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Figure 1: Generated design templates by our model. Each template has a background image and a
layout of elements: text (white), underlay (yellow), and button (red). Input text description is shown
below each template.

ABSTRACT

In this paper, our goal is to automate design template creation that generates a
background image and a layout of foreground elements over the background to
form a harmonious composition from an input text. Prior works on design tem-
plate generation opt to generate the background and layout sequentially using two
separate models and model the dependency between them by simply conditioning
one model on the final output of the other. Hence, these methods fall short of
capturing intricate interaction between the background and layout. To overcome
this limitation, we propose a diffusion model, DualFlow, which jointly generates
background images and layouts in a single generative process. The novel design of
our joint model’s denoising network connects the backbones of pre-trained image
and layout diffusion models with a carefully designed, learnable communication
module. At training time, the image and layout backbones are frozen to maintain
the pre-trained priors, while the communication module is trained from scratch
to focus on learning subtle image-layout interaction to generate more harmonious
compositions. Furthermore, we introduce two metrics, TemplateFID and Tem-
plateCLIP, to assess the quality of generated design templates holistically. Our
experiments show that, compared with prior approaches, our model can achieve
significantly better results, and produce outputs that are closer to real samples.
We also demonstrate the flexibility of our model in enforcing additional design
principles at inference without retraining.

1 INTRODUCTION

When creating graphic designs, designers usually choose and start from pre-existing design tem-
plates, instead of designing from scratch, and iteratively refine the templates towards the final full
designs. Design templates are of great value to designers in practice, which can provide inspirational
ideas and help speed up the design process. However, creating good design templates is non-trivial,
which often takes a lot of manual efforts and necessitates considerable design expertise.

In this paper, we aim to automate the process of creating graphic design templates from input textual
descriptions. Design templates usually lie midway between high-level requirements and full designs:
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they are more concrete than high-level intentions with basic appearance and structure to serve as
good starting points, while being less complete than full designs with only a partial set of element
attributes to leave room for creativity. Following the problem setup of Weng et al. (2024), we assume
that a design template is composed of a background image and a layout (spatial arrangement) of
foreground elements over the background.

A recent work, Desigen Weng et al. (2024), presents a solution to the design template generation
problem. Desigen takes a two-stage approach, where a background image is first generated, followed
by generating a layout of elements conditioned on the background image. It also implements an it-
erative refinement of the generated image and layout by repeating the two-stage procedure, where
the output of one stage is fed back into the other stage. Despite encouraging results, this method
suffers from several shortcomings. First, it models image and layout separately, and the commu-
nication between the image and layout models is limited since only the end output of one model is
used to influence the other model. Consequently, It has limited ability to capture complex interac-
tion between image and layout, which is crucial for harmonious compositions. Second, it explicitly
introduces an inductive bias towards occlusion avoidance, to reserve empty space in generated im-
ages for foreground object placement. This will cause the distribution of generated samples drift
significantly from training sample distribution, washing out distinctive patterns of training samples
from the model outputs.

To mitigate this issues, we propose DualFlow, a latent diffusion model for design template gen-
eration, which enables joint generation of images and layouts in a single framework by learning
nuanced image-layout interaction. Specifically, we first pretrain a latent diffusion model for uncon-
ditional layout generation as layout prior, and leverage a pretrained text-to-image latent diffusion
model Rombach et al. (2022) as image prior. Each of the two priors alone can generate high-quality
samples in its own domain (image or layout). We then construct the denoising network of DualFlow
by combining the pretrained backbones of the two priors and connect them with a communication
module dedicated to model image-layout interaction. When training DualFlow on design template
data, we hold the pretrained weights of the two backbones fixed, and only optimize the commu-
nication module. This allows us to focus learning on capturing intricate image-layout interaction
patterns, as the prior knowledge of generating realistic images and layouts are already available in
the two backbones. With the learned communication module, our DualFlow can generate a holistic
design template with a single denoising process, through which the image and layout backbones
frequently communicate with each other to denoise noisy image and layout latents jointly. There-
fore, our model is able to produce more harmonious compositions of image and layout compared to
Desigen. Besides, while our model refrains from using any design-related inductive bias, thus better
fitting the training data distribution. It offers great flexibility in enforcing some design principles in
generated design templates by utilizing a simple guidance technique at test time.

For assessing the performance of design template generation models, the prior study Weng et al.
(2024) measures image quality and layout quality separately, without evaluating design templates
holistically. Hence, we introduce two evaluation metrics, TemplateFID and TemplateCLIP, which
respectively assess the visual quality and text adherence of generated templates. The proposed
metrics complement existing image and layout metrics, enabling more comprehensive evaluation of
design template generation models.

To validate the effectiveness of our DualFlow model, we conduct experiments on the Web-design
dataset Weng et al. (2024), comparing DualFlow with state-of-the-art approaches. Our model ex-
hibits dramatically improved performance compared to the prior approaches, generating high-quality
design templates (see Figure 1). We also demonstrate that our model can optionally impose an oc-
clusion avoidance rule similarly to Desigen, effectively reducing the occlusion of salient background
regions by foreground elements.

The main contributions of this paper are threefold: we propose a diffusion-based design template
generation model that synthesizes images and layouts simultaneously in a single process by learning
the interaction between pretrained, fixed image and layout priors, in sharp contrast to the two-stage
strategies used in prior work; we introduce a simple yet effective training-free sampling strategy
that enables prioritization of specific design rules during generation without retraining; and we de-
sign two quantitative metrics to holistically assess the visual quality and text alignment of design
templates.
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2 RELATED WORK

2.1 GRAPHIC LAYOUT GENERATION

Layout generation, which involves creating spatial arrangement of elements on a canvas, is funda-
mental task in graphic design and has been extensively studies in recent years. Early works have
approached layout generation using various generative modeling frameworks including Generative
Adversarial Networks (GANs) Li et al. (2019); Zheng et al. (2019); Kikuchi et al. (2021) and Vari-
ational Autoencoders (VAEs) Jyothi et al. (2019); Arroyo et al. (2021), Transformers Gupta et al.
(2021); Horita et al. (2024); Jiang et al. (2023), diffusion models Inoue et al. (2023); Zhang et al.
(2023); Cheng et al. (2023) and flow-based models Guerreiro et al. (2024). Previous works also show
the effectiveness of large language models (LLMs) in solving the layout generation tasks based on
the layout-related knowledge that LLMs have acquired during pretraining.

Besides unconditional generation, constrained layout generation has been investigated, which im-
poses various user constraints on element attributes and relationships to control generated lay-
outs Lee et al. (2020); Kikuchi et al. (2021); Jiang et al. (2023). Several recent methods investigate
graphic design composition, which uses a set of multimodal elements (images and texts) as condi-
tioning information, and compose them into a cohesive design Cheng et al. (2024); Shabani et al.
(2024); Zhang et al. (2025); Lin et al. (2025). Our work is related to a branch of methods on content-
aware layout generation, which generates layouts conditioned on a background image Zhou et al.
(2022); Cao et al. (2022); Horita et al. (2024). However, instead of tackling background-conditioned
layout generation solely, we aim to generate both layout and background image, in order to consti-
tute a design template.

