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Background and Application Scenario Scenario Attribute Comparison with SOTA

Adverse cases
I T T T ] Venue _mHOTA] _ mIDFL] _ mMOTAT _HOTA{ _IDFI] _MOTA] _ IDs| __MT] _ ML]

» Multi-Object Tracking (MOT) : jointly locate targets through bounding Irregular mofion ___ Substantial variation in position Substantial variation in shape Dense crowds Smalltargets validation
- - QDTrack [33] CVPR21 - 508 36.6 - 71.5 63.5 6262 9481 3034
Unicorn [51] ECCV22 - 540 41.2 - 71.3 66.6 10876 10296 2505
MOTR [54] ECCV'22 - 44.8 323 - 65.8 56.2 - - -
TETer [24] ECCV'22 - 533 39.1 - - - - - -
ByteTrack [57] ECCV'22 453 548 45.2 61.3 70.4 69.1 9140 9626 3005
MOTRv2 [58] CVPR’23 - 565 43.6 - 72.7 65.6 - - -
GHOST [41] CVPR’23 45.7 556 44.9 61.7 70.9 68.1 - - -
Motion Complexity reflects the irregularity and unpredictability of target e A O] 463 b6 e 63T 27 N 1O W1
motion within the scenario; Variation Amplitude reflects the target’s variability, DeepBlueAl - - 387 3L6 - 6.0 569 25186 10296 12266
. i . . madamada - - 430 336 - 55.7 59.8 42901 16774 5004
encompassing both shape and position; Target Density reflects the density of QDTrack [53] CVPR2I 419 524 357 ws 75 646 1079 17353 5167
the crowds in the scenario; Small Target represents the average amount of oot N s o ol o B Iee BT 107
small taraets in the scenario: Frame Rate is the number of frames captured in General Track(Ours) 419 569 39.9 63.7 73.6 69.1 14489 21281 3715
Overview of Venue HOTA[ MOTAT IDFI1T AssAT DetA] .
P - GTR [61] CVPR22 345 679 558 450 648 Attribute Maps for Datasets
GeneralTrack = . -t | [ Tracklet location ByteTrack [S7]  ECCV'22 641 959 714 523 785
= o - z i DtisateE OC-SORT [6] CVPR'23 737 965 740 615 885 Frame
=2 e g . i R0 MixSort-Byte* [8] ICCV'23 657 962 741 548 788 rate
£3 " Frame 1 g DPooling [ .., | 5 Exasglepole MixSor-OC* [§]  ICCV'23 741 965 744 620 885 )
ag e Y GeneralTrack(Ours) - 741 968 764 617 890 Motion Target
] § " g aH_I E Motion template complexity density panceTrack
E . o
= 4D Correlation ki ] Correlation Domain Generalization
Volume s Pyramid Training - Inference |y orat MOTAT IDFIT AssAT Detd?  Variation Small
o : (Source) (Target) plitud: target
a z SportsMOT SportsMOT | 750 956  77.9 636 884 —
= T— — £ BDDIOOK SporsMOT | 738 957 767 616 884 NG
—P . = ! _] = g DanceTrack DanceTrack| 569 — 90.1 575 411 79.1
acerceation . Raintregion L BDDIOOK DanceTrack| 549 892 553 384 787 Ablation study
xMN
Frame -1 Relation Map Clas  Car Peds Rider Bus Track Tran Motocy Bycicle  SetingMRHRAMHOTATmIDE1{mMOTATHOTATIDEITMOTAT IDsl
Instance Part ~——— Point Frame ¢ Setting Source & Target #1 v 47.1 56.1 46.1 634 725 683 8503
i . HOTAT | 662 504 473 621 550 O 476 480 # ; 5 462545 436 624 713660 9070
. . » Step 1: We use Feature Relation Extractor to construct global dense DFIT | 757 608 607 09 606 0 593 e0s oL Y49 93 35 8 69 %I 1w
. . . . . . . y S y #1 469 55.7 45.6 63.1 722 679 9447
Automatic driving relations with frame t for each point in frame t — 1 by a 4D correlation MOTAT| 730 558 489 584 472 06 424 436 L | | 4y e ars ers o1 oo 10618
Contribution volume. IDsy | 5917 2209 29 45 192 0 8 143 # V| 417 478 363 558 612 567 14015
S . . ) Setiing | Source Target 4 |V 167 555 456 628 718 679 9070
> We analyze the factors that hinder the generalizability of existing trackers and > Step 2: We transform the global relations into Multi-scale Point-region :Ig:;‘; O [y e s e 0 mT e
concretize them into tracking scenario attributes that can guide the design of Relations, and form a relation map for frame t — 1. MOTAT| 725 |563 401 589 469 06 417 413 H | Skt | 41 1 a1 ek 153 ess ssos
. . . . . IDs| 6186 |2790 23 44 140 0 8 152 SR=7 469 557 46.0 63.5 727 683 8454
trackers. > Step 3: We perform Hierarchical Relational Aggregation according to : :

