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{yumeng.li, dan.zhang2, anna.khoreva}@de.bosch.com
keuper@uni-mannheim.de

Project page: https://yumengli007.github.io/ALDM

ABSTRACT

Despite the recent advances in large-scale diffusion models, little progress has
been made on the layout-to-image (L2I) synthesis task. Current L2I models either
suffer from poor editability via text or weak alignment between the generated im-
age and the input layout. This limits their usability in practice. To mitigate this, we
propose to integrate adversarial supervision into the conventional training pipeline
of L2I diffusion models (ALDM). Specifically, we employ a segmentation-based
discriminator which provides explicit feedback to the diffusion generator on the
pixel-level alignment between the denoised image and the input layout. To encour-
age consistent adherence to the input layout over the sampling steps, we further
introduce the multistep unrolling strategy. Instead of looking at a single timestep,
we unroll a few steps recursively to imitate the inference process, and ask the
discriminator to assess the alignment of denoised images with the layout over a
certain time window. Our experiments show that ALDM enables layout faithful-
ness of the generated images, while allowing broad editability via text prompts.
Moreover, we showcase its usefulness for practical applications: by synthesizing
target distribution samples via text control, we improve domain generalization of
semantic segmentation models by a large margin (∼12 mIoU points).
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Figure 1: In contrast to prior L2I synthesis methods (Xue et al., 2023; Zhang & Agrawala, 2023),
our ALDM model can synthesize faithful samples that are well aligned with the layout input, while
preserving controllability via text prompt. Equipped with these both valuable properties, we can
synthesize diverse samples of practical utility for downstream tasks, such as data augmentation for
improving domain generalization of semantic segmentation models.
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1 INTRODUCTION

Layout-to-image synthesis (L2I) is a challenging task that aims to generate images with per-pixel
correspondence to the given semantic label maps. Yet, due to the tedious and costly pixel-level
layout annotations of images, availability of large-scale labelled data for extensive training on this
task is limited. Meanwhile, tremendous progress has been witnessed in the �eld of large-scale
text-to-image (T2I) diffusion models (Ramesh et al., 2022; Balaji et al., 2022; Rombach et al.,
2022). By virtue of joint vision-language training on billions of image-text pairs, such as LAION
dataset (Schuhmann et al., 2022), these models have demonstrated remarkable capability of synthe-
sizing photorealistic images via text prompts. A natural question is: can we adapt such pretrained
diffusion models for the L2I task using a limited amount of labelled layout data while preserving
their text controllabilityandfaithful alignment to the layout? Effectively addressing this question
will then foster the widespread utilization of L2I synthetic data.

Recently, increasing attention has been devoted to answer this question (Zhang & Agrawala, 2023;
Mou et al., 2023; Xue et al., 2023). Despite the efforts, prior works have suffered to �nd a good
trade-off between faithfulness to the layout condition and editability via text, which we also empir-
ically observed in our experiments (see Fig. 1). When adopting powerful pretrained T2I diffusion
models, e.g., Stable Diffusion (SD) (Rombach et al., 2022), for L2I tasks, �ne-tuning the whole
model fully as in (Xue et al., 2023) can lead to the loss of text controllability, as the large model
easily over�ts to the limited amount of training samples with layout annotations. Consequently, the
model can only generate samples resembling the training set, thus negatively affecting its practical
use for potential downstream tasks requiring diverse data. For example, for downstream models
deployed in an open-world, variety in synthetic data augmentation is crucial, since annotated data
can only partially capture the real environment and synthetic samples should complement real ones.

Conversely, when freezing the T2I model weights and introducing additional parameters to accom-
modate the layout information (Mou et al., 2023; Zhang & Agrawala, 2023), the L2I diffusion mod-
els naturally preserve text control of the pretrained model but do not reliably comply with the layout
conditioning. In such case, the condition becomes a noisy annotation of the synthetic data, under-
mining its effectiveness for data augmentation. We hypothesize the poor alignment with the layout
input can be attributed to the suboptimal MSE loss for the noise prediction, where the layout infor-
mation is only implicitly utilized during the training process. The assumption is that the denoiser
has the incentive to utilize the layout information as it poses prior knowledge of the original image
and thus is bene�cial for the denoising task. Yet, there is no direct mechanism in place to ensure
the layout alignment. To address this issue, we propose to integrateadversarial supervision on the
layout alignment into the conventional training pipeline ofL2I diffusion models, which we name
ALDM. Speci�cally, inspired by Sushko et al. (2022), we employ a semantic segmentation model
based discriminator, explicitly leveraging the layout condition to provide a direct per-pixel feedback
to the diffusion model generator on the adherence of the denoised images to the input layout.

Further, to encourage consistent compliance with the given layout over the sampling steps, we pro-
pose a novel multistep unrolling strategy. At inference time, the diffusion model needs to consecu-
tively remove noise for multiple steps to produce the desired sample in the end. Hence, the model
is required to maintain consistent adherence to the conditional layout over the sampling time hori-
zon. Therefore, instead of applying discriminator supervision at a single timestep, we additionally
unroll backward multiple steps over a certain time window to imitate the inference time sampling.
This way the adversarial objective is designed over a time horizon and future steps are taken into
consideration as well. Enabled by adversarial supervision over multiple sampling steps, our ALDM
can effectively ensure consistent layout alignment, while maintaining initial properties of the text
controllability of the large-scale pretrained diffusion model. We experimentally show the effective-
ness of adversarial supervision for different adaptation strategies (Mou et al., 2023; Qiu et al., 2023;
Zhang & Agrawala, 2023) of the SD model (Rombach et al., 2022) to the L2I task across different
datasets, achieving the desired balance between layout faithfulness and text editability (see Table 1).