2.2 GRAPHIC DESIGN GENERATION

Compared with layout generation, building generative models for complete graphic designs remains
a less explored problem. CanvasVAE Yamaguchi (2021) trains a VAE to generate vector graphic
designs represented as sets of canvas and element attributes. GOL Yang & Cao (2025) shows that
learned element order can improve the performance of autoregressive and diffusion generators that
predict a sequence of element attribute tokens.

Recently, several methods have been proposed to automate graphic design generation from text
prompts specifying design intention. One class of methods directly fine-tune pretrained text-to-
image diffusion models for text-to-design generation, producing highly aesthetic and coherent de-
sign images. Another class of methods try to generate layered graphic designs, composed of multiple
image and text layers, using either a cascade of task-specific models Jia et al. (2023); Inoue et al.
(2024) or specialized multi-layer image generation models Pu et al. (2025).

The design template generation problem that we focus on can be viewed as a specialization of
design generation that considers a subset of element attributes, including background image and
element layout. Desigen Weng et al. (2024) is the initial attempt for design template generation.
it introduces an inductive bias for minimizing occlusion between foreground layout elements and
salient background objects, which may cause a gap between the learned distribution and the training
data distribution. In contrast, our model generates a background image and a layout jointly in a
single diffusion model, which focuses on learning image-layout interaction to achieve more coherent
image-layout composition. In addition, our model imposes no design-specific inductive bias, thereby
better maintaining the distinctive features of training samples in generated design templates.

3 METHOD

Given a text description P , our goal is to generate a design template XD. Each design template
consists of a background image XI and a layout XL, where the layout comprises a set of elements
defined by their categories and bounding box coordinates. To this end, we aim to learn a joint
distribution p(XI , XL|P) of background imagesXI and layoutsXL conditioned on P , from which
we can sample XI and XL, and compose them into a coherent design template. The key idea of
our method is to 1) train two expressive diffusion priors on image and layout domains (to ensure the
high-quality generation of background images and layouts), and 2) learn the interaction between the
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Figure 2: Overview of our joint model.

two priors in a single joint diffusion model (to ensure a harmonious composition). This leads to an
unified model DualFlow for joint generation of background images and layouts from text inputs.

3.1 DOMAIN-SPECIFIC PRIORS

We aim to build a conditional image prior p(XI |P) that can generate images from text prompts, and
a layout prior p(XL) for generating high-quality layouts.

Image Prior. For p(XI |P), we employ Stable Diffusion (SD) Rombach et al. (2022), a large-scale
latent diffusion model (LDM) for text-to-image generation. SD trains a variational autoencoder
(VAE) with an image encoder EI and an image decoderDI. The encoder EI maps a RGB imageXI ∈
RH×W×3 to a spatial latent representation zI0 = EI(X

I) ∈ Rh×w×dI (a h× w grid of embeddings,
each of dimensionality dI ). Then, a diffusion model is learned over latents instead of pixels. For
image generation, a latent z̃I0 is sampled from the diffusion model and then decoded by the decoder
DI into an image X̃I = DI(z̃

I
0). To adapt the pretrained SD to the task of generating background

images in graphic designs, we fine-tune it on a dataset of background images associated with text
descriptions, to obtain the adapted denoising network ϵθ∗ , which we refer to image backbone in our
joint model introduced later.

Layout Prior. For p(XL), we train another LDM from scratch on a layout dataset. Following
the prior work on layout generation Gupta et al. (2021); Jiang et al. (2023); Inoue et al. (2023),
we define a layout element as a bounding box with 5 attributes including category, left coordinate,
top coordinate, width and height. After discretizing the continuous attributes into bins using the
k-means algorithm, an element is formatted as a sequence of 5 attribute tokens, and a layout is
the concatenation of the element sequences. We first train a VAE to project layouts into a latent
space. The Transformer-based VAE encoder EL encodes a layout XL into a latent representation
zL0 = EL(X

L) ∈ RN×dL , where N is the number of elements in the layout and dL is the embedding
dimensionality. We then train a diffusion transformer Peebles & Xie (2023) over the latent space. A
layout can be generated by sampling z̃L0 from DiT, followed by feeding it into the Transformer-based
VAE decoderDL: X̃L = DL(z̃

L
0 ). We refer to the trained Transformer-based denoising network ϵϕ∗

of DiT as layout backbone in our subsequent joint model.

3.2 JOINT MODEL

Given the pretrained two priors that operate independently, we merge them into a single diffusion
model to simultaneously generate background images and layouts. As illustrated in Figure 2, the
core design of the joint model’s denoising network is to put the pretrained and frozen image and
layout backbones together to jointly denoise image and layout noisy latents, while connecting the
backbones using a learnable communication module to capture image-layout interaction. Such
design has two primary benefits: first, by locking the weights of the backbones, we can retain
the pretrained knowledge in them to effectively leverage their original capabilities to ensure the
quality of generated images and layouts; second, as the prior knowledge of how to generate images
and layouts independently is already available in the two pretrained backbones, our joint model,
when trained on design template datasets, can focus on learning intricate and subtle interaction
between image and layout, thus improving composition harmony. Furthermore, the two backbones
can communicate over a large number of denoising steps during the generation process of images
and layouts. This is different from the sequential iterative refinement (e.g., in Desigen), where the
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image (layout) is generated after the generation of the layout (image). Consequently, our joint model
can better model image-layout interaction, compared to the previous work.

To learn our model, we train a joint denoising network:

[ϵ̂It , ϵ̂
L
t ] = ϵψ,θ∗,ϕ∗(zIt , z

L
t , t,P), (1)

where ϵ̂It , ϵ̂
L
t are predicted noises. The training is performed by optimizing the following objective:

L = EzI0 ,zL0 ,t,ϵIt ,ϵLt
[
λI∥ϵIt − ϵ̂It ∥22 + λL∥ϵLt − ϵ̂Lt ∥22

]
, (2)

where t ∼ [1, T ] (T is the number of diffusion timesteps), ϵIt ∼ N (0, I), and ϵLt ∼ N (0, I).
Our implementation sets λL = 3 and λI = 1. ψ contains the communication module’s trainable
weights.

3.3 COMMUNICATION MODULE

The communication module is designed to facilitate bidirectional information exchange between the
image and layout backbones, while preserving the their pretrained knowledge as much as possible.
Let hI ∈ RM×d be the flattened intermediate representations of the image backbone (U-Net), and
hL ∈ RN×d be the intermediate representation after the 20th DiT block of the layout backbone. The
communication module augments hI and hL as:

[h̄I , h̄L] = COMM(hI , hL). (3)

The augmented representations h̄I , h̄L are then fed into the subsequent blocks in the image and
layout backbone. More specifically, to obtain h̄I , the operations can be written as:

h̄I = hI + η · CrossAttn(hI , hL). (4)

The cross-attention can model image-layout interaction, propagating layout information from hL to
hI . η is set to 1 during training and can be varied during inference to control when the communica-
tion is enabled over the denoising process. Similarly, h̄L is obtained by:

h̄L = hL + η · CrossAttn(hL, hI). (5)

When training the model, we set η = 1 in Equation 4 and 5, enabling the communication mod-
ule for all diffusion timesteps so that this module can be sufficiently updated. However, our early
experiments show that using η = 1 throughout the entire denoising process at test time leads to
unsatisfactory layout generation quality. To mitigate this issue, inspired by GLIGENLi et al. (2023),
we dynamically adjust the value of η during the sampling process to improve visual quality. The
denoising process of diffusion models generates coarse-grained features (e.g., global structures and
colors) at early steps, and then generates perceptually important contents and fine-grained details at
late steps. Therefore, we opt to turn on the communication module (η = 1) at the first 30% of the
denoising process, where the image backbone can use external knowledge from the layout backbone
to generate rough spatial arrangement of objects in the image that harmonizes with the layout, and
vice versa for the layout backbone. In the remaining denoising steps, we disable the communication
module (η = 0), allowing the two backbones to rely upon their internal knowledge to generate high-
quality images and layouts. A detailed ablation of different η values during inference is provided in
Appendix A.5.

