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Diffusion with discrete data

Original DDPM: only generate continuous data

Sampling:

def xt, t
# xt: HXW
eps_theta = .eps_model(xt, t # eg(xst)
alpha bar = gather .alpha_bar, t) #gather a;
alpha = gather .alpha, t) #gather o,

eps_coef = (1 - alpha) / (1 - alpha bar) ** .5

mean = 1 / (alpha ** 0.5) * (xt - eps_coef * eps_theta) #uy can be further derived from ¢y

var = gather .sigma2, t
eps = torch.randn(xt.shape, device=xt.device

return mean + (var ** .5) * eps #sample from N (ug, 0)



Diffusion with discrete data

Bit Diffusion:
. int2bit cast as real numbers
training token_id=S ———» 0101 g -1010-010
with shift & scale
Analog Bits diffusion models
. bit2int thresholding
sampling token_id=S «—— 0101 = -1.05 1.01 -1.02 0.98

Figure 1: Bit Diffusion: modeling discrete data using continuous diffusion models with analog bits.
Different discrete encoding: (1) UINT8 (2) GRAY CODE (3) UINT8 RAND

Table 2: Comparison of FIDs on class-conditional IMAGENET 64 X 64. The corresponding samples
can be found in Figure 4 and 11.

DDPM (our repo.) Bit Diffusion Bit Diffusion Bit Diffusion
on continuous pixels on UINT8 on GRAY CODE  on UINT8 (RAND)

3.43 4.84 5.14 8.76
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Image encoder: ResNet + Transformer Encoder + FPN
Mask decoder: TransUNet
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Figure 2. The architecture for our panoptic mask generation framework. We separate the model into image encoder and mask decoder so

that the iterative inference at test time only involves multiple passes over the decoder.
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Mask decoder: TransUNet
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Training Algorithm

Algorithm 1 Pix2Seq-D training algorithm. Algorithm 2 Pix2Seq-D inference algorithm.
def train_loss(images, masks): def infer (images, steps=10, td=1.0):
"""images: [b, h, w, 3], masks: [b, h’, w/, 2].""" """images: [b, h, w, 3]."""
# Encode image features. # Encode image features.
h = pixel_encoder (images) h = pixel_encoder (images)
# Discrete masks to analog bits. m_t = normal (mean=0, std=1l) # same shape as m_bits.
m_bits = int2bit (masks) .astype(float) for step in range (steps):
m_bits = (m_bits * 2 - 1) * scale # Get time for current and next states.
t_now = 1 - step / steps
# Corrupt analog bits. t_next = max(l - (step + 1 + td) / steps, 0)
t = uniform(0, 1) ¥ scalar.
eps = normal (mean=0, std=1l) # same shape as m_bits. # Predict analog bits m_0 from m_t.
m_crpt = sqgrt( gamma (t)) = m_bits + _, m_pred = mask_decoder(m_t, h, t_now)

sgqrt (1 - gamma(t)) * eps
# Estimate m at t_next.

# Predict and compute loss. m_t = ddim_step(m_t, m_pred, t_now, t_next)
m_logits, _ = mask_decoder(m_crpt, h, t)
loss = cross_entropy(m_logits, masks) # Analog bits to masks.

masks = bit2int (m_pred > 0)
return loss.mean () return masks
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Input Scaling:
Analog Bits: scale the data into {-b, b}, where b is set to be 1
Ours: A smaller b will lead to samaller SNR

Input scaling ‘ 0.03 0.1 0.3 1.0
PQ | 408 439 387 213
Table 3. Ablation on input scaling

@t =0.1. (b)t = 0.3. ©) t=0.5. @t=0.7. (&)t =0.9.
€ t=0.1. (g)t=0.3. (h)t = 0.5. ()t=0."7. ()t =0.9.

Figure 3. Noisy masks at different time steps under two input scaling factors, b = 1.0 (top row) and b = 0.1 (bottom row). Decreasing the
input scaling factor leads to smaller signal-to-noise ratio (at the same time step), which gives higher weights to harder cases.
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Another perspective of SNR in diffsuion model

1.0 - Table 1. Ablating schedule and objective on ImageNet 64 x 64.

