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Sparse DETR:

Efficient End-to-End Object Detection with Learnable Sparsity
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Motivation

e Deformable DETR introduces deformable attention which reduces computation cost
from quadratic to linear complexity
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Motivation

e Deformable DETR introduces deformable attention which reduces computation cost
from quadratic to linear complexity
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Motivation

e Using the multi-scale features as an encoder input increases the number of tokens
to be processed by about 20 times
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Motivation

Method | AP AP5g AP;5 APg APy, APp | params | FLOPs FPS
DETR 420 624 442 205 458 61.1| 41M 86G 28
Deformable DETR | 43.8 62.6 47.7 264 47.1 58.0| 40M 173G 19
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Characteristic of Images for Object Detection

e On average, only 30% of the entire image is the foreground pixel.

MS COCO dataset
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Characteristic of Images for Object Detection

e On average, only 30% of the entire image is the foreground pixel.

MS COCO dataset

e Do we need to compute the entire token in the encoder block?

ICLR brain



Architecture

Backbone

multi-scale

feature
Positional _‘;_
Encoding S)

mmmﬁmmm}

(mOmO0 - Wje—

xN, | Encoder

th?Dmﬂ

Decoder

Detection

FFN |
’

Def. Self-Attn.
ﬁmmimmmmﬂ

?
Ooooo- O

ICLR

;

[ FFN ]
I Def. Crgss-Attn. ]
’

{ Self-Attn. ]
OI=0

(CLED

;

;
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Architecture
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encoder N: # of tokens, M: # of sampling points (4)
complexity S: # of sampled tokens in encoder (0.1N)

Encoder Complexity
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encoder N: # of tokens, M: # of sampling points (4)
complexity S: # of sampled tokens in encoder (0.1N)

Encoder Complexity
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encoder N: # of tokens, M: # of sampling points (4)

complexity S: # of sampled tokens in encoder (0.1N)
Encoder Complexity
NxN NxM
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encoder N: # of tokens, M: # of sampling points (4)

complexity S: # of sampled tokens in encoder (0.1N)
Encoder Complexity
N x N NxM SxM
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How to Train a Scoring Network
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How to Train a Scoring Network

r & ~— '—1 (o) i
Salient Token u ™ = DAM Creation . Deformable
Prediction [ o ms Cross-Attention
. - 2 BCE . Flatten
Scoring ]4 Rl P | QLoss!" 7 [m— - [ | *% | X :Reference Point
Network > [] i...:| Binarize Sum
) [ | Top-p% | . : : Attention weight
A : : .
- : : & H -
. - . DAM : Low ¢——————— High
L N | — N
v
. [l
5 g [l
g S ] Sparsify
= —) Q > D >
- - G @ ssssssssssssnassnnnnnnunnnnns @ rnnnn
S Q ]
Q (]
£ Q : :
|:| Dense D Sparse D Decoder
— Tokens — Tokens — Queries

wr
0
r
e
=2
~
QU

Hungarian Loss



How to Train a Scoring Network
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Experiments: ResNet-50

Keeping | Top-k
Method Epochs | ratio (p) | & BBR | AP AP;y AP7;5 APg AP,; AP |params FLOPs FPS
ResNet-50 backbone:
F-RCNN-FPN' 109 N/A 42.0 62.1 455 26.6 454 534 | 42M 180G 26
DETR 500 100% 420 624 442 20.5 458 61.1| 41M 86G 28
DETR-DC5' 500 100% 433 63.1 459 225 473 61.1| 41IM 187G 12
3 ICLR brain



Experiments: ResNet-50

Keeping | Top-k
Method Epochs | ratio (p) | & BBR| AP APsy AP7s APs AP, APj |params FLOPs FPS
ResNet-50 backbone:
FRCNN-FPNT | 109 | N/A 420 62.1 455 266 454 534 42M 180G 26
DETR' 500 | 100% 420 624 442 205 458 61.1| 41M 86G 28
DETR-DCS' 500 | 100% 433 63.1 459 225 473 61.1| 4IM 187G 12
500 | 33% 411 615 437 208 446 600| - I
! ;
PnP-DETR 500 | 50% 418 62.1 444 212 453 608| - : :
500 | 33% 127 628 451 224 462 60 | - N N
J -
PnP-DETR-DCS* | 509 | 509 431 634 453 227 465 61.1| - i i
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Experiments: ResNet-50

Keeping | Top-k

Method Epochs | ratio (p) | & BBR| AP APsy AP7s APs AP, APj |params FLOPs FPS

ResNet-50 backbone:
F-RCNN-FPNT | 109 | N/A 420 621 455 266 454 534] 42M 180G 26
DETR! 500 | 100% 420 624 442 205 458 61.1| 4IM 866G 28
DETR-DC5' 500 | 100% 433 631 459 225 473 61.1| 4IM 187G 12
500 | 33% AT1 615 437 208 446 600] - N
PnP-DETR’ 500 | 50% 418 62.1 444 212 453 608| - .
500 | 33% 27 628 451 224 462 60 | - E—
PnP-DETR-DCS* | 500 | 50g 431 634 453 227 465 61.1| - S
o DETR| 0| 100% 439 628 478 261 474 580| 40M 173G 19.
50 | 100% | v 460 652 498 282 49.1 61.0| 4IM 177G 182
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Experiments: ResNet-50
Keeping | Top-k