3.4 GUIDANCE BASED ON DESIGN PRINCIPLES

To offer flexibility in enforcing design principles on generated samples, we propose a simple guid-
ance technique to guide the layout generation process by adjusting the noise prediction ϵ̂Lt of the
layout backbone:

ϵ̂Lt ← ϵ̂Lt − s
√
1− ᾱt∇zLt

K∑
k=1

L
(
ϵ̂It , ϵ̂

L
t

)
, (6)
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where s is the guidance scale, and ᾱt is the multiplication of the forward process noise variances
from 1 to t. {Lk} are a group of differentiable loss functions the penalize the violation of some de-
sign principles. [ϵ̂It , ϵ̂

L
t ] = ϵψ,θ∗,ϕ∗(zIt , z

L
t , t,P), where ψ denotes the trained weights by minimiz-

ing Equation 2. Note that any design principle can be imposed here as long as their corresponding
differentiable loss function can be defined.

As an example, we show how to define a loss function for an occlusion avoidance rule that prevents
foreground elements from occluding salient background regions. Specifically, given the predicted
image noise ϵ̂It , we compute a clean image latent ẑI0 analytically using the forward process marginal
distribution q(zIt |zI0), decode it into an imageDI(ẑ

I
0), and compute a saliency map S = fsal(DI(ẑ

I
0))

using an off-the-shelf saliency detector fsal. Then, we compute a clean layout latent ẑL0 from the pre-
dicted layout noise ϵ̂Lt with q(zLt |zL0 ), and decode it into a layout DL(ẑ

L
0 ). The occlusion avoidance

loss Locc is computed as the average saliency value within the decoded layout elements on S. Let
{bi}Bi=1 be a set of decoded element bounding boxes. Formally, Locc is written as:

Locc =
1

B

B∑
i=1

1

Ai

∑
p

Mbi(p)S(p), (7)

where Mbi
is a soft mask for bi with higher values at locations within bi, Ai is the area of bi, and

p indexes spatial positions. See more details in the supplementary material.

4 EXPERIMENTS

4.1 DATASET AND IMPLEMENTATION DETAILS

We conduct our experiments on the Web-design dataset Weng et al. (2024), which consists of 50K
web banner designs collected from real-world online shopping platforms. We use 41,270 samples
(85%) for training, 2,427 (5%) for validation, and 4,856 (10%) for testing. For pretraining the layout
prior, we train its VAE (embedding dimensionality 32) using β-VAE with β = 5×10−4. The layout
backbone is trained for 1000 epochs with a batch size of 4096. For the image prior, we fine-tune the
image backbone for 100 epochs with a learning rate of 1 × 10−5 on the background images from
the Web-design. More detailed settings are provided in Appendix A.7 and A.8 .

4.2 COMPARED METHODS

We compare our method with a stat-of-the-art design template generation model, Desigen Weng
et al. (2024), which is already trained on the Web-design dataset. Desigen proposes an iterative
strategy to refine the generated image and layout. We run this iterative refinement for 3 iterations
in the comparison. We also compare with the sequential text-to-design model OpenCOLE Inoue
et al. (2024), and a pipeline that combines vanilla Stable Diffusion (SD) Rombach et al. (2022)
for background generation with GPT-4o (denoted as GPT-4V) for layout inference, serving as a
vision–language baseline.

4.3 EVALUATION METRICS

Domain-specific Metrics. Following the evaluation protocol of Weng et al. (2024), we evaluate
the quality of background image and layout seperately using the following metrics. For background
image evaluation, we use: Saliency Ratio Weng et al. (2024) that measures the proportion of salient
regions in an image; FID Heusel et al. (2017) that measures visual quality and is computed against
the training split; CLIP Score Radford et al. (2021) that measures text-image alignment. For layout
evaluation, we use: Alignment Li et al. (2019) that measures alignment between layout elements;
Overlap Li et al. (2019) that measures the amount of overlap between layout elements; Occlu-
sion Cao et al. (2022) that measures the occlusion of background salient regions by layout elements.
As additional layout metrics for comprehensive evaluation, We also include: LayoutFID Kikuchi
et al. (2021) that measures overall layout quality and is computed against the training split; Read-
ability Horita et al. (2024) that measures text readability.

Holistic Metrics. We further propose two metrics, TemplateFID, TemplateCLIP, to evaluate the
quality of holistic design templates, which consider background image and layout jointly. Template-
FID evaluates how realistic generated templates; TemplateCLIP tells how well generated templates

6
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adhere to the text inputs. To compute the metrics, we first train an template autoencoder (AE) on
the Web-design dataset to extract joint image-layout (or template) embeddings. Given a background
image and a layout, the encoder maps them to a single template embedding. For this, we first embed
the background image and layout using the pretrained image encoder EI and layout encoder EL (of
the image and layout priors), combine the image and layout embeddings, and process them via a se-
ries of Transformer encoder blocks. The decoder reconstructs the image embeddings and the layout
from the template embedding, using another series of Transformer encoder blocks, followed by lin-
ear projection layers. To further validate the effectiveness of TemplateFID, we conduct a user study
on template embedding similarity (Appendix A.4) and find that Participants preferred the retrieved
templates over random ones 73.8% of the time, suggesting that the learned embedding space indeed
captures meaningful structural characteristics of design templates.

To compute TemplateFID, we calculate Fréchet Inception Distance (FID) Heusel et al. (2017) be-
tween generated and real samples based on the template embeddings. To compute TemplateCLIP,
we fine-tune the template AE encoder and the pretrained SD text encoder with the contrastive learn-
ing objective of the CLIP Radford et al. (2021) on the Web-design dataset.

