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A. More Visualizations

Appendix for LayoutDiffusion

A.1. Controllable Layout Edit by modifying objects in number, position, size, and category
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Figure 2. Layout edit by modifying the position of objects.
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A.5. Different Scales
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Figure 11. Visualizations on COCO-stuff 256256 sampled with different scale. LayoutDiffusion is trained by 1.15M iterations, and
sample images using dpm-solver 25 steps. The COCO image IDs (from top to bottom) are 472298, 475223, 504415, 513181.

B. Details of Diffusion Models
B.1. Denoising Diffusion Probabilistic Model (from ADM-G)

In this section, we will review the formulation of Gaussian diffusion models introduced by DDPM [6]. A data point is
defined as xy ~ ¢(z). By gradually adding noise to the clean data xy, we can obtain the noised samples from x; to z7,
where T" denotes the maximum steps. Specifically, Gaussian noise according to some variance schedule given by j3; is added
to x;_; in step ¢ of the Markovian noising process g:

q(@i]ze—1) = N(ze5 /1 — Bray—1, Bid) (1)

Due to the convenient nature of Gaussian noise, we do not need to apply ¢ times of g(x;|x;—1) repeatedly to sample from
x¢ ~ q(x¢]xo). Instead, g(x¢|xo) can be directly sampled from a Gaussian distribution:

q(@e|zo) = N (2¢; Vauzo, (1 — au)l) 2
:\/d_tx0+evl_dt76NN(OaI)) (3)

where oy = 1 — §; and ay = Hi:o a. The noise variance for an arbitrary timestep is defined as 1 — @; in Eq. (3), and we
could equivalently use this to define the noise schedule instead of 3;. DDPM [6] notes that the posterior q(z;—_1|zt, Zo) is
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also a Gaussian using with mean fi;(x, xo) and variance f;, and is defined as follows:

q(xe_1]ze, 20) = N (@15 fils, 0), i) 4)
fie (0, 70) = Mldt—}ﬁt o+ V(1 —7071571)% (5)
— Ot 1-— (673
~ 1—ay_
B = %@ ©6)
~a

If the total noise added throughout the markov chain is large enough when 7" — oo and correspondingly 5; — 0, the
will be well approximated by A/(0, I). This nice property ensures that we can reverse the above forward process and sample
from 7 ~ N (0,I), which is a Gaussian noise. However, since the entire dataset is needed, we cannot easily estimate the
posterior g(x_1|x¢, xo). Instead, we have to learn a model pg(2;—1|z) to approximate it:

po(wi—1|ze) = N (2415 o (w1, 1), T (24, 1)) (7

To ensure that the estimated pg(x;—1|z:) can learrn the true data distribution ¢(xg), we can optimize the following varia-
tional lower bound Ly, for pg(zo):

Law=Lo+Li+..+Lr_1+Lr 3
Lo = —log pe(xo|z1) )
Li—1 = Drr(q(@i-1|ze, mo) || po(wi—1]21)) (10)
Ly = Dir(q(zr|zo) || p(zr)) (an

Although the above objective is well justified, DDPM [6] applied a different objective that produces better samples in
practice. Specifically, they do not directly predict p9(x,t) as the output of a neural network, but instead train a model
€g(x¢, t) to predict € from Equation 3. This simplified objective is defined as follows:

Limple = Ein[1 T],00~a(x0),e~N (0.1 [ [€ — €0 (21, )[]?] (12)

Then, we can derive pg (¢, t) from eg (x4, t) using the following substitution:

1 1-—
ue(zt,t)\/aft@\/%ee(xt,t)) (13)

Note that 3¢ (z¢,t) is not learned in Lgimpe in DDPM [6] and is fixed as a constant such as §,I or BtI, corresponding to
upper and lower bounds for the true reverse step variance [16], respectively.

B.2. Classifier-free Method for Layout-conditional Training and Sampling

Instead of training a separate classifier model, Ho & Salimans [7] choose to train a diffusion model that allows for both
conditional and unconditional sampling, where the unconditional diffusion model py(z¢,t) is parameterized through a score
estimator €y (x4, t) and the conditional diffusion model py(x;, t|c) is parameterized through €q (x4, ¢, c).

They use a single model to parameterize both conditional and unconditional models, where for the unconditional model
they simply input a null token & for the class identifier ¢ when predicting the score, i.e. €g(zy,t) = eg(zy, t,c = &). They
jointly train this unified model by randomly replacing ¢ with the unconditional class identifier & with probability pyncond-
Then the conditional score estimate € (x4, t, ¢) is replaced with ég(x¢, t, ¢) using the following equation:

€o(xe,t,¢) = €p(xy, t, ) + s(ep(xs, t, ¢) — €924, 1)), (14)

which can be considered as a linear combination of conditional and unconditional score estimates. s is the scale and Since
Eq. (14) has no classifier gradient, no more gradient calculation in classifier guidance is needed during sampling. Further-
more, s can be changed to modify the effect of the condition.

