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Method HOTAT IDF1T AssAT | MOTAT DetAt Method HOTAT IDFIT AssAT | MOTAT DetAt
Method HOTA?T IDF11 AssAt|MOTA?T|FP(10*)) FN(10%)] ID,| Frag| AssR?
FairMOT [36] 493 535 347 86.4 70.2 FairMOT [36] 39.7  40.8  23.8 82.2 66.7
FairMOT [36] 9.3 723 58.0 | 73.7 2.75 11.7 3,303 8,073 63.6 CenterTrack [40] 62.7 60.0 480 | 90.8 817 CenterTrack [40] 418 357 226 | 868  78.1
CenterTrack [4[]] 52.2 64.7 - 67.8 1.8 1.6 3.039 - - TransTrack [29] 68.9 71.5 57.5 02.6 827 TransTrack [29] 45.5 45.2 27.5 85 4 75.9
ancTrarnl [)( g, _ S N 9. p , o) ~ ey =
Hg?;l{'rd;.kﬂ[; )] 2;1.{1] :1 ; ;1:;2 _7,;; 5.02 8.64 3,603 4872 57.1 ByteTrack [37] 623 608 5.2 04 1 77 1 MOTRv2 [38] 69.9 717  59.0 91.9 83.0
. I y i B A . - - - - - =
v2 [38] BoT-SORT [ 1] 68.7 70.0 559 04.5 84.4 ByteTrack [37] 47.3 52.5 314 89.5 71.6
ByteTrack [37] 63.1 773 620 803 2.55 8.37 2,196 2,277 68.2 OC-SORT [7] 719 722 598 | 945 864 MotionTrack [33] 529 538 347 | 913 809
MotionTrack [33] 65.1  80.1 = 81.1 2.38 8.16 1,140 - = DiffMOT [21] 72.1 728 605 | 945  86.0 OC-SORT [7] 551 542 380 | 894 803
OC-SORT [7] 632 715 632 78.0 1.51 108 1,950 2,040 67.5 *ByteTrack [37] 64.1 714 523 | 959 785 StrongSORT++[12] 556 552 386 | 91.1 807
StrongSORT++[12] 644 795 644 796 279 8.62 1,194 1,866 71.0 *MixSort-Byte [10] 65.7 744 584 | 962  78.8 GeneralTrack [24] 592 597 428 | 918 820
GeneralTrack [24] 640 783 63.1 80.6 - - 1,563 - - *OC-SORT [7] 737 740 615 | 965 885 C-BloU [35] 606 616 454 | 918  81.3
C-BloU [35] 641 79.7 637 8Ll - - - - - *MixSort-OC [10] 74.1 744 620 | 965 885 Deep OC-SORT [22] 61.3 615 458 | 923 822
Deep OC-SORT [22] 649 80.6 65.9 79.4 1.66 0.88 1,023 2,196 70.1 *GeneralTrack [24] 74.1 76.4 61.7 06.8 89.0 CMTrack [28] 61.8 63.3 464 92.5 _
CMTrack [28] 655 815 66.1 80.7 2.59 8.19 912 1,653 - *Difft MOT [21] 76.2  76.1  65.1 97.1 89.3 DiffMOT [21] 62.3 630 472 92.8 82.5
DiffMOT [21] 645 793 646 79.8 - - - - - #SelfTrEncMOT 764 77.1 66.0 | 95.84 884 Self TrEncMOT 64.14 66.47 50.85 | 90.08 81.06
7, 7 2
Self TrEncMOT 63.48 73.12 63.25 79.16 1.9 9.6 1,008 68.8 Comparison with MOT trackers on the SportsMOT test set. The Comparison on the DanceTrack test set. Methods are grouped
Comparison on the MOT17 test set. The JDR methods are in the upper part, and the TBD methods are in lower part shows TBD methods, which are relevant to ours. into JDR in the upper part and TBD in the lower part. Methods
the lower part. Methods using YOLOX are highlighted in blue. Methods marked with * indicate the detector was trained on using YOLOX are highlighted in blue.
SportsMOT's train and validation sets. YOLOX-based methods
are highlighted in blue.
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ot ot Self-supervised encoder design: \We
iIntroduce a self-supervised encoder that
’ - enhances the temporal stability and
. discriminability of depth-segmentation
| f features.
EenE et resenstauctac Novel MOT framework: Our method is the

one object in frame t

first to leverage the self-supervised encoder
to refine segmentation masks and
iIncorporate them directly into the matching
score, without computing mask loU.
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Qualitative Results of the Depth-Segmentation Strong pe rformance: \We achieve
Autoencoder: The encoder preserves key spatial competitive results across diverse tracking
details and object boundaries, supporting robust _ _ _ ,
o [ J— association, despite variations in scale and scenarios, showing particular robustness in
) embeaceaeaturs structure. occluded scenes.
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