Method Image Layout Template Inference Time
(s/template)FID↓ CLIP↑ Saliency Ratio LayoutFID↓ Align Overlap Occlusion Readability TemplateFID↓ TemplateCLIP↑

Desigen (0) 31.52 29.20 20.65% 0.56 0.35 14.41 13.47% 11.48% 118.96 3.19 7.47
Desigen (1) 30.84 28.87 19.29% 0.57 0.38 15.63 13.24% 11.56% 108.56 3.18 14.85
Desigen (2) 31.23 28.46 18.36% 0.51 0.37 15.52 12.70% 11.23% 114.10 3.19 22.42
Desigen (3) 30.79 29.04 17.67% 0.48 0.37 15.23 11.45% 10.97% 116.83 3.21 29.89
GPT-4V 22.90 31.297 28.77% 9.457 0.01 99.52 30.49% 12.52% 237.68 2.98 10.86
Ours 19.57 29.79 14.56% 0.15 0.31 11.98 19.30% 11.41% 86.63 3.25 5.01
Ours + OAG 19.57 29.79 14.56% 0.21 0.32 13.26 12.66% 10.35% 92.81 3.23 8.69

Real Data – 27.5 14.17% – 0.31 9.34 21.14% 8.53% – 3.39 –

Table 1: Quantitative comparison with Desigen and GPT-4V on the Web-design dataset. “Desigen
(n)” denotes applying iterative refinement n times for Desigen. For all metrics except CLIP and
FID-related ones, values closer to the ones calculated from real data at the bottom row indicate
better performance. The best and second best results are in bold and underlined, respectively.

Method Image Layout Design Inference Time
(s/template)FID↓ CLIP↑ Saliency Ratio LayoutFID↓ Align Overlap Occlusion Readability TemplateFID↓ TemplateCLIP↑

OpenCOLE 23.79 30.49 23.24% 1.63 4.20 11.44 30.48% 11.74% 211.42 3.12 25.8
Ours (Prompt Aug) 18.97 30.94 15.32% 0.16 0.32 12.06 19.74% 11.63% 85.35 3.28 10.14
Real Data – 27.5 14.17% – 0.31 9.34 21.14% 8.53% – 3.39 –

Table 2: Quantitative comparison with OpenCOLE on the Web-design dataset. The text prompts
input to our model are augmented by GPT. For all metrics except CLIP and FID-related ones, the
values closer to the ones calculated from real data at the bottom row indicate better performance.
The best and second best results are in bold and underlined, respectively.

4.4 QUANTITATIVE RESULTS

Comparison to Desigen and GPT4V. Table 1 presents the quantitative comparison with Desigen.
We report metrics computed on the test set of the Web-design dataset as a reference, shown as Real
Data at the bottom of the Table. 1. For image generation, our method outperforms Desigen across
all the three metrics, with substantial improvements in FID and saliency ratio. This indicates that
our model can generate high-fidelity background images with sufficient empty space for foreground
element placement. It should be noted that the CLIP score of real data is lower than other methods,
as real background images leave more empty space for foreground elements (lower saliency ratio),
which weakens text–image alignment. By contrast, GPT-4V achieves the highest CLIP score due
to minimal empty space in SD-generated images, but its predicted layouts deviate sharply from
real data and suffer from extremely high overlap. For layout generation, our model achieves the
best results on 4 out of the 5 the metrics, and is comparable to Desigen for the readability metric,
demonstrating its superior layout generation capabilities. Also, our model is able to generate more
harmonious design templates that more faithfully conform to the input texts, as evidenced by its
better results in TemplateFID and TemplateCLIP.

As Desigen explicitly enforces occlusion avoidance constraints in its model design, its saliency ratio
and occlusion scores decline over refinement iterations, meaning that the salient portion of the gener-
ated background image is gradually reduced, and layout elements and salient background regions are
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moved further apart from each other. While such iterative refinement boosts performance in some
metrics (e.g., LayoutFID and readability), a side effect is exposed: the gaps between Desigen’s gen-
erated samples and real samples, in terms of several aspects (measured by metrics, e.g., alignment,
overlap and occlusion), become increasingly larger. The growing gaps imply that the refined results
lose some unique design characteristics in training examples, which is undesirable. For example,
designers may occasionally make foreground elements partially occlude salient background objects,
e.g., for creative or artistic purposes. Excessive occlusion reduction can lead to a lower occlusion
score, but may generate unnatural outputs that don’t resemble what human designers create. Due
to the existence of the aforementioned gaps, Desigen’s TemplateFID improves only slightly with
the iterative refinement, still significantly lagging behind that of our model. In addition, Desigen’s
iterative refinement runs the denoising process of the SD multiple times, which incurs non-trivial
computational overhead. In contrast, our model only requires a single pass of the denoising process,
which gives it a significant advantage in inference time.

Occlusion Avoidance Guidance. Our model introduces no design-specific inductive bias, but al-
lows for enforcing design principles in the generation process through inference-time guidance.
We have implemented occlusion avoidance guidance (OAG) that prevents important background
regions from being blocked by foreground elements similarly to Design, and report its results in
Table 1. Applying OAG leads to a considerable reduction of the occluison metric, which showcases
its effectiveness(see Appendix A.3 for detailed quantitative and qualitative analyses).

Comparison to OpenCOLE. OpenCOLE consists of three modules: 1) a design plan generation
module (a pretrained large language model) to convert a brief design intention into a detailed design
plan; 2) an image generation module (a fine-tuned SD model) that generates an image (i.e, a back-
ground image in our problem setting) conditioned on the concatenation of object and background
captions from the design plan; 3) a typography generation module (a fine-tuned large multimodal
model) that generates text attributes (including the bounding box parameters of texts) based on the
design plan and the generated image. For design template generation, OpenCOLE can be understood
as a two-stage approach (image generation followed by text layout generation) similar to Desigen,
with an additional component (the design plan generation module) to augment the input text prompt.
For a fair comparison, we modify the image generation module to use the same SD model as our
model, and change the typography generation module to output the layout of elements. The above
two modules are fine-tuned on the Web-design dataset. Furthermore, we leverage GPT to turn short
text inputs into long, detailed prompts before feeding them into our model. Table 2 report the quan-
titative results of OpenCOLE and our model. It can be seen that our model outperforms OpenCOLE
on 9 out of the 10 metrics. Additionally, we conduct a GPT-4V evaluation (Appendix A.2), lever-
aging a vision–language model to assess the generated templates. Table 4 show that our method
produces design templates that are more coherent, semantically accurate, and visually consistent.

4.5 QUALITATIVE RESULTS

Figure 3 show the visual comparison of design templates generated by different methods. Our model
can generate high-quality diverse layouts and visually pleasing background images. More impor-
tantly, due to its strong ability to capture intricate interaction between layout and background image,
our model can produce harmonious layout-image compositions. In contrast, the results of Open-
COLE , Desigen and GPT-4V suffer from various issues. Specifically, in the results of OpenCOLE,
foreground elements are significantly misaligned and salient background areas are often occluded
by foreground elements. The layouts of Desigen sometimes exhibit undesirable overlap between el-
ements (column 2, 5) and repetitive patterns (e.g., la) the background images generated by Desigen
appears less visually aesthetic. Moreover, GPT-4V tends to predict layouts that spread across the
entire background image, leading to excessive occlusion and unrealistic template structures.