» We propose a “point-wise to instance-wise relation” framework for MOT. It
first constructs point-wise relations through the multi-scale 4D correlation
volume and then aggregates them into instance-wise associations through a
novel “point-part-instance” hierarchy.
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» Extensive evaluation of the GeneralTrack shows that it achieves the state-of-
the-art performance on multiple MOT datasets. In addition, GeneralTrack
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Background

» (a) Locate targets through bounding boxes.

» (b) Recognize their identities throughout a whole video.




Motivation

Existing trackers struggle to accommodate all aspects or necessitate
hypothesis and experimentation to customize the association information

(motion and/or appearance) for a given scenario, leading to narrowly
tallored solutions with [imited generalizability.

Adverse cases
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Motion Complexity reflects the irregularity and unpre-
dictability of target motion within the scenario. The more
irregular and unpredictable the motion, the greater its
complexity.

Variation Amplitude reflects the target’s variability, en-
compassing both shape and position variations.

Target Density reflects the density of the crowds in the
scenario, implicitly reflecting the degree of occlusion
within the crowds.

Small Target represents the average amount of small tar-
gets in the scenario.

Frame Rate is the number of frames captured in one sec-
ond of the input video stream.



Overview of MotionTrack
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>  Step 1: We use Feature Relation Extractor to construct global dense relations with frame t for each point in
frame t — 1 by a 4D correlation volume.

»  Step 2: We transform the global relations into Multi-scale Point-region Relations, and form a relation map for
frame t - 1.

»  Step 3: We perform Hierarchical Relational Aggregation according to the point-part-instance hierarchy to
associate the tracklets and detections.

Frame #-1



Comparison with SOTA

Venue mHOTA T mIDF11 mMOTAT HOTAT IDF1t MOTA?T IDs| MT?t ML,
validation
QDTrack [38] CVPR’21 - 50.8 36.6 - 71.5 63.5 6262 9481 3034
Unicorn [56] ECCV’22 - 54.0 41.2 - 71.3 66.6 10876 10296 2505
MOTR [59] ECCV’22 - 44.8 323 - 65.8 56.2 - - - Venue HOTAT MOTAT IDF11 AssAT DetAT
TETer [27] ECCV’22 - 53.3 39.1 - - - - - - Transformer based:
ByteTrack [62] ECCV:22 453 54.8 45.2 61.3 70.4 69.1 9140 9626 3005 MOT£ [59] ECCV'22 542 797 515 402 735
GrosTis] ViR 457 5§ 449 e7 19 el . . . Hbirdbased
J . . . . . . - - - . -
General Track(Ours) 46.9 56.2 46.4 63.1 72.7 68.8 8496 11830 2035 ?A?;I;vz E:}] CVPR’23 699 919 717 390 830
ased:
fest
DeepBlueAl - - 38.7 31.6 - 56.0 56.9 25186 10296 12266 ByteTrack [62] ECCV’22 477  89.6 539 321 710
madamada - . 43.0 33.6 - 55.7 59.8 42901 16774 5004  FineTrack [41] CVPR'23 527 89.9 59.8 385 724
QDTrack [58] CVPR’ 21 41.9 52.4 35.7 60.5 72.5 64.6 10790 17353 5167 OC-SORT [0] CVPR'23 55.1 92.2 549 404 804
ByteTrack [62] ECCV’22 - 55.8 40.1 - 71.3 09.6 15466 18057 5107 GHOST [46] CVPR23  56.7 91.3 577 398 8l1.1
GHOST [46] CVPR’23 46.8 57.0 395 62.2 72.0 68.9 - - - GeneralTrack (Ours) - 5972 9] 8 507 428 82.0
General Track(Ours) 47.9 56.9 399 63.7 73.6 69.1 14489 21281 3715
Venue HOTAT MOTAT IDF11 AssAT DetAT IDs |
MOTI17
ngR [Ti' | Eﬁgig gt}f ;[3);1 ?§§ gga 222 ;]132 Venue HOTAT MOTAT IDF17T AssAT DetAT
vteTrack [62 “CV? . . X . 45 2 ;
OC-SORT [6] CVPR23 63.2 78.0 775 632 632 1950 GTR [ﬁﬁ] CVPR 22 545 6?9 558 459 648
MOTRv2[63]  CVPR'23 620 786 750 606 638 - ByteTrack [62] ~ ECCV'22 64.1 959 714 523 785
GHOST [46] CVPR23 628 T8.7 77.1 - - 2325 \ _
GeneralTrack(Ours) - 64.0  80.6 783 63.1 65.1 1563 OC-SORT [6] CVPR’23 737 96.5 740 615 885
Motr20 _ MixSort-Byte* [8] ICCV'23  65.7 96.2 74.1 548 788
ByteTrack [62] ECCV'22 613 77.8 752 596 634 1223 ) . . _
OC-SORT [6] CVPR'23 621 755 759 620 - 913 MixSort-OC* [5] ICCV'23  74.1 96.5 744  62.0 BB.5
MOTRv2 [63] CVPR23 603 762 722 581 629 - GeneralTrack(Ours) - 74.1 96.8 76.4 61.7 89.0
GHOST [46] CVPR'23 61.2 73.7 75.2 - - 1264
GeneralTrack(Ours) - 61.4 772 740 595 63.7 1627




