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Comparisons of different object detection pipelines
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(a) Dense: RetinaNet (b) Dense-to-Sparse: Faster R-CNN (c) Sparse: Sparse R-CNN
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HW k object candidates

RetinaNet: Focal Loss for Dense Object Detection



Comparisons of different object detection pipelines

(a) Dense: RetinaNet
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(b) Dense-to-Sparse: Faster R-CNN 4 /

select a small set of N candidates from
dense HW k object candidates(RPN)

extract image features within corresponding
regions by pooling operation



Comparisons of different object detection pipelines
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(a) Dense: RetinaNet (b) Dense-to-Sparse: Faster R-CNN (c) Sparse: Sparse R-CNN

directly provides a small set of N learned object
proposals.



Comparisons of different object detection pipelines

(a) Dense: RetinaNet
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(c) Sparse: Sparse R-CNN

directly provides a small set of N learned object
proposals.

Here N << HW k

HW k (up to hundreds of thousands)

N (e.g.100)

without non-maximum suppression post
procedure



Overview of Sparse R-CNN

The iteration structure
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Overview of Sparse R-CNN

The iteration structure
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* 1. Input: an image, a set of proposal boxes Proposal Boxes: N*4 ] ( Proposal Features: N*d
and proposal features, |
the latter two are learnable parameters.
2. Backbone: FPN + ResNet
3. Regression prediction :3-layer perception
4.Classification prediction :a linear projection.




Details of Sparse R-CNN
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Details of Sparse R-CNN
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Dynamic Instance Interaction
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Details of Sparse R-CNN

The iteration structure
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the iteration structure: the newly generated

object boxes and object features will serve as
the proposal boxes and proposal features of

the next stage in iterative process .

(Cascade R-CNN)

self-attention module :Before dynamic
instance interaction, on object features.
(Attention is all you need)



prediction loss

L= AE’.I& ' "Ccrfs + )‘-Ll ’ ELJ.’ -+ }\g-r;ou ' -Cg’i.ou

focal loss L1 loss generalized loU loss
’)\cfs —— 21 )\Ll = 9, ’)\Hiau = 2

* The final loss only performed on matched pairs
* optimal bipartite matching between predictions and ground truth objects



Training details

1. ResNet-50 as backbones. The backbone is initialized with the pre-trained weights on ImageNet
2. The mini-batch is 16 images and all models are trained with 8 GPUs (NVIDIA Tesla V100 GPU )
« 3.36 epochs

4, proposal boxes, proposal features: 100

* 5.iterationis 6



Experiments

Method Feature Epochs | AP AP5 AP;s AP, AP,, AP; | FPS
RetinaNet-R50 [57] FPN 36 387 58.0 415 233 423 503 | 24
RetinaNet-R101 [53] FPN 36 404 602 432 240 443 522 18
Faster R-CNN-R50 [53] FPN 36 402 610 438 242 435 3520 | 26
Faster R-CNN-R101 [57] FPN 36 420 625 459 252 456 546 | 20
Cascade R-CNN-R50 [573] FPN 36 443 622 48.0 266 477 57.7 19
DETR-R50 [3] Encoder 500 420 624 442 205 458 61.1 28
DETR-R101 [7] Encoder 500 435 638 464 219 480 618 | 20
DETR-DC5-R50 [ 3] Encoder 500 433 63.1 459 225 473 61.1 12
DETR-DC5-R101 [ 3] Encoder 500 449 64.7 477 237 495 623 10
Deformable DETR-R50 [63] | DeformEncoder 50 438 626 4777 264 471 3580 19
Sparse R-CNN-R50 FPN 36 428 612 457 267 446 576 | 23
Sparse R-CNN-R 101 FPN 36 44.1 62.1 472 261 463 359.7 19
Sparse R-CNN*-R50 FPN 36 450 634 482 269 472 595 | 22
Sparse R-CNN*-R101 FPN 36 464 0646 495 283 483 616 18

Table 1 — Comparisons with different object detectors on COCO 2017 val set. The top section shows results from Detectron2 [53] or
original papers [, 63]. Here “+” indicates that the model is with 300 learnable proposal boxes and random crop training augmentation,
similar to Deformable DETR [63]. Run time is evaluated on NVIDIA Tesla V100 GPU.