Method Image Layout Template

FID↓ CLIP↑ Saliency Ratio LayoutFID↓ Align Overlap Occlusion Readability TemplateFID↓ TemplateCLIP↑
wo/ Comm. 19.32 30.37 21.37% 0.16 0.38 12.87 30.74% 12.23% 99.14 3.23
w/ Comm. 19.57 29.79 14.56% 0.15 0.31 11.98 19.30% 11.41% 86.63 3.25
Real Data – 27.5 14.17% – 0.31 9.34 21.14% 8.53% – 3.39

Table 3: Ablation study on the communication module. For all metrics except CLIP and FID-
related ones, the values closer to the ones calculated from real data at the bottom row indicate better
performance. The best results are in bold.
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Figure 3: Qualitative comparison of different methods. White, orange and red boxes denote text,
underlay and button, respectively. Input texts are shown at the top of each column, and the last row
displays the ground truth design templates.

4.6 IMPORTANCE OF THE COMMUNICATION MODULE

One key ingredient of our model is the communication module that enables the image and layout
backbones interact with each other during the generation process. To test the effect of this com-
ponent, we consider a variant of our model where the communication module is disabled and thus
the two backbones denoise independently. As shown in Table 3, using the communication module
dramatically reduces the saliency ratio, occlusion and readability, and contributes to a significant
improvement of TemplateFID. This highlights the importance of the communication module for im-
proving the composition harmony of background image and layout. Additionally, to gain a more
intuitive understanding of what the communication module learns, we provide visualizations of its
cross-attention maps in different stages and qualitative comparisons in Appendix A.1.

5 CONCLUSION

In this paper, we propose a model for design template generation from input text. A design template
encompasses a background image and a layout of foreground elements. The core idea underlying our
method is to pretrain two independent, expressive diffusion priors, one for text-to-image generation
and one for unconditional layout generation, and merge them into an unified diffusion model where
the two pretrained denoising networks collaborate to generate the background image and the layout
jointly through a trainable communication module. Furthermore, we introduce a simple guidance
technique to enforce design principles in generated results without any retraining. Our experimental
results demonstrate that our model is superior to existing alternative methods, synthesizing visually
aesthetic background images, high-quality layouts, and harmonious image-layout compositions.
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A APPENDIX

A.1 INTERPRETABILITY AND EFFECTIVENESS OF THE COMMUNICATION MODULE

A.1.1 TRAINING STAGE ATTENTION MAP VISUALIZATION

To better understand how the layout and image modalities interact during training, we visualize
cross-attention maps in both directions: from layout tokens to image patches and from image patches
to layout tokens.

As shown in Figure 4, the attention from layout tokens to image features evolves significantly during
training. In the early stage (step 0), each layout token attends almost uniformly to the entire image,
without clear spatial preference. As training progresses, however, these attentions become sharper
and more semantically meaningful: after 1000 steps, layout tokens are able to consistently focus
on salient objects and object boundaries (e.g., text regions or buttons), demonstrating that the com-
munication module learns to capture the spatial layout of the background image and align layout
elements with visual context.

Complementary to this observation, Figure 5 shows the reverse direction of attention, from image
patches to layout tokens. At the beginning of training, different image patches attend to layout
tokens with little distinction, resulting in nearly uniform attention distributions. As training contin-
ues, the differences become more pronounced: some patches strongly highlight their corresponding
layout tokens while others show weaker activations. This growing divergence indicates that image
patches gradually specialize in recognizing their most relevant layout elements, which opens up an
interesting direction for understanding how cross-modal grounding emerges during joint training.

A.1.2 INFERENCE STAGE ATTENTION MAP VISUALIZATION

We further inspect the cross-attention weights from layout tokens to image patches during inference
as the denoising process unfolds. As shown in Figure 6, even at early timesteps (t = 701), lay-
out tokens already focus on salient regions of the image, such as objects and prominent anchors.
As denoising progresses, these attentions sharpen and stabilize, indicating that the communication
module dynamically refines its cross-modal grounding. Importantly, this behavior is consistent with
the training stage observations: the communication module preserves the spatial alignment ability it
learned during training and can readily attend to salient regions and boundaries in the image during
inference. This consistency suggests that the learned cross-modal alignment is not only acquired in
training, but also effectively retained and exploited at inference time.

A.1.3 COMPARISON WITH AND WITHOUT THE COMMUNICATION MODULE

To directly examine the effect of the communication module, we compare generation results under
two settings: without and with the module enabled. As shown in Figure 7, the first row corresponds
to a variant where layout and image are modeled independently. In this case, there is no exchange of
information and the two branches simply operate in parallel, often resulting in templates that appear
disorganized and lack clear visual emphasis. The second row shows results from the same text
prompts but with the communication module active. Here, the interaction between layout and image
learned during training is effectively utilized at inference, allowing the two branches to guide each
other. The generated templates are visibly more harmonious and better aligned, with layout elements
naturally adapting to image context and vice versa. Together with the attention map analyses in
the training and inference stages, This comparison highlights a consistent picture: enabling the
communication module effectively builds an information bridge between the two domains, allowing
layout and image to exchange complementary cues.
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(a) Ground truth layout (left) and attention maps for Token 0 at denoising steps 0, 200, and 1000.

(b) Ground truth layout (left) and attention maps for Token 2 at training steps 0, 200, and 1000.

Figure 4: Visualization of cross-attention maps from layout tokens to image features at different
training steps. In each row, the leftmost image shows the ground truth , where the element marked
with a golden star indicates the selected layout token. The first row corresponds to a text element
(white bounding box), and the second row corresponds to a button element (red bounding box). The
subsequent images in each row show how the selected token attends to image features at training
steps 0, 200, and 1000, respectively. As training progresses, attention becomes increasingly focused
on salient image regions, demonstrating the communication module’s ability to perceive and align
with the spatial structure of the background image.

Figure 6: Visualization of cross-attention maps from layout tokens to image patches at different
denoising steps (t = 701, 501, 301). For several representative layout tokens, we show which image
regions they attend to. Even at early stages, layout tokens focus on salient regions, suggesting that
the communication module effectively captures meaningful cross-modal correspondences early on.

A.2 GPT-4V EVALUATION

Inspired by recent work on graphic design generation Jia et al. (2023); Inoue et al. (2024), we lever-
age GPT-4V to automatically assess the quality of generated design templates. Specifically, given
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Figure 5: Cross-attention visualization from image patches to layout elements at different denoising
timesteps. Each red dashed box indicates a selected image patch, and the semi-transparent color
over each layout box reflects its attention weight from that patch (red = high attention, blue = low
attention). The attention values are normalized and mapped to a colormap for clarity.