Ablation Study Comparison for Domain generalization

SettingMRHRAmHOTA tmIDF1TmMOTATHOTATIDFI+MOTA? IDs|,

Class Car Peds Rider Bus Truck Train Motocy Bycicle

#1 v V' | 471 561 461 634 725 683 8503 Setting Source & Target
# v V| 462 545 436 624 713 660 9070 .
83 v 42.9 492 375 578 639 592 11584 HOTAT 66.2 5ﬁ.4 47.3 62.1 550 0 47.6 48.0
4 v | 469 557 456 631 122 619 9447 IDF1T 757 608 60.7 709 606 0 593 604
#2 S| 453 533 429 €17 701 650 10673 MOTAT 73.0 558 489 584 472 -06 424 436
3 V| 417 478 363 558 612 567 14015 IDs| | 5917 2209 29 45 192 0 8 143
# v | 467 555 456 628 718 679 9070 Setting | Source Target

v HOTAT 658 489 456 61.8 546 0 47.7 47.7
4 SR=l | 469 557 460 631 721 682 9173 IDF1+ 749 586 577 704 604 0O 60 59.8

SR=4 | 47.1 561 461 634 725 683 8503 MOTAT 728 543 441 589 469 -0.6 41.7 433

SR=7 | 469 557 460 635 727 683 8454 Ds| | 6186 2790 23 44 140 0 g 152
Class HOTAT IDF11 MOTAT IDs) . o o
Pedestrian 030.1) 6070.) 55.6402) 22360 12%) Domain generalization for data with different classes.
Rider 43.7(+3.6) 57.9(+2.8) 46.3(+2.6)  52(]44.2%)
Car 66.2(+0.0) 75.4(+0.1) 73.1(-0.1) 6018(] 1.6%) Training Inference HOTAT MOTA* IDFIT AssA? DetA’
Bus 60.0(+2.1) 69.1(+1.8) 56.5(+1.9)  70(]35.7%) (Source)  (Target)
Truck 34.2(+0.8) 6L.7(-1.1) 48.7(-1.5)  219(]12.3%) SportsMOT  SportsMOT = 75.0 05.6 779 636 884
Train 0.0 (+0.0) 0.0 (+0.0) -0.6 (+0.0)  0.0() 0.0%) BDDI00K SportsMOT ~ 73.8 95.7 767 61.6 884
MO[DI’C}'C]E 46.6(+1.0) 58.6(+0.7) 39.2(+3.2) 11(27.3%) DanceTrack DanceTrack 56.0 90,1 575 41.1 79 1
Bycicle 478(+0.2) 60.1(+0.3) 43.1(+0.5)  144(] 0.7%) BDDIOOK DanceTrack 549  89.2 553 384 787
Detect average | 63.3(+0.1) 72.5(+0.0) 68.4(-0.1) 8750(] 2.8%)
Class_average | 46.1(+L0) 35.5(+0.6) 452(+09) 8750() 2.8%) Domain generalization for data in different datasets.
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