In the layout-to-image generation, c is the layout [ defined in Sec. 3.1. Layout Embedding and & is the emtpy layout /paq
defined in Sec. 3.4. Layout-conditional Diffusion Model.
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C. Implementation details

C.1. Hyperparameters

Dataset COCO-stuff 256256 COCO-stuff 128x128 VG 256x256 VG 128x128
Model LayoutDiffusion LayoutDiffusion-small LayoutDiffusion LayoutDiffusion LayoutDiffusion
Layout-conditional Diffusion Model

In Channels 3 3 3 3 3
Out Channels 6 6 6 6 6
Hidden Channels 256 128 256 256 256
Channel Multiply 1,1,2,2,4,4 1,1,2,2,4,4 1,1,2,34 1,1,2,2,4,4 1,1,2,34
Number of Residual Blocks 2 2 2 2 2
Dropout 0 0 0.1 0.1 0.1
Diffusion Steps 1000 1000 1000 1000 1000
Noise Schedule linear linear linear linear linear
Layout-Image Fusion Module

Downsampling Scale For Fusion 8,16,32 8,16,32 48,16 8,16,32 4,8,16
Resolution for Fusion 32,16,8 32,16,8 32,16,8 32,16,8 32,16,8
Fusion Method 0OaCA 0OaCA 0OaCA 0OaCA 0OaCA
Number of Attention Blocks 1 1 1 1 1
Number of Heads 4 4 4 4 4
Layout Fusion Module

Hidden Channels 256 128 256 256 256
Transformer Depth 6 4 6 6 6
Attention Method Self-Attention Self-Attention Self-Attention Self-Attention Self-Attention
Number of Heads 8 8 8 8 8
Layout Embedding

Embedding Dimension 256 128 256 256 256
Maximum Number of Objects 8 8 8 10 10
Maximum Number of Length 10 10 10 12 12
Maximum Number of Class Id 185 185 185 180 180
Training Hyperparameters

Total Batch Size 32 32 64 32 64
Number of GPUs 8 8 8 8 8
Learning Rate le-5 le-5 2e-5 le-5 2e-5
Mixed Precision Training Yes Yes Yes Yes Yes
Weight Decay 0 0 0 0 0
EMA Rate 0.9999 0.9999 0.9999 0.9999 0.9999
Classifier-free Dropout 0.2 0.2 0.2 0.2 0.2
Iterations 1.15M 1.4M 300K 1.45M 300K

Table 1. Hyperparameters for the proposed LayoutDiffusion in Sec. 4.4. Quantitative results. All trained on eight RTX 3090.

Model LayoutDiffusion —LFM — OaCA —0aCA,+ CA —LFM, — OaCA
Fusion Method OaCA OaCA - CA -
Transformer Depth 6 0 6 6 0
Iterations 300K 300K 300K 300K 300K

FID 16.57 +0.19 +0.49 -0.11 +13.37

DS 0.47 +0.01 +0.05 +0.01 +0.23

CAS 43.60 -2.93 -12.74 -1.13 -39.77
YOLOScore 27.00 -8.20 -20.10 -34 -27.0

Table 2. Hyperparameters for the ablation study in Sec. 4.5 .
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C.2. Analysis of Training Resources and Sampling Speed

method FID | Npums Throughout Compressionstage Diffusion stage Total
images /s V100 days V100 days V100 days
LDM-8 (100 steps) 42.06 345M 0.457 66 3.69 69.69
LDM-4 (200 steps) 4091 306M 0.267 29 95.49 124.49
LayoutDiffusion-small (25 steps) | 36.16  142M 0.608 - 75.83 75.83
LayoutDiffusion (25 steps) 31.68 569M 0.308 - 216.55 216.55

Table 3. Comparison with SOTA diffusion-based methods LDM on COCO-stuff 256 x256. We generate the same 2048 images of LDM
for a fair comparision. LDM is sampled using DDIM [16] and LayoutDiffusion is sampled with DPM-Solver [12]. The hyperparameters
of LayoutDiffusion and LayoutDiffusion-small are listed in Tab. 1