Without Communication Module

With Communication Module

Figure 7: Visual comparison of generated design templates with and without the communication
module. The first row shows results from the variant without communication, while the second
row shows results with communication. Each column corresponds to the same input prompt across
both variants.
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a design template, GPT-4V is instructed to evaluate it across five aspects, each scored on a scale of
1 to 10, with higher values indicating better performance. Based on text inputs randomly sampled
from the test dataset, each candidate model (Desigen, OpenCOLE, and ours) generates 2,000 design
templates. The aggregated GPT-4V scores are reported in Table 4. To ensure consistency in evalua-
tion, we design a specialized prompt to guide GPT-4V. Building on the COLE framework Jia et al.
(2023), we adapt and refine the prompt to better fit the characteristics of design templates, as shown
in PromptBox A.12. The five evaluation metrics capture complementary aspects of design quality:
• Layout Structure and Readability (LSR): Measures whether the bounding boxes form a clear and

balanced layout that supports natural reading order.
• Content Role Allocation (CRA): Evaluates whether elements such as text, buttons, and images are

used semantically in line with their intended roles.
• Layout Adaptability and Spatial Logic (LAS): Assesses how well the layout maintains structural

consistency, including proportional alignment and robustness to content variation.
• Visual Balance with Background (VBB): Measures how harmoniously the layout integrates with

the background image, avoiding excessive occlusion or imbalance.
• Prompt–Background Alignment (PBA): Evaluates whether the generated design matches the se-

mantics of the input text prompt and whether the background is aesthetically suitable.
As summarized in Table 4, our model consistently outperforms prior methods across all five aspects.
For example, our method achieves an LSR score of 7.24 compared to 6.91 for Desigen and 6.07 for
OpenCOLE. In CRA, we obtain 7.42 versus 6.30 (Desigen) and 5.43 (OpenCOLE), showing a clear
gain of more than +1 point over both baselines. The improvement is even more pronounced in LAS
(8.62), which is +1.29 higher than Desigen and nearly +3.8 higher than OpenCOLE, demonstrating
that our dual-branch communication mechanism greatly enhances layout adaptability. For VBB,
our model slightly improves upon Desigen (6.65 vs. 6.59) and remains close to real data (6.76),
indicating strong visual balance with the background. Finally, in PBA, our model achieves 7.64,
outperforming Desigen (7.32) and OpenCOLE (7.26), showing better alignment between prompt
semantics and generated designs. While there remains a small gap to real human-designed templates
(e.g., 7.83 in LSR and 8.30 in CRA), these results confirm that our method produces more coherent,
semantically accurate, and visually consistent design templates than existing baselines.

Method LSR↑ CRA↑ LAS↑ VBB↑ PBA↑

Desigen 6.91 6.30 7.33 6.59 7.32
OpenCOLE 6.07 5.43 4.78 5.75 7.26
Ours 7.24 7.42 8.62 6.65 7.64

Real Data 7.83 8.30 8.48 6.76 7.98

Table 4: GPT-4V evaluation results. The bottom row shows real data. Best and second-best are bold
and underlined.

A.3 EFFECTIVENESS OF OCCLUSION GUIDANCE

A.3.1 STEP-WISE DENOISING VISUALIZATION

To qualitatively assess the effect of occlusion guidance during generation, we visualize the denois-
ing trajectory of a sample under guidance scale = 3. As shown in Figure 8, the layout elements
initially overlap with salient regions of the image (e.g., foreground objects). As denoising proceeds,
however, these elements are gradually pushed away from the salient content and repositioned into
less intrusive areas. This step-wise visualization clearly demonstrates that the occlusion guidance
mechanism effectively drives the layout to avoid covering important visual content throughout the
generation process.

A.3.2 ABLATION ON GUIDANCE SCALE

We conduct an ablation study on the occlusion guidance scale s to better understand its effect on
layout generation. Since this guidance directly influences only the placement of layout elements, we
evaluate both layout-level and template-level metrics (Table 5).
As s increases, the model becomes more conservative in placing layout elements over salient regions.
Occlusion decreases consistently and reaches its minimum at larger scales (e.g., s = 10), indicating
that strong guidance effectively enforces avoidance of important background areas. Readability also
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improves with moderate scales (around s = 3 to s = 5), but excessive values lead to diminishing
returns. At the same time, stronger guidance introduces side effects: LayoutFID and alignment
gradually deteriorate, and template-level realism is harmed. Specifically, TemplateFID rises steadily
(e.g., 86.63 → 114.34), while TemplateCLIP drops slightly (3.25 → 3.16), suggesting that overly
strong guidance distorts the natural distribution of layouts and weakens overall design quality.
A moderate guidance scale achieves the best trade-off. In particular, s = 2 and s = 3 strike a balance
between reducing occlusion and maintaining competitive LayoutFID, alignment, and template-level
realism. Qualitative results in Figure 9 confirm this trend: at s = 3, layout elements are already
well separated from salient objects in the background, resulting in cleaner and more harmonious
compositions without sacrificing fidelity. Therefore, we adopt s = 3 as the default setting in our
main experiments. Larger scales (e.g., s = 7 or s = 9) can be used in applications where strict
occlusion avoidance is preferred, but they may come at the cost of reduced layout fidelity and visual
realism.

(a) Step 800 (b) Step 500 (c) Step 200 (d) Step 0

Figure 8: Denoising trajectory under occlusion guidance (occ scale = 3). The layout progressively
moves away from salient image regions as the denoising steps proceed.

Table 5: Ablation on different Guidance scales (s) under DDIM step=50. For each metric, the best
result is marked in bold, and the second best is underlined. The last row shows statistics computed
from real data as reference.

Setting Layout Template

L-FID↓ Align Overlap Occlusion Readability TemplateFID↓ TemplateCLIP↑
s=0 0.148 0.31 11.98 19.30% 11.41% 86.63 3.25
s=1 0.1547 0.42 11.90 15.40% 10.50% 87.05 3.25
s=2 0.1874 0.38 11.38 13.40% 10.27% 89.41 3.24
s=3 0.2113 0.32 13.26 12.66% 10.35% 92.81 3.23
s=4 0.2274 0.36 11.80 12.21% 10.25% 94.35 3.23
s=5 0.2899 0.34 13.47 11.22% 10.26% 104.83 3.22
s=6 0.2946 0.41 13.06 11.22% 10.19% 104.32 3.21
s=7 0.3324 0.34 13.79 10.35% 9.97% 109.44 3.21
s=8 0.3658 0.48 13.58 10.07% 10.01% 112.37 3.19
s=9 0.3689 0.46 13.85 10.25% 10.22% 112.48 3.18
s=10 0.4426 0.47 13.73 9.71% 10.05% 114.34 3.16

Real Data – 0.31 9.34 21.14% 8.53% – 3.39

A.4 USER STUDY ON TEMPLATE EMBEDDING SIMILARITY

To further validate the perceptual quality of our learned template embedding space, we conducted
a user study involving 40 participants, including both design professionals and non-experts. Each
participant was shown triplets of the form (x, x̃rand, x̃emb), where x is a reference template, x̃rand is
a randomly selected template from the Web-design dataset, and x̃emb is the most similar template to
x retrieved by our learned embeddings. Participants were asked to choose, based on their intuition,
which of x̃rand or x̃emb is more similar to x, considering both layout and image content.
Figure 10 shows three representative cases, with the Preference Rate on the right indicating how
often x̃emb was chosen over x̃rand. In Case 1, x̃emb was preferred 90% of the time, in Case 2 the
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Figure 9: Visualization of two samples under different guidance scales. From left to right: guidance
scale = 0, 1, and 3. The comparison shows how stronger occlusion guidance encourages layout
elements to avoid salient regions more consistently, resulting in cleaner and more readable templates.

rate was 77.5%, and in Case 3 it was 72.5%. Across all 20 triplets, x̃emb was chosen in 73.8% of
comparisons, demonstrating that our learned embeddings align well with human perception. These
results also suggest that the proposed TemplateFID metric is consistent with human judgments of
template similarity.