Finally, we demonstrate the utility of our method on the domain generalization task, where the se-
mantic segmentation network is evaluated on unseen target domains, whose samples are suf�ciently
different from the trained source domain. By augmenting the source domain with synthetic images
generated by ALDM using text prompts aligned with the target domain, we can signi�cantly en-
hance the generalization performance of original downstream models, i.e.,� 12mIoU points on the
Cityscapes-to-ACDC generalization task (see Table 4).
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In summary, our main contributions include:

• We introduce adversarial supervision into the conventional diffusion model training, im-
proving layout alignment without losing text controllability.

• We propose a novel multistep unrolling strategy for diffusion model training, encouraging
better layout coherency during the synthesis process.

• We show the effectiveness of synthetic data augmentation achieved via ALDM. Bene�ting
from the notable layout faithfulness and text control, our ALDM improves the generaliza-
tion performance of semantic segmenters by a large margin.

2 RELATED WORK

The task of layout-to-image synthesis (L2I), also known as semantic image synthesis (SIS), is to
generate realistic and diverse images given the semantic label maps, which prior has been studied
based on Generative Adversarial Networks (GANs) (Wang et al., 2018; Park et al., 2019; Wang
et al., 2021; Tan et al., 2021; Sushko et al., 2022). The investigation can be mainly split into two
groups: improving the conditional insertion in the generator (Park et al., 2019; Wang et al., 2021;
Tan et al., 2021), or improving the discriminator's ability to provide more effective conditional su-
pervision (Sushko et al., 2022). Notably, OASIS (Sushko et al., 2022) considerably improves the
layout faithfulness by employing a segmentation-based discriminator. However, despite good lay-
out alignment, the above GAN-based L2I models lack text control and the sample diversity heavily
depends on the availability of expensive pixel-labelled data. With the increasing prevalence of dif-
fusion models, particularly the large-scale pretrained text-to-image diffusion models (Nichol et al.,
2022; Ramesh et al., 2022; Balaji et al., 2022; Rombach et al., 2022), more attention has been de-
voted to leveraging pretrained knowledge for the L2I task and using diffusion models. Our work
falls into this �eld of study.

PITI (Wang et al., 2022) learns a conditional encoder to match the latent representation of
GLIDE (Nichol et al., 2022) in the �rst stage and �netune jointly in the second stage, which un-
fortunately leads to the loss of text editability. Training diffusion models in the pixel space is ex-
tremely computationally expensive as well. With the emergence of latent diffusion models, i.e., Sta-
ble Diffusion (SD) (Rombach et al., 2022), recent works (Xue et al., 2023; Mou et al., 2023; Zhang
& Agrawala, 2023) made initial attempts to insert layout conditioning into SD. FreestyleNet (Xue
et al., 2023) proposed to rectify the cross-attention maps in SD based on the label maps, while it also
requires �ne-tuning the whole SD, which largely compromises the text controllability, as shown in
Figs. 1 and 4. On the other hand, OFT partially updates SD, T2I-Adapter (Mou et al., 2023) and
ControlNet (Zhang & Agrawala, 2023) keep SD frozen, combined with an additional adapter to ac-
commodate the layout conditioning. Despite preserving the intriguing editability via text, they do
not fully comply with the label map (see Fig. 1 and Table 1). We attribute this to the suboptimal
diffusion model training objective, where the conditional layout information is only implicitly used
without direct supervision. In light of this, we propose to incorporate the adversarial supervision
to explicitly encourage alignment of images with the layout conditioning, and a multistep unrolling
strategy during training to enhance conditional coherency across sampling steps.

Prior works (Xiao et al., 2022; Wang et al., 2023b) have also made links between GANs and diffusion
models. Nevertheless, they primarily build upon GAN backbones, and the diffusion process is
considered as an aid to smoothen the data distribution (Xiao et al., 2022), and stabilize the GAN
training (Wang et al., 2023b), as GANs are known to suffer from training instability and mode
collapse. By contrast, our ALDM aims at improving L2I diffusion models, where the discriminator
supervision serves as a valuable learning signal for layout alignment.

3 ADVERSARIAL SUPERVISION FORL2I D IFFUSION MODELS

L2I diffusion model aims to generate images based on the given layout. Its current training and
inference procedure is inherited from unconditional diffusion models, where the design focus has
been on how the layout as the condition is fed into the UNet for noise estimation, as illustrated in
Fig. 2 (A). It is yet under-explored how to enforce the faithfulness of L2I image synthesis via direct
loss supervision. Here, we propose novel adversarial supervision which is realized via 1) a semantic
segmenter-based discriminator (Sec. 3.1 and Fig. 2 (B)); and 2) multistep unrolling of UNet (Sec. 3.2
and Fig. 2 (C)) to induce faithfulness already from early sampling steps and consistent adherence to
the condition over consecutive steps.
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