D. Evaluation
D.1. Datasets

COCO-Stuff [3]. COCO [11] is a large-scale object detection, segmentation, and captioning dataset. COCO-Stuff [3]
augments all 164K images of the COCO [ 1] dataset with pixel-level stuff annotations. These annotations can be used for
scene understanding tasks like semantic segmentation, object detection and image captioning. COCO-Stuff [3] contains 80
categories of thing and 91 categories of stuff, respectively. Following the settings of LostGAN-v2 [17], we use the COCO
2017 Stuff Segmentation Challenge subset containing 40K / 5k / 5k images for train / val / test-dev set. Segmengtation
annotation is not used. We use images in the train and val set with 3 to 8 objects that cover more than 2% of the image and
not belong to crowd’. Finally, there are 25,210 train and 3,097 val images. Some previous works [, 8] don’t filter objects
belong to *crowd’, causing different numbers of images. Specificly, there are 24,972 train and 3,074 val images. LAMA [10]
uses the full COCO-Stuff [3] 2017 dataset, leaving 74,777 train and 3,097 val images. Tab. 4 summarizes the difference in
the number of images by different filtering methods.

use filter | train val

deprecated ’crowd’ | image  object object/image image object object/image

74,121 411,682 5.55 3,074 17,100 5.56

v 24,972 138,162 5.53 3,074 17,100 5.56
v 74,777 414,443 5.54 3,097 17,191 5.55

v v 25,210 139,175 5.52 3,097 17,191 5.55

Table 4. The difference in the number of images by different filtering methods, use deprecated means use COCO 2017 Stuff Segmentation
Challenge subset, filter *crowd’ means filter objects belong to ’crowd’.

Visual Genome [9]. Following the settings of Sg2Im [8], we experiment on Visual Genome [9] version 1.4 (VG) which
comprises 108,077 images annotated with scene graphs. Visual Genome [9] collects images with dense annotations of objects,
attributes, and relationships. Here, we only use bounding boxes. We divide the data into 80% / 10% / 10% for the train / val
/ test set. We select the object / relationship categories occurring at least 2000 / 500 times in the train set, respectively, and
select the images with 3 to 30 bounding boxes and ignoring all small objects. Finally, the train / val / test set has 62,565 /
5,062 /5,096 images.

D.2. Evaluation Metrics

Comprehensive evaluations of generated images remains a challenge. We use six metrics, from image-level to layout-
level, to evaluate the quality of the generated images and the layout control from different aspects.

Freechet Inception Distance (FID) [5] shows the difference between the real images and the generated images by using
an ImageNet-pretrained Inception-V3 [ 18] network and computing the Frechet distance between two Gaussian distributions
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fitted to generated images and real images respectively. We save the GT images as real images when sampling the generated
images. The real images and the generated images are saved to two folder respectively. Then compute the FID score, based
on the official code of FID'. For FID, the lower the score, the smaller the difference between the generated images and the
real images, meaning the generator model is better.

Inception Score (IS) [15] shows the overall quality of the generated images by using an Inception-V3 [18] network
pretrained on the ImageNet-1000 classification benchmark and computing a score(statistics) of the network’s outputs with
generated images of a generator model. IS measures the quality of images on two aspects: clarity and diversity. We only
need the generated images to compute the IS score, based on the official code of IS. For IS, the higher the score, the better
the quality of generated images, meaning the generator model is better.

Diversity Score (DS) measures the diversity between the generated images from the same layout by comparing the
perceptual similarity in a DNN feature space between them. Here, we adopt the LPIPS [19] metric. For each sample, we
repeat two times, use the two images from the same layout to compute the DS score, then calculate mean and std of these
scores as the reported DS score, based on the official code of DS®. For DS, the higher the score, the better the diversity
between the generated images, meaning the generator model is better.

YOLO Score [10] uses a pretrained YOLOv4 [2] model to evaluate bbox mAP on 80 thing categories based on the official
code of LAMA* and the official code of YOLOv4’. YOLO Score [10] is proposed to evaluate the alignmentand fidelity
of generated objects, measuring how generated objects are recognizable when even the layout is unknow. YOLO [2, 14] is
a well-known series of object detector, inferring layouts from the given images. Before send images to detector, they are
upsampled to 512x512. And different from LAMA [10], since we filter the objects and images in datasets, we think it is
better to evaluate bbox mAP only on filtered annotations.

Classification Score (CAS) [13] measures classification accuracy of layout areas on generated images. We crop the GT
box area of images and resize objects at a resolution of 32x32 with their class. Then train a ResNet101 [4] classifier with
cropped images on generated images and test it on cropped images on real images, based on a widely used codebase of image
classification®. For CAS, the higher the score, the better the quality of layout control, meaning the generator model is better.

Ithe official code of FID [5]:https://github.com/bioinf-jku/TTUR

2the official code of IS [15]:https://github.com/openai/improved-gan

3the official code of DS [19]:https://github.com/richzhang/PerceptualSimilarity

4the official code of LAMA [10]:https://github.com/%ZejianLi/LAMA

Sthe official code of YOLOV4 [2]:https://github.com/AlexeyAB/darknet

Sthe widely used codebase of image classification: https://github.com/hysts/pytorch_image_classification
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