A.5 ADDITIONAL ABLATION: EFFECT OF COMMUNICATION RATIO η

To better understand how the choice of communication ratio η influences the denoising process, we
vary the proportion of timesteps in which the communication module is active. Here, η = 100%
means cross-attention is enabled throughout all denoising steps, while η = 0% disables the module
entirely. Intermediate values restrict communication to a partial portion of the denoising trajectory;
for example, η = 30% indicates that cross-modal exchange is only enabled during the first 30% of
the denoising steps. Table 6 reports the results across image- and layout level metrics, as well as
inference time.
Several interesting patterns emerge: (1) Disabling communication (η = 0%) yields the lowest FID
(19.32) and highest CLIP score (30.37), but at the cost of severe layout degradation. In particular,
occlusion (30.74%) and saliency ratio (21.37%) deviate significantly from real data (21.14% and
14.17%), indicating that the model prioritizes image realism but fails to achieve layout–image coor-
dination. (2) Excessive communication (η = 100%) produces layouts that are closer to real saliency
levels (14.31%), but degrades image FID (22.84) and increases overlap (15.18). This suggests that
constant cross-modal exchange may introduce noise and harm image fidelity. (3) Moderate com-
munication ratios (e.g., η = 30%–50%) strike a better balance. For instance, η = 30% achieves
near-optimal LayoutFID (0.15), the best alignment (0.31), and reduced overlap (11.98), while keep-
ing FID (19.57) and CLIP (29.79) competitive.
Inference time also decreases slightly as η is reduced (5.24s → 4.91s), but the effect is marginal
compared to the trade-offs in generation quality.
Overall, this study highlights that communication is most beneficial when applied selectively rather
than continuously. We adopt η = 30% as the default in our main experiments, as it consistently
improves layout coherence and template-level realism without sacrificing image quality.

A.6 DATASET

We conduct our experiments on the Web-design dataset Weng et al. (2024), which consists of around
50K web banner designs collected from real-world online shopping platforms. Each sample includes
a high-resolution background image, structured layout annotations (bounding boxes and element
types), and a product description that conveys information such as commercial purpose, theme, or
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Figure 10: User study examples. Each row shows one triplet: reference x (left), embedding-based
retrieval x̃emb (middle), and random retrieval x̃rand (right). The Preference Rate on the right shows
how often x̃emb was chosen by participants. Blue bounding boxes denote text regions, while red
bounding boxes denote button elements.

Setting Image Layout Inference Time
(s/template)FID↓ CLIP↑ Saliency Ratio LayoutFID↓ Align Overlap Occlusion Readability

η = 100% 22.84 27.97 14.31% 0.51 0.41 15.18 18.97% 13.38% 5.24
η = 70% 22.39 28.44 14.53% 0.36 0.37 14.41 18.94% 12.79% 5.17
η = 50% 21.66 28.42 14.34% 0.24 0.35 13.19 19.07% 12.37% 5.07
η = 30% 19.57 29.79 14.56% 0.15 0.31 11.98 19.30% 11.41% 5.01
η = 10% 19.45 29.87 19.07% 0.14 0.32 11.41 26.76% 13.27% 4.97
η = 0% 19.32 30.37 21.37% 0.16 0.38 12.87 30.74% 12.23% 4.91
Real Data – 27.5 14.17% – 0.31 9.34 21.14% 8.53% –

Table 6: Ablation study on different η values. For all metrics except CLIP and FID-related ones,
values closer to those calculated from real data indicate better performance. The last column reports
inference time per template. Best and second-best are bold and underlined, respectively.
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target audience. We use 41,270 samples (85%) for training, 2,427 samples (5%) for validation, and
4,856 samples (10%) for testing.

A.7 IMPLEMENTATION DETAILS OF THE DUALFLOW MODEL

Layout Prior. Each layout is represented as a sequence of up to 7 elements, where each element is
defined by five attributes: category, left coordinate, top coordinate, width, and height. We discretize
each attribute into 64 values by replacing raw coordinates with their nearest k-means cluster index.
Layouts with fewer than 7 elements are padded to a fixed length. Notably, only about 0.97% of
layouts in the dataset contain more than 7 elements.
Image Prior. For a fair comparison between our method, OpenCOLE, and Desigen, we use the
same SD-v1.4 backbone and set the output resolution to 512 × 512, consistent with Desigen (see
Figure 3). For the teaser and additional qualitative results in the supplementary material, we adopt
SD-v2.0 with an output resolution of 768× 768 (see Figure 1 and Figure 12).
We use a β-VAE to model the layout, with a latent size of 32. The VAE encodes layout tokens into
compact latent representations. For layout denoising, we adopt a transformer-based architecture
using DiT as the backbone. Specifically, our Layout LDM consists of 28 transformer blocks, each
with 8 attention heads and a query/key/value dimension of 512. This configuration enables the
model to effectively capture spatial dependencies and hierarchical structures across layout elements
during the denoising process.
Communication Module. In the joint modeling stage, we introduce a communication module that
facilitates feature exchange between the layout and image backbones. Specifically, we extract multi-
scale image features from the second and third downsampling blocks as well as the middle block
of the image U-Net, and layout features from the 20th transformer block of the layout diffusion
model. Cross-attention is performed in both directions: layout features attend to image features to
incorporate visual context, while image features attend to layout representations to integrate struc-
tural information. The attended features are then fused back into their respective backbones through
residual connections. During this stage, both the pre-trained layout diffusion model and image back-
bone are kept frozen, and only the communication module is updated.
Inference Details. During inference, we use a DDIM sampler for the layout backbone and a DDPM
sampler for the image backbone, each with 50 sampling steps. The communication module is en-
abled only after step 700 (corresponding to η = 30% of the denoising trajectory) to facilitate cross-
modal information exchange. In addition, occlusion-avoidance guidance is applied between steps
200 and 800 to steer layout elements away from salient background regions.

A.8 TRAINING DETAILS

Our training pipeline consists of two main stages: (1) Building Domain-specific Priors, which
includes pretraining the layout VAE, training the Layout LDM, and fine-tuning Stable Diffusion;
and (2) Training the Joint Model, which focuses on learning the cross-domain communication
module. All experiments are conducted on an NVIDIA A40 GPU with 48GB memory.

Stage 1: Building Domain-specific Priors.
• Layout VAE Training. We employ a β-VAE Higgins et al. (2017) to encode layouts into latent

representations. The β coefficient is set to 5 × 10−4 to find a sweet spot between reconstruction
accuracy and latent disentanglement.

• Layout LDM Training. The layout diffusion model is trained to model the distribution of latent
layouts. We use a batch size of 4096 and train for 1000 epochs with a learning rate of 1× 10−4.

• Stable Diffusion Fine-tuning. To ensure fair comparison with Desigen Weng et al. (2024), the
previous state-of-the-art method, we fine-tune the Stable Diffusion model on the corresponding
dataset. The model is trained for 100 epochs with a batch size of 8 and a learning rate of 1×10−5.

Stage 2: Training the Joint Model.
• Cross-Domain Communication Module. The feature exchange module is trained independently to

facilitate information transfer between the layout and image domains. The model is trained for 20
epochs with a batch size of 20 and a learning rate of 1× 10−4.