Ablation study

Sparse Iterative Dynamic AP APs AP+5 AP, AP, AP,
v 18.5 35.0 1T.7 8.3 21.7 26.4
v v 32.2 (+13.7) 47.5(+12.5) 344 (+16.7) 18.2(+9.9) 35.2(+13.5) 41.7 (+15.3)
v v v 42.3 (+10.1) 61.2 (+13.7) 45.7 (+11.3) 26.7 (+8.5) 44.6 (+9.4) 57.6 (+15.9)

Table 3 — Ablation studies on each components in Sparse R-CNN. Starting from Faster R-CNN, we gradually add learnable proposal
boxes, iterative architecture, and dynamic head in Sparse R-CNN. All models are trained with set prediction loss.

MFaster R-CNN(40.2 AP) ! /%, B4 RPNE #t Ha sparse set of learnable proposal boxes, APP#%%118.5; 5| A
iterative45 FF2 TFAPS32.2; 5] Adynamic instance interactionfix & 42 71 542.3 AP,



The effect of feature reuse

The effect of instance-interaction in dynamic head

Self-att. Ins. interact AP APsy  APo5

Cascade Feature reuse AP APs5g AP35
18.5 350 177 32.2 475 344
v 20.5(+2.00) 293 20.7 ve 37.2(+5.0) 548 40.1
v v 322(+11.7) 475 344 v v 42.3(+5.1) 61.2 45.7

Table 4 — The effect of feature reuse in iterative architecture.
Original cascading implementation makes no big difference.
Concatenating object feature of previous stage to object feature

of current stage leads to a huge improvement.

Table 5 — The effect of instance-interaction in dynamic head.
Without instance interaction, dynamic head degenerates to self-
attention. The gain comes from both self-attention and instance-

interaction.



* “Center” means all proposal boxes are located in the
center of image at beginning, height and width is set to
0.1 of image size.

Initialization of proposal boxes

Init. AP APso APy AP, AP,, AP

Center 415 59.6 450 256 439 56.1
Image 423 612 457 267 446 57.6
Grid 41.0 594 442 238 437 556 * “Grid” means proposal boxes are initialized as regular

* “Image” means all proposal boxes are initialized as the
whole image size.

Random 42.1 603 453 245 446 579 grid in image, which is exactly the initial boxes in G-
Table 6 — Effect of initialization of proposal boxes. Detec- CNN [34].
tion performance is relatively robust to initialization of proposal

* “Random” denotes the center, height and width of pro-

boxes. s = : ;
posal boxes are randomly initialized with Gaussian



number of proposals

Proposals AP AP;y AP7; FPS Training time

100 423 612 45.7 23 19h
300 439 623 474 22 24h
500 446 632 485 20 60h
Table 7 — Effect of number of proposals. Increasing number of Method Pos. encoding AP AP-, AP-:
pi'oltnol:als leadtt':,r tl.) l.Z‘Oi'lItl-l'lllOl]S improvement, while more propos- DETR [ ] 7 40.6 616 -
als take more training time. DETR [ ] 328 (7.8) 552 -
Sparse R-CNN v 419 60.9 45.0
Sparse R-CNN 42.3(+0.4) 61.2 45.7

Table 10 — Proposal feature vs. Object query. Object query is
learned positional encoding, while proposal feature is irrelevant

to position.

number of stages

Stages AP AP5y AP7;; FPS Training time

| 211 367 223 35 12h
2 36.2 528 388 33 13h
3 N9 568 432 29 15h
6 423 61.2 457 23 19h
12 41.6 60.2 450 17 30h

Table 8 — Effect of number of stages. Gradually increasing the
number of stages, the performance is saturated at 6 stages.



(b) Stagel boxes (c) Stage3 boxes (d) Stage6 boxes

(a) Learned proposal boxes