Method Epochs | ratio (p) | & BBR| AP APs, AP.s APs AP, APy |params FLOPs FPS
ResNet-50 backbone:
F.RCNN-FPNT | 109 | N/A 420 62.1 455 266 454 534] 42M 180G 26
DETR' 500 | 100% 420 624 442 205 458 61.1| 41M 86G 28
DETR-DCS' 500 | 100% 433 63.1 459 225 473 61.1| 41M 187G 12
500 | 33% 411 615 437 208 446 600| - -
% i
PnP-DETR 500 | 50% 418 62.1 444 212 453 608| - X ]
500 | 33% 127 628 451 224 462 60 | - 5 5
J -
PnP-DETR-DC5* | 599 | 509 431 634 453 227 465 61.1| - i i
o DETR| 0| 100% 139 628 478 261 474 580 40M 173G 191
50 | 100% | v 460 652 49.8 282 49.1 61.0| 41M 177G 182
50 | 10% v (453 658 493 284 433 60.1] 4IM 105G 253
50 | 20% v 1456 658 49.6 285 486 604| 41M 113G 24.8
Sparse-DETR | 50 | 30% | « |460 659 497 29.1 49.1 60.6| 4IM 121G 232

0.0 .56 (-32%) | | +5.0 (22%)

73 ICLR



Experiments: ResNet-50
Keeping | Top-k

Method Epochs | ratio (p) | & BBR| AP APs, AP.s APs AP, APy |params FLOPs FPS
ResNet-50 backbone:

F-RCNN-FPNT | 109 | N/A 420 62.1 455 266 454 534] 42M 180G 26

DETR! 500 | 100% 420 624 442 205 458 61.1| 4IM 866G 28

DETR-DCS! 500 | 100% 433 63.1 459 225 473 61.1| 4IM 187G 12

500 | 33% AT1 615 437 208 446 600] - N

PnP-DETR’ 500 | 50% 418 62.1 444 212 453 608| - .

500 | 33% 27 628 451 224 462 60 | - -

PnP-DETR-DCS* | 530 | 500, 431 634 453 227 465 61.1| - S

o DETR| 0| 100% 439 628 478 261 474 580| 40M 173G 19.

50 | 100% | ¢ 460 652 498 282 49.1 61.0| 4IM 177G 182

50 | 10% | v 453 658 493 284 483 60.1| 4IM 105G 253

50 | 20% | v 456 658 49.6 285 48.6 604| 41M 113G 24.8

Sparse-DETR | 50 | 30% | « |460 659 497 29.1 49.1 60.6| 4IM 121G 232

50 | 40% | v 462 660 503 287 490 614| 41IM 128G 21.8

50 | 50% | v 463 660 50.1 29.0 495 60.8| 4IM 136G 20.5

\3 ICLR +0.3 41 (-23%) | | +2.3 (13%)




Experiments: Swin-T

Keeping | Top-k

Method Epochs | ratio (p) | & BBR| AP AP5y AP75; APg AP,; APy |params FLOPs FPS

Swin-T backbone:
DETR 500 100% 454 66.2 48.1 229 495 659 | 45M  92G 26.8
Deformable-DETR 50 100% 457 653 499 269 494 61.2| 40M 180G 15.9
50 100% v 48.0 68.0 52.0 303 514 63.7| 41IM 185G 154
50 10% v 48.2 69.2 523 29.8 512 64.5| 41M 113G 21.2

Sparse-DETR
+0.2 -72 (-39%) +5.8 (38%)
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Experiments: Swin-T

Keeping | Top-k

Method Epochs | ratio (p) | & BBR| AP AP5y AP75; APg AP,; APy |params FLOPs FPS
Swin-T backbone:

DETR 500 100% 454 66.2 48.1 229 495 659 | 45M  92G 26.8

Deformable-DETR 50 100% 457 653 499 269 494 61.2| 40M 180G 15.9

50 100% v 48.0 68.0 52.0 303 514 63.7| 41IM 185G 154

50 10% v 48.2 69.2 523 29.8 512 645| 41M 113G 21.2

50 20% v 48.8 694 53.0 304 519 648 41M 121G 20.0

Sparse-DETR 50 30% v 49.1 69.5 535 314 525 65.1| 41M 129G 18.9

50 40% v 492 69.5 535 314 529 648| 41M 136G 18.0

50 50% v 493 69.5 53.3 32.0 52.7 649 | 41M 144G 17.2

+
-
w

-41 (-22%) +1.8 (12%)
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Visualization
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Visualization

Multiscale #3

-
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Conclusion

e \We propose the encoder token sparsification method, which lightens the
attention complexity in the encoder.
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Conclusion

e \We propose the encoder token sparsification method, which lightens the
attention complexity in the encoder.

e \We propose novel sparsification criteria to sample the informative
subset from the entire token set: Decoder cross-Attention Map (DAM)
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Conclusion

e \We propose the encoder token sparsification method, which lightens the
attention complexity in the encoder.

e \We propose novel sparsification criteria to sample the informative
subset from the entire token set: Decoder cross-Attention Map (DAM)

e Sparse DETR outperforms the Deformable DETR even when using only
10% of the encoder token, and decreases the overall computation by 38%
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Code & models are available now.

https://github.com/kakaobrain/sparse-detr
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