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Flgure 1: Generated samples on CelebA-HQ 256 x 256 (left) and unconditional CIFAR10 (right)
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Detection -> DiffusionDet

Q: Is there a simpler approach that does not even need the surrogate of learnable queries
A: Detect objects from random boxes

noise-to-box
Training:

gaussian noise added to gt -> noise boxes -> crop ROI features -> decoder for predict
Inference:

random boxes
1. Dynamic boxes pausstan floise
2. Progressive refinement

' ﬂﬂ Class
Vg Box

Image Encoder  Detection Decoder




Detection -> DiffusionDet

Algorithm 1 DiffusionDet Training

Algorithm 2 DiffusionDet Sampling

def train_loss(images, gt_boxes):
nnn
images: [B, H, W, 3]
gt_boxes: [B, x, 4]
# B: batch

# N: number of proposal boxes
nnn

# Encode image features
feats = image_encoder (images)

# Pad gt_boxes to N
pb = pad_boxes (gt_boxes) # padded boxes: [B, N,

# Signal scaling
pb = (pb x 2 - 1) * scale

# Corrupt gt_boxes

t = randint (0, T) # time step
eps = normal (mean=0, std=1) # noise: [B, N, 4]
pb_crpt = sgrt( alpha_cumprod(t)) % pb +

sgrt (1 - alpha_cumprod(t)) x eps

# Predict
pb_pred = detection_decoder (pb_crpt, feats, t)

# Set prediction loss
loss = set_prediction_loss (pb_pred, gt_boxes)

return loss

def infer (images, steps, T):

nmwn
images: [B, H, W, 3]
# steps: number of sample steps

# T: number of time steps
nmwn

# Encode image features
feats = image_encoder (images)

# noisy boxes: [B, N, 4]
pb_t = normal (mean=0, std=1l)

# uniform sample step size
times = reversed(linespace(-1, T, steps))

0

r _1)]
:1)

# [(T_lr T—Z), (T_Zr T_3)I LI 4 (ll O)r (
time_pairs = list(zip(times[:-1], times[l

for t_now, t_next in zip(time_pairs):
# Predict pb_0 from pb_t
pb_pred = detection_decoder (pb_t, feats, t_now)

# Estimate pb_t at t_next
pb_t = ddim_step(pb_t, pb_pred, t_now, t_next)

# Box renewal
pb_t = box_renewal (pb_t)

return pb_pred

alpha_cumprod (t): cumulative product of «;, i.e., Hf.:l o

linespace: generate evenly spaced values



Detection -> DiffusionDet
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(a) Dynamic boxes. Both DETR and DiffusionDet are trained with 300
object queries or proposal boxes. More proposal boxes in inference bring
accuracy improvement on DiffusionDet, while degenerate DETR.
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(b) Progressive refinement. DiffusionDet is trained with 300 proposal

boxes and evaluated with different numbers of proposal boxes. For all

cases, the accuracy increases with refinement times.

Method AP APsy AP75 AP, AP, AP; Method AP APs0 AP75 APs APm APy AP, AP. APy
ResNet-50 [34] ResNet-50 [34]
RetinaNet [93] 387 580 415 233 423 503
Faster R-CNN [93] 402 610 438 242 435 520
Cascade R-CNN [93] 443 622 480 266 477 577 Faster R-CNN 252 40.6 269 185 322 37.7 16.4 234 31.1
DETR [10] 20 614 442 205 458 611 Cascade R-CNN 294 414 309 20.6 375 44.3 200 27.7 354
Deformable DETR [102] 438 626 477 264 471 580 Sparse R-CNN 202 410 307 207 369 442 206 27.7 346
DiffusionDet (1 step) 30.4 428 31.8 20.6 38.6 47.6 23.5 28.1 36.0
Sparse R-CNN [81] 450 634 482 269 472 595 P
DiffusionDet (1 siep) e s i s e DiffusionDet-(4 step) 31.§ 450 332 22.5 39.9 433 248 293 376
o DiffusionDet(8 step) 31.9 453 33.1 22.8 40.2 48.1 24.0 295 38.1
DiffusionDet (4 step) 46.1 660 492 286 485 61.3 RTINER)
DiffusionDet (8 step) 462 664 495 287 485 615
ResNet-101 [34]
RetinaNet [93] 404 602 432 240 443 522 Faster R-CNN 272 429 29.1 203 350 404 18.8 254 33.0
Faster R-CNN [93] 420 625 459 252 456 546 Cascade R-CNN  31.6 43.8 334 223 397 47.3 239 29.8 37.0
Cascade R-CNN [11] 455 637 499 276 492 59.1 Sparse R-CNN 30.1 42.0 319 213 38.5 456 23.5 27.5 359
DETR [10] 435 638 464 219 480 618 DiffusionDet (1 step) 31.9 44.6 33.1 21.6 40.3 49.0 23.4 30.5 37.1
Sparse R-CNN [81] 464 646 495 283 483 616 DiffusionDet-(4 step) 32.9 46.5 34.3 23.3 41.1 49.9 242 31.3 386
DiffusionDet (1 step) 466 663 500 30.0 493 628 DiffusionDet-(8 step) 33.5 47.3 34.7 23.6 41.9 49.8 24.8 32.0 39.0
DiffusionDet (4 step) 469 668 504 30.6 495 626 Swin-Base [54]
DiffusionDet (8 step) 471 671 50.6 302 498 62.7 DiffusionDet-(1 step) 40.6 54.8 427 28.3 50.0 61.6 33.6 39.8 44.6
Swin-Base [54] DiffusionDet-(4 step) 41.9 57.1 44.0 303 50.6 62.3 34.9 40.7 463
Cascade R-CNN [54] 519 709 565 354 552 674 DiffusionDet-(8 step) 42.1 57.8 44.3 310 513 62.5 34.3 41.0 46.7
Sparse R-CNN 520 722 57.0 358 551 682
DiffusionDet (1 step) 523 727 563 348 560 685 Table 2. Comparisons with different object detectors on LVIS
DiffusionDet (4 step) 527 735 568 36.1 560 689 v1.0 val set. We re-implement all detectors using federated
DiffusionDet (8 step) 528 736 568 361 562 688 loss [100] except for the rows in light gray (with 1),
scale AP APsnp  APrs case AP APsgp  AP7s DDIM box renewal step 1 step4 step 8
0.1 385 542 414 Repeat 437 626 470 450 434 434
1.0 443 632 476 Cat Gaussian  45.0 643  48.1 v 450 455 454
20 450 643 48.1 CatUniform 447 637 483 v 450 456 456
30 448 639 482 Cat Full 448 639 479 v v 450 458 462