0.8 1 Iters T Schedule Objective NLL FID

200K 1K linear Lsimple 399 325
200K 4K linear Limple 377 313

200K 4K  linear Liybria 3.66 322
200K 4K cosine Limpte 3.68 27.0
200K 4K  cosine Liybria 3.62 280

0.6 1

a

0.4 1

027 200K 4K  cosine Lus 357 567
0.0- 1.5 M 4K cosine Lybria 357 19.2
00 04 04 06 o' 10 1.5M 4K cosine L 3.53 401

diffusion step (t/T)

. _ . .. . Table 2. Ablating schedule and objective on CIFAR-10.
Figure 5. &; throughout diffusion in the linear schedule and our g !

proposed cosine schedule.

Iters T  Schedule Objective NLL FID

500K 1K linear Lgimple 373 329
500K 4K linear Lgimple 337 290

500K 4K  linear Lybria 326 3.07
500K 4K  cosine Lgimple 326 3.05
500K 4K  cosine Lnybria 3.17  3.19
500K 4K  cosine L 294 1147
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Softmax Cross Entropy Loss
Original DDPM:
Le—1 = D (q(xe—1]xe, x0)|[po (xe—11%¢))
= Exoe[Clle — €gl|?]
Ours:
‘01" = wp‘00° + wq ‘01" + wo'10° + w311’

L = Z Yijk log softmax(g}ijk)
0,9,k

Loss Weighting:

Pixels in small instance are multipied with a bigger weight

©J

Loss function ] /2 Regression  Cross Entropy

PQ | 41.9 43.9

Table 4. Ablation on loss function.

Loss weightp‘ 0 0.2 0.4 0.6
PQ | 404 439 437 413

Table 5. Ablation on loss weighting.
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Extension to Videos:
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Figure 5. Mask decoder extended for video settings. The image
conditional signal to the mask decoder is concatenated with mask
predictions from previous frames of the video.
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Main results: Method | Backbone | #ofParams | PQ | PQ™* | PQ™"

Specialist approaches:
MaskFormer [ | 7] ResNet-50 45M 46.5 51.0 30.8
K-Net [6Y] ResNet-50 - 471 51.7 40.3
CMT-DeepLab [7] ResNet-50 - 48.5 - -
Panoptic SegFormer [*°] ResNet-50 5IM 49.6 54.4 424
Mask2Former [ 0] ResNet-50 44M 51.9 57.7 43.0
kMaX-DeepLab [51] ResNet-50 5TM 53.0 58.3 449
DETR [/] | ResNet-101 61.8M 45.1 50.5 37.0
Mask2Former [ “] Swin-L 216M 57.8 - -
kMaX-DeepLab [0¢] | ConvNeXt-L 232M 58.1 64.3 48.8
MasK DINO [*7] Swin-L 223M 594 - -
Generalist approaches:
UVIM [ 1] ViT 939M 45.8 - -
Pix2Seq-D (steps=5) | ResNet-50 94.5M 475 52.2 403
Pix2Seq-D (steps=10) | ResNet-50 94.5M 494 | 544 41.9
Pix2Seq-D (steps=20) | ResNet-50 94.5M 50.3 55.3 429
Pix2Seq-D (steps=50) | ResNet-50 94.5M 502 | 55.1 42.8

Table 1. Results on MS-COCO. Pix2Seq-D achieves competitive results to state-of-the-art specialist models with ResNet-50 backbone.

Method | Backbone | J&F J-Mean J-Recall F-mean F-Recall
Specialist approaches:
RVOS [56] ResNet-101 41.2 36.8 40.2 45.7 46.4
STEm-Seg [ ] ResNet-101 64.7 61.5 70.4 67.8 75.5
MAST [°7] ResNet-18 65.5 63.3 73.2 67.6 71.7
UnOVOST [44] ResNet-101 67.9 66.4 76.4 69.3 76.9
Propose-Reduce [©7] | ResNeXt-101 70.4 67.0 - 73.8 -
Generalist approaches:
Pix2Seq-D (ours) | ResNet-50 | 68.4 65.1 70.6 71.7 77.1

Table 2. Results of unsupervised video object segmentation on DAVIS 2017 validation set.
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Visualization:

Prediction Groundtruth

Figure 8. Predictions on MS-COCO val set.
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Visualization: B Imag Brefictioi Groundtruth




