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DAB-DETR

PE(AQ) = PE(:Cq,yq, Wq, hq)

Cross-Attn:

’qu’ref, hq’ref = O’(MLP(CQ)).

Modulate Attn((x, ¥), (Zref, Yref)) =

(PE(z) - PE(rer) ww

q.ref

q

Q, = Cat(C,, PE(x,,1,) - MLP“9(C,)),
K, , = Cat(F, ,,PE(x,y)),

+PE() - PE(y) “20) VD,

= Cat(PE(z,), PE(y,), PE(w,), PE(h,)).

V:t:,y — Lz y,

(6)

Image
Spatial
Features

New Anchor boxes

(Ax, Ay (xr, yl' W', h’)
Aw, Ah) ,
xy.w,h)| |
Width & Height- 0
Modulated @) (w X h)
Multi-Head

Cross Attention

(Wref, Prer)

J;.f

Spatial Positional
Encodings

Decoder
Embeddings

(x.y)
g ;
; [ MLP | (MLP |
Add & Norm
Multl Head
Self-
Attent|on

Anchor Sine
Encodings

®

iNx

Anchor Boxes
(x,y,w, h)

Figure 5: Framework of our proposed DAB-DETR.
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.cost_bbox * cost_bbox + .cost_class * cost_class + .cost_giou * cost_giou

C.view(bs, num_queries, -1).cpu()

sizes =
indices

[len(v["boxes"]) v targets]
= [linear_sum_assignment(c[i]) i, c enumerate(C.split(sizes, -1))]
[ (torch.as_tensor(i, dtype=torch.int64), torch.as tensor(j, dtype=torch.int64))

indices]




Box Denoising

noise scale of these 2 noises. For center shifting, we add a
random noise (Ax, Ay), to the box center and make sure ~ Box Denoising

Label Denoising  Attention Mask AP

that [Az| < 252 and |Ay| < 23%, where \; € (0,1) v v v 434
v v 43.0

parameter Ao € (0,1). The width and height of the v 42.2
v 24.0

box are randomly sampled in [(1 — A\o)w, (1 + A\9)w] and v
(1 = Ag)h, (1 + Ao)h], respectively.

the ratio of labels to flip. The reconstruction losses are [q
loss and GIOU loss for boxes and focal loss [Y] for class

Label Denoising
labels as in DAB-DETR. We use a function () to denote

For label noising, we adopt label flipping, which means
we randomly flip some ground-truth labels to other labels.



Why Denoising accelerates DETR training
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Denoising Group
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Model #epochs AP AP AP-5; APs APy APy, GFLOPs Params
DETR-R50 [ 1] 500 42.0 62.4 442 20.5 45.8 61.1 86 41M
Faster RCNN-FPN-R50 [ 5] 108 42.0 62.1 455 26.6 45.5 534 180 42M
Anchor DETR-R50 [ 15] 50 42.1 63.1 449 223 46.2 60.0 — 39M
Conditional DETR-R50 [12] 50 40.9 61.8 433 20.8 44.6 59.2 90 44M
DAB-DETR-R50 [ 1 1] 50 42.2 63.1 447 21.5 457 60.3 94 44M
DN-DETR-R50 50 44.1(+1.9) 644 46.7 229 480 634 94 44M
DETR-R101 [1] 500 43.5 63.8 464 21.9 480 61.8 152 60M
Faster RCNN-FPN-R101 [15] 108 44.0 63.9 478 27.2 481 56.0 246 60M
Anchor DETR-R101 [1¥] 50 43.5 64.3 46.6 23.2 47.7 614 — H&8M
Conditional DETR-R101 [12] 50 42.8 63.7 46.0 21.7 46.6  60.9 156 63M
DAB-DETR-R101 [11] 50 43.5 63.9 46.6 23.6 47.3 61.5 174 63M
DN-DETR-R101 50 45.2(+1.7) 655 483 241 49.1 65.1 174 63M
DETR-DC5-R50 [ 1] 500 43.3 63.1 459 225 47.3 61.1 187 41M
Anchor DETR-DC3-R50 [15] 50 44.2 64.7 475 247 48.2 60.6 151 39M
Conditional DETR-DCS5-R50 [ 12] 50 43.8 64.4 46.7 24.0 47.6 60.7 195 44M
DAB-DETR-DCS5-R50 [ 1] 50 44.5 65.1  47.7 253 48.2 62.3 202 44M
DN-DETR-DC35-R50 50 46.3(+1.8) 66.4 49.7 26.7 50.0 64.3 202 44M
DETR-DC5-R101 [ 1] 500 44.9 64.7 477 23.7 495 62.3 253 60M
Anchor DETR-R101 [1¥] 50 45.1 65.7 488 258 494 61.6 — 58M
Conditional DETR-DCS5-R101 [12] 50 45.0 65.5 484 26.1 489 0628 262 63M
DAB-DETR-DC5-R101 [11] 50 45.8 65.9 493 270 49.8 63.8 282 63M
DN-DETR-DC5-R101 50 47.3(+1.5) 675 508 286 51.5 65.0 282 63M




Model MultiScale  #epochs AP APy AP-; APgs APy AP, GFLOPs Params

Faster R50-FPN 1x [15] v 12 37.9 58.8 411 224 411 49.1 180 40M

DETR-R50 1x [1] 12 15.5 29.4 14.5 4.3 15.1  26.7 86 41M

DAB-DETR-DC5-R50 [1 1] 12 38.0 60.3 398 192 409 554 216 44M

DN-DETR-DC5-R50 12 41.7(+3.7) 61.4 441 21.2 450 60.2 216 44M

Deformable DETR-R50 1x [20] v 12 37.2 55.5 405  21.1  40.7  50.5 173 40M

Dynamic DETR-R507 1x ‘ o o e

(without dynamic encoder) v 12 40.2 86 34— B B B B

Dynamic DETR-R50" 1x [4] v 12 42.9 61.0 46.3 24.6 449 544 — —

DN-Deformable-DETR-R50 [4] N 12 43.4 61.9 472 248 46.8 594 195 48M

DAB-DETR-DC5-R101 [1 1] 12 40.3 62.6 427 222 440 57.3 282 63M

DN-DETR-DC5-R101 12 42.8(+2.5) 62.9 457 23.3 46.6 61.3 282 63M

Faster R101 FPN [15] v 108 44.0 63.9 478 272 48.1  56.0 246 60M

DN-Deformable-DETR-R101 v 12 44.1 62.8 479 26,0 478  61.3 275 6™™M

MultiScale  #epochs AP  AP5qs APy;s APs APp), APr GFLOPs Params

DAB-DETR-DC5-R50 50 44.5  65.1 47.7 253  48.2  62.3 202 44M
DN-DETR-DC5-R50 5 44.4  64.5 47.3 244 48.0 63.0 202 44M
DAB-Deformable-DETR-R50 v 50 46.9  66.0 50.8 30.1 504 62.5 195 48M
DN-Deformable-DETR-R50 v 25 468 655 508 289 502 625 195 48M




those that do not support anchors like the vanilla DETR [1],
we can do linear transformation to map 4D anchor boxes to
the same latent space as for other learnable queries.

linear embeddingiFIgFEEFRAEISDETR queryHEIF4EE S, HTF Vanilla DETR ;j&58EHEAY
content part#lposition part, MEIDERERE—#ERY, EULF(IeILAElabel embedding#]
box embedding IITE—iE—iEe{F/y DETR query, BAIARIFIPERER, XEARBRUESHRED

BiEE.



