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The conventional DETR framework

One-to-One Matching

{ Label: [ zebra, ], Boxes:[ (x, y, h, w) ]}
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Hybrid Matching Framework

One-to-One Matching

‘P ] —» Class loss & Focal loss & Dice loss

. 1y, hw)l} Matched Queries { Label: [ zebra, ], Boxes:[ (x, y, h, w) ] }
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D ] O] [ B ] F]l—— Class loss only

S Unmatched Queries { Label: [ No_object, No_object, No_ob-

i - ject, No_object, No_object, No_object, ] }
Query Predictions Groundtruth G

« Deformable-DETR typically only selects less than 30 queries from a pool of
300 queries

* Nearly 99% of the COCO images consist of less than 30 bounding boxes
annotations

« Make queries suffer from very limited localization supervision



One-to-Many matching

One-to-Many Matching
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Query Predictions

H { Label: [zebra,
zebra, zebra,
zebra, ], Boxes:[
X v, h, w), (%, v,
@ h,w), (x,y, h, w),
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Repeated Groundtruth

Unmatched Queries

B[] [] = Class loss & Focal loss & Dice loss
Matched Queries

{ Label: [ zebra, zebra, zebra, zebra, ],
Boxes: [ (x, y, h, w), (x, y, h, w), (x, y, h, w),
(x, y, h, w)]

B []E  —— Classloss only

{ Label: [ No_object, No object, No ob-
ject, 1}



' Training/Testing-Branch ! Training-Only-Branch

L x Decoder Layers
{One-to-One Matching)

L x Decoder Layers
(One-to-Many Matching)
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Hybrid-Branch

1 p Training Epochs

+1(1-p) Training Epochs

L x Decoder Layers
(One-to-Many Matching)

L x Decoder Layers
{One-to-One Matching)
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Hybrid-Epoch

L; x Decoder Layers
{One-to-Cne Matching)

L, x Decoder Layers
(One-to-Many Matching)

...................................

Hybrid-Layer

 Hybrid-Branch:

 Training: One-to-one matching branch & One-to-many matching branch

 Eval: One-to-one matching branch only

* Hybrid-Epoch:

» One-to-many matching training epochs first
* One-to-one matching training epochs then

« Hybrid-Layer:

» One-to-many matching decoder layers first
* One-to-one matching decoder layers then
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2D Objec:t detection results

Deformable-DETR 47.0 291 500 616
H-Deformable-DETR R50 12 48.7,.; 312 515 635
Deformable-DETR Swin-L 36 56.3 392 604 718
H-Deformable-DETR Swin-L 36 571,08 397 614 734

* LVIS v1.0

Deformable-DETR R50 24 32.2 232 416 493
H-Deformable-DETR R50 24 335,13 241 424 502
Deformable-DETR Swin-L 48 47.0 359 578 669
H-Deformable-DETR Swin-L 48 479,,9 363 586 679



Multi-view 3D object detection results

PETRV2 VoVNet-99 41.04 50.25
PETRV2 (Our repro.) VoVNet-99 24 40.41 49.69
H-PETRv2 VoVNet-99 24 4193,45, 5123
PETRv2 (Our repro.) VoVNet-99 36 41.07 50.68

H-PETRV2 VoVNet-99 36 42.59,,., 5238



Multi-person pose estimation results

PETR 68.8 62.7 77.7
PETR (Our repro.) R50 100 69.3 63.3 /8.4
H-PETR R50 100 709, 644 80.3
PETR R101 100 70.0 63.6 79.4
PETR (Our repro.) R101 100 69.9 63.4 /9.4
H-PETR R101 100 71.0,44 64.7 80.2
PETR Swin-L 100 73.7 67.2 81.7
PETR (Our repro.) Swin-L 100 /3.3 6/.7 81.6

H-PETR Swin-L 100 749, 693 83.3



Multi-object tracking results

MOT17 val

TransTrack 20 67.1 703 15820
TransTrack (Our repro.) 20 6/.1 68.1 15680
H-TransTrack 20 68.7 .16 68.3 13657
MQOT17 val

TransTrack 20 74.5 63.9 112137
TransTrack (Our repro.) 20 /4.6 63.2 111105

H-TransTrack 20 75.7 111 64.4 91155



GPU memory & FLOPS

Baseline 300 [n=300, T=0, K=0] 268.19 (912.29) 65 (202) 5480 (8955)
ResNets0 600 [n=300, T=300, K=6] 271.24 (915.34) 71 (205) 5719 (9190)
esNe
Sl 900 [n=300, T=600, K=6] 274.03 (918.12) 72 (208) 6045 (9530)
(Swin-L) Ours
1200 [n=300, T=900, K=6] 276.82 (920.91) 75 (210) 6528 (10006)
1500 [n=300, T=1200, K=6] 279.60 (923.69) 78 (213) /7071 (10558)

1800 [n=300, T=1500, K=6] 282.39 (926.48) 80 (215) 7728 (11203)



Comparison with State-of-the-art

---- T

Swin Swin-L 571 756 625 424 60.7 717
CBNetV?2 HTC 2% Swin-L 12 591 - - - - -
ConvNeXt Cascade Mask R-CNN  ConvNeXt-XL 36 52 742 599 @ - - -
MViTv2 Cascade Mask R-CNN  MViTv2-L 50 508 743 643 - - -
MOAT Cascade Mask R-CNN ~ MOAT-3 36 592 778 0609 @ - - -
Group-DETR DETR Swin-L 36 584 - - 410 625 739
DINO-DETR DETR Swin-L 36 585 770 641 415 623 740
H-Deformable-DETR DETR Swin-L 36 594 778 654 431 631 742
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