Optimization. All training stages adopt the AdamW optimizer with β1 = 0.9, β2 = 0.999, and a
weight decay of 1× 10−2. The learning rate schedule follows a cosine decay strategy.
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Figure 11: Architecture of the template autoencoder (TemplateAE). The frozen domain-specific en-
coders EI and EL map image and layout to latent space. The concatenated embeddings are processed
through template encoder ET to produce unified design latent zT , which is then decoded by template
decoder DT and two MLPs to reconstruct image latent and layout logits.

A.9 IMPLEMENTATION DETAILS OF OCCLUSION AVOIDANCE GUIDANCE

We define a loss function for occlusion avoidance to guide the layout generaition process. Specif-
ically, given the predicted image noise ϵ̂It , we compute a clean image latent ẑI0 analytically using
the forward process margin distribution q(zIt |zI0), decode it into an image DI(ẑ

L
0 ), and compute a

saliency map S = fsal(DI(ẑ
L
0 )) using an off-the-shelf saliency detector fsal. Then, we compute a

clean layout latent ẑL0 from the predicted layout noise ϵ̂Lt with q(zLt |zL0 ), and decode it into a layout
DI(ẑ

L
0 ). The occlusion avoidance loss Locc is computed as the average saliency value within the

decoded layout elements on S. Let {bi}Bi=1 be a set of decoded element bounding boxes. Locc is
written as:

Locc =
1

B

B∑
i=1

1

Ai
Mbi ⊙ S, (8)

where Mbi
is a soft mask for bi with higher values at locations within bi, and Ai is the area of bi.

Since the decoded layout elements has discrete bounding box parameters, to make Locc differen-
tiable, we convert them into continuous ones by estimating each continuous parameter as a weighted
sum of all quantization bin centers for the parameter, where the weights are predicted probabilities
over all the bins. We denote by bi = (xi, yi, wi, hi) ∈ R4 the estimated continuous bounding box
parameters of i-th element, where (xi, yi) denotes the top-left location, and wi and hi are, respec-
tively, the width and height. From bi, we compute the top-left coordinates (xli, y

t
i) and the bottom-

right coordinates (xri , y
b
i ) of the bounding box. The soft mask Mbi

is computed in differentiable
manner, with the value at position (x, y):

Mbi
(x, y) = σ(λ(x− xli))× σ(λ(xri − x))

× σ(λ(y − yti))× σ(λ(ybi − y)),
(9)

where σ(·) is the sigmoid function. λ is set to 40.

A.10 TEMPLATEAE ARCHITECTURE DETAILS

To enable holistic evaluation of design templates, we train a template autoencoder (TemplateAE)
to extract joint image-layout embeddings. As shown in Figure 11, given a background image XI

and layout XL, they are first mapped to latent space through frozen domain-specific encoders EI
and EL to obtain zI = EI(X

I) and zL = EL(X
L). These embeddings are concatenated and pro-

cessed through a template encoder ET to produce a unified design latent zT . Subsequently, zT is
combined with cosine position embeddings and fed into a template decoder DT , followed by two
separate MLPs that reconstruct the respective domain outputs: image latent ẑI and layout logits
ẑL ∈ RN×dL×V . During training, we freeze EI and EL and only optimize ET , DT , and the MLPs.
The training objective on the Web-design train split combines reconstruction losses for both modal-
ities:

Lrec = γ
(
1− zI · ẑI

∥zI∥∥ẑI∥
)
+

N∑
i=1

V∑
j=1

−XL
i,j log(Ẑ

L
i,j) (10)
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where the first term measures image latent reconstruction quality and the second term evaluates
layout prediction accuracy. γ is the balance factor that makes the two terms in comparable scale, in
our experiment we choose γ = 5.0.

A.11 ADDITIONAL RESULTS

Figure 12 presents additional design templates generated by our model. The first three rows cor-
respond to results produced without applying the occlusion-aware guidance (OAG), while the last
two rows show results generated by our model with OAG enabled using a guidance scale of 3. This
comparison illustrates how the proposed guidance further improves spatial arrangement by steering
layout elements away from salient regions in the background, leading to cleaner and more readable
templates.

A.12 GPT-4V-BASED EVALUATION PROTOCOL FOR DESIGN TEMPLATES

Quality Assurance Prompt for GPT-4V (Vision)

You are an autonomous AI Assistant who aids designers by providing insightful, objective, and
constructive critiques of graphic design templates.
Your goals are: Deliver comprehensive and unbiased evaluations of design templates based on
established layout principles and UI/UX best practices. Identify potential areas for improve-
ment and suggest actionable feedback to enhance the overall usability and visual clarity of the
template. Maintain a consistent and high standard of critique.
Utilize coordinate information for data description relative to the upper-left corner of the image,
with the upper-left corner serving as the origin, the right as the positive x-axis, and downward
as the positive y-axis.
Please abide by the following rules: Strive to score as objectively as possible. Grade seriously.
A flawless design template can earn 10 points, a mediocre one can only earn 7 points, a template
with obvious shortcomings can only earn 4 points, and a very poor template can only earn 1–2
points. Keep your reasoning concise when rating, and describe it as briefly as possible.
Grading criteria:
• Layout Structure and Readability (1–10): The layout should be logically organized and vi-

sually balanced. Bounding boxes should follow a coherent visual hierarchy, avoid overlap or
crowding, and support natural reading flow. A 10 indicates a clean and clear layout that max-
imizes clarity and usability; a 1 indicates poor structure, chaotic arrangement, or unreadable
positioning.

• Content Role Allocation and Semantics (1–10): The semantic use of bounding boxes should
match their intended UI/UX roles. A score of 10 means perfect role placement and function;
a 1 indicates confusing or inappropriate usage.

• Layout Adaptability and Spatial Logic (1–10): Bounding boxes should be well-aligned,
proportionally distributed, and adaptable to different content lengths or screen sizes. A score
of 10 indicates a layout with strong structural consistency and high reusability; a 1 reflects
disorganized, rigid, or easily breakable layouts.

• Visual Balance and Composition with Background (1–10): The layout and background
image should be harmoniously integrated. The background must not cause excessive occlusion
of key layout elements and should support overall visual clarity. A score of 10 indicates strong
compositional balance and minimal interference; a score of 1 reflects disruptive overlap or
poor visual coordination.

• Prompt Alignment and Background Aesthetics (1–10): The generated template should
accurately reflect the content and intent of the input prompt, including not just the layout
and elements but also the aesthetic quality and appropriateness of the background image. A
score of 10 indicates that the design closely aligns with the user’s expectations and prompt
semantics, and the background is visually pleasing and well-integrated; a score of 1 reflects
a major mismatch with the prompt or a background that is distracting, irrelevant, or poorly
composed.
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Figure 12: Additional design template samples generated by our model. Each result consists of
a synthesized background image and an overlaid layout composed of multiple element categories.
Bounding box colors indicate element types: red boxes denote buttons, white boxes denote text,
and yellow boxes denote underlays. These visualizations demonstrate the model’s ability to jointly
generate coherent backgrounds and structured layouts with semantically meaningful role allocations
and clear spatial organization.
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