43] - - - 73.5 822 70.9 70.4 79.5 76.6 | 46.4 56.5 523 art performance. LaSOText demonstrates the strong

ARTrackaga [43] - - - | 755 843 743 | 726 817 791 | 519 620 585 . . i
generalization capability of our approach even with extended

DeTrackasg (ours) | 60.1  69.7  50.6 | 77.1  86.1 735 | 713 801 768 | 479 566  52.1 . . , .

DeTracksgg (ours) | 602  69.1 502 [ 779 865 749 | 729 817 791 | 536 644  60.4 data, particularly manifesting notable advantages in the

accuracy of bounding box center point.
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P Here is the visualization of our denoising process from step 1 to step 12. It demonstrates the gradual denoising from the first
to the twelfth step, ultimately resulting in the final bounding box.
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> We also conducted ablation experiments on the lengths of the visual memoryand trajectory memory, as well as on the loU
threshold and Softmax threshold. Additionally, we performed an ablation study on the overall compound memory.