(a) Signal scale. A large scaling factor
can improve detection performance.

(b) GT boxes padding. Concatenating
Gaussian boxes works best.

(c) Sampling strategy. Using both DDIM and box

renewal works best.

rain

score thresh. AP APso  APrs eval 100 300 500 #boxes step AP APsy APr;  FPS
0.0 454 652 488 100 425 424 411 81
0.3 459 657 49.2 300 438 450 448 100 1 425 603 459 316
0.5 462 661 494 500 442 455 456 300 1 450 643 481 313
0.7 460 662 490 1000 445 459  46.1 300 4 458 657 492 124

(d) Box renewal at evaluation of step 8.

The threshold of 0.5 works best.

(e) Matching between Ni,qir, and Neyq;.

The best for each row is underlined.

(f) Accuracy vs. speed. Using more boxes bring per-
formance gain at the cost of latency.
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V286 256 1
I-> . I - Residual block
[l 512 512 4 Two 3x3 Conv, ReLU
- I B —» 2x2 Max pool with stride 2
1 1024 _ [Traneformer| 1024 4 =» 2x2 Conv transpose
B " (12 layers) "" == Channel-wise concatenation
=»1x1 Convolution
Table 2. Comparison with the state-of-the-art on Cityscapes. The
result of [*”] is reproduced by [ (%] based on DeepLab-v3+, while
the results of [, 44, 5%,67] are based on DeepLab-v2. All of the
baselines except ours make use of a ResNet-101 backbone.
fall 14 18 1730 = -

Method (2,975) (744) (372) (100) o7

AdvSemSeg [*/] - 623 588 - < o o

s4dGAN [ ] 65.8 61.9 59.3 - g - Pretraining learning rate

DMT [79] 68.16 - 63.03 54.80 - gggg;

ClassMix [67] - 63.63 61.35 - 0.66 0.0005

CutMix [27] - 68.33 65.82 55.71 500 1000 1500 2000 2500 3000

PseudoSeg [10¢] - 7236 69.81 60.96 Numberof pretralning; epochs

Sllp baseline [ ] 7488 7331 68.72 56.09 Figure 8. Effect of length of pretraining duration on downstream

PC2Seg [10/] 7599 75.15 7229 62.89 petiomsiics.

DDeP (Ours) 80.62 76.26 72.99 63.25
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Train unsupervised diffusion model

Extract pixel-level representation of labeled
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MLP for predict
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» Diffusion Models: A Comprehensive Survey of Methods and Applications. https://arxiv.org/abs/2209.00796
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* Analytic-DPM. https://arxiv.org/abs/2201.06503
+ DPM-Solver. https://arxiv.org/abs/2206.00927
* On Fast Sampling of Diffusion Probabilistic Models. https://arxiv.org/pdf/2106.00132.pdf

N ?\gwded diffusion

Diffusion Models Beat GANs on Image Synthesis.
https://proceedings.neurips.cc/paper/2021/file/49ad23d1ec9fa4dbd8d77d02681df5cfa-Paper.pdf

* More Control for Free! Image Synthesis with Semantic Diffusion Guidance. https://arxiv.org/pdf/2112.05744
Classifier-Free Diffusion Guidance. https://arxiv.org/pdf/2207.12598.pdf
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* GLIDE. https://arxiv.org/pdf/2112.10741.pdf

FAFNLP4RY,

« Diffusion-LM Improves Controllable Text Generation. https://arxiv.org/abs/2205